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Abstract 

The present document collects the main outcomes and most of the works presented during the 10th 
International Symposium on Transportation Data and Modelling (ISTDM2023), held in Ispra (IT) on 19-21 June 
2023. The Symposium was attended by almost 200 participants from 35 different countries from all around 
the world. The program included three introductory presentations from the ISTDM steering and organizing 
committees, four key-note speeches, a science-meets-policy-and-industry panel discussion, nine presentations 
about relevant European initiatives and fourteen parallel sessions to present the works submitted to the 
Symposium. The challenges posed by transport and mobility to our society call for a better capability to model 
the transport system and anticipate the impact that new policies, technologies and business models may have 
on its efficiency and the externalities that it produces. At the same time an unprecedent amount of data is 
being made available and gives the opportunity to understand transport dynamics as never has been possible 
hitherto. These two converging factors call for the development of new generations of transport models and 
data-driven tools. ISTDM2023 has offered an important opportunity to share new ideas and perspectives in this 
direction. 
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Foreword 

Transport is one of the main pillars of our society. The ubiquitous availability of transport opportunities and the 
possibility to quickly reach almost anywhere  in the world has fuelled and sustained globalisation and the 
unprecedented economic growth of the last century. But modern transport has had wider social effects beyond 
providing seamless and effective mobility. The rise of the car has given birth to ‘the automotive city’ and has 
transformed public space as well as becoming symbolic of social aspiration and status. The development of the 
mass production and consumption economic model has gone hand-in-hand with the revolution in vehicle 
production processes. As a result, any substantial changes in the transport system can have a big knock-on 
effect on our economic and social systems, especially if we consider that sectors linked to road transport 
account for about 15% of European Gross Value Added and 10% of European employment. 

Yet the sector is following an unsustainable pathway. Productivity losses due to delay and congestion account 
for approximately 1-2% of EU GDP, not to mention the 26.000 deaths and the 1 million injured on Europe’s 
roads. Yet, road transport and domestic heating are the two main sources of poor air quality in European cities 
and Road transport is the second largest source of greenhouse gases in Europe. It’s also the only main source 
whose emissions are increasing. Achieving our sustainable development goals requires addressing the 
challenges posed by the transport system as a whole and by road transport in particular.  

Figure 1. Main challenges posed by road transport 

 

This is no easy task: policy makers face the challenge of having to act on a sector to reduce its externalities 
while at the same time preserving the economic model it sustains. In other terms, transport policies have a 
bearing on many, often conflicting, interests, as can be seen from the heated debates that accompany almost 
all decisions concerning transportation. It is therefore no surprise that high-level strategic actions aimed at 
regulating road transport usually advocate the deployment of innovative technological solutions that can 
contribute to cope with both objectives.  

The problem is that the intrinsic complexity of the transport system makes it extremely difficult to anticipate 
the implications of deploying new technologies and solution that may appear highly beneficial may in reality 
worsen the situation and turn the system in an even more unsustainable path.  

The limited reliably of the models and tools available to anticipate the effect of policies, technologies and social 
trends is very much linked to the historical difficulty to gather data of sufficient quality and granularity about 
transport and mobility dynamics. But the situation is gradually changing. The unprecedent amount of 
information that are being increasingly made available combined with the urgency to act on the transport 
system and make it safer, more efficient and more sustainable call the scientific community to develop new 
instruments able to deliver with the needed accuracy.  

We have a long way to go to achieve this though and having fora where to discuss, exchange ideas, propose 
new approaches becomes extremely important. This is why when we had the opportunity to host the 10 th edition 
of the International Symposium on Transportation Data and Modelling, we considered it a perfect opportunity 
to contribute to this process and we applied for it. Fortunately the steering committee liked the proposal and 
we succeeded to bring ISTDM to Ispra. The rest is history. 

Biagio Ciuffo, European Commission Joint Research Centre 
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Introduction 
The 10th International Symposium on Transportation Data and Modelling (ISTDM) was organized at the Ispra 
premises of the European Commission Joint Research Centre (Italy) on June 19-21 2023. 

The symposium aimed at discussing processes and challenges to properly model and manage future transport 
systems in a context of great transformations. 

The convergency of technological, social and political trends (e.g. connectivity, automation, electrification, 
quantum computing, blockchains, new vehicle concepts, new social attitudes towards the provision and 
consumption of transport opportunities, new policy actions to fight or adapt to the climate change) provides the 
opportunity to rethink the transportation system to make it safer, cleaner, more efficient and more equitable in 
the coming decades. 

Whether this opportunity will materialise or not will however strongly depend on the capability of policy, 
industry, academia and citizens to work together towards a common goal. Will our society be apt to the 
challenge? The role of the scientific community in this process will be crucial. Decision-making to tackle climate-
change and fighting against the Covid-19 pandemics have both counted on the evidence provide and the tools 
made available by the scientific community. The same must happen in the transport sector otherwise the risk 
to lose the one in a century opportunity to disrupt it will likely be lost. 

In order to drive the transformation of the transport sector models and data are needed on the one hand to 
anticipate possible impacts of new mobility solution, and on the other hand to define the requirements of the 
future transport system to achieve the sustainable development goals set by our society. In particular, 
approaches to manage the ever increasing transport complexity in urban contexts with the interaction between 
traditional services any new mobility options are very much needed. 

Conference format 

During the four days of the Symposium, 200 among scientists, policy makers, representative of private 
companies from 35 different countries, met to discuss the latest advancement in the field of transport data 
and modelling as well as future perspectives on the subject. 

The main topics discussed during the Symposium were related to : 

 Data collection and processing; 

 Innovative research methodologies; 

 Challenges in urban mobility modelling; 

 Challenges in extra-urban transport modelling. 

To get an overall understanding of the state of the research on the different topics parallel sessions were 
organised including 110 presentations, selected on the basis of extended abstracts submitted at the beginning 
of 2023. Among the selected abstracts, those expressing explicit consent are part of the present booklet. 

In addition to the parallel sessions, plenaries with four key-note speeches, one panel discussion and nine 
presentations concerning relevant EU initiative completed the program3. In the next sections some information 
on the content of the plenary sessions are provided before presenting the abstracts submitted to the 
Symposium for presentation during the parallel scientific sessions. 

  

                                                        

 

3 More details on the ISTDM program can be found online at: https://joint-research-centre.ec.europa.eu/events/istdm2023-2023-06-19_en 

https://joint-research-centre.ec.europa.eu/events/istdm2023-2023-06-19_en
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Setting the scene 
ISTDM 2023. Continuing the series on transportation data and modelling  

by M. Kuwahara (Tohuku University, JP) and J. Barceló (Universitat Politècnica de Catalunya, ES) 

The presentation started by recalling the origins and evolution of the meeting, back in 2002 when Prof. 
Kuwahara and the late Prof. R. Kitamura organized in Yokohama the first meeting of what was initially called 
the “International Symposium on Transport Simulation.” In 2008, it was considered that the availability of traffic 
data for model building and for model calibration and validation was a topic that deserved special attention. 
Therefore, Prof. Kuwahara and Prof. Barceló organized in 2008 in Barcelona an International Workshop on 
Traffic Data Collection and its Standardization.  

Both meetings were held independently, but it became evident soon that, due to the strong dependencies 
between the main topics of both conferences and the high overlapping of the audiences, it would be better to 
cooperate, and therefore, in 2021, both meetings merged into a unique meeting addressing data and models. 
That originated the current “International Symposium on Transportation Data and Modelling.”  

 

After this historical reminder, the presentation offered a synthetic view of the main areas of research and 
application that the issues of the symposia have covered (Figure 1). 

Using the term “Transportation” instead of “Traffic” to name the symposium was needed to convey the idea 
that the objectives were extensive and not restricted to particular areas. 

After this overview of the origins and trajectory of the symposium, the speakers exposed some thoughts about 
potential issues for future events in light of the societal and technological changes affecting the transportation 
world, highlighting which have already made a presence in our series of symposia and which appear still 
underrepresented If not missing.  

Examples of emerging topics in our meetings are Mobility as a Service, micromobility, electric vehicles, 
connected vehicles, autonomous vehicles, etc. It becomes evident since Jeju meeting the increasing number of 
papers presented which deal with these topics. However, in the case of connected and autonomous vehicles, 
the approaches took a look more at the reformulation of traffic flow theory to deal with the new reality than in 
attempts to reflect in the model other aspects, i.e., those concerning their social implications, or their 
contribution to sustainability considering the life cycle of the technology. 

Figure 2. Research areas, topics, and applications object of the symposium 
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These thoughts were complemented by a few considerations regarding the other substantial component of our 
symposium: the data. A simulation output substantially depends on the input data and user behaviors such as 
route, departure time (=dynamic OD), and mode choices. For instance, when an incident happens, or a new policy 
is introduced, how do people change their routes, trip times, and modes? To overcome this problem, we need 
data continuously and may try to use the data-driven approach more.  

And getting to this point, the speakers commented on the risks of data-driven approaches. Conventionally, we 
have modeled user choice behaviors based on the observed data and the developed models plugged into a 
simulator. However, since more data become available and learning technologies have been well developed, a 
rising trend considers that a simulator may simulate our behaviors directly from the observed data without 
mathematical modeling.    

However, we warned that the data-driven approach holds the risk of being purely predictive and not descriptive. 
We may lose the reasoning on traffic condition changes and have difficulty understanding the cause-and-effect 
relationship. On the contrary a model, in general, formally organizes what we know, or we think we know, about 
a system to predict how it might behave in the present, future or past, as well as how it might respond to 
external influence.  

To conclude the introductory speech of the Symposium, presenters suggested some of the future trends that 
can determine the urban Mobility of the future. If it is fundamentally determined by technology (Autonomous 
and Connected Vehicles, Electric Vehicles, Information and Communication Technologies, ICT), then to inquire 
about the future of Mobility, we need models that consider how those technologies configure it and 

which effects they will have. That approach Implicitly assumes that technology will be used to do the same 
things differently. However, suppose other non-technological factors, such as urban forms, will have a relevant 
influence on shaping Mobility. In that case, asking ourselves about its future requires asking ourselves How 
cities and the dependencies between Mobility, urban forms, and transport systems will evolve. It assumes using 
technology to do different things, for example: telecommuting, the 15-minute city, etc. Then: We need other 
types of models. Which ones? 

To answer this question it is necessary to i) put more focus on people rather than on vehicles, and ii) overcome 
the limitation of current traffic simulators, which are mostly used to reproduce traffic conditions but do not 
simulate pedestrians and public transport simultaneously, in agreement with the original objectives of this 
series of symposia.  

Panel discussion. Driving the transformation in transport: what models, data, 

technologies and governance? 

Moderator: D. McGarry (European Commission JRC, EU).  

The objective of this panel discussion is provide a source of inspiration for attendees to prepare their future 
research plans. The invited panelists were therefore tasked to provide some future perspectives on the expected 
evolution of transport and mobility as well as on the challenges ahead. To this aim the panel was composed by 
the following list of transport experts coming from different organizations, countries and roles:  

1. L. Castiglioni, Federal Department of the Environment, Transport, Energy and Communications (CH) 
2. H. Cornet, UITP (BE) 
3. R. Liu, University of Leeds (UK) 
4. G. Menzel, Federal Ministry for Climate Action, Environment, Energy, Mobility, Innovation and 

Technology (AT) 
5. R. Shliselberg, Ayalon Highways (IL) 
6. E. Silani, e-Novia (IT) 
7. T. Victor, Waymo (US)  

To stimulate their reflections, panelists were provided with the following questions: 

· “Please provide a vision on how you expect or would like transport to evolve in the next decades” 
· “According to the vision you have just provided, what is the impact that you would expect on:” 

o “Emissions and energy consumption” (to speakers 1, 2, and 3) 
o “Number of accidents” (to speakers 5 and 7) 
o “Congestion and traffic efficiency” (to speakers 4 and 6) 

· “As we know a change in the transport sector has impacts going beyond the business of going around 
and touching the choices we make in our lives (here for example you can mention what happened in 
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the NL with eBikes and the possibility to use the bike for longer, etc.). This makes transport so complex 
and makes it also difficult to foresee the effect of policies applied to it.  So my question to the panel 
is how can we ensure that the visions that you have described achieve the effects that you expect.” 

· “Some people argue that new technologies may actually contribute to make the personal car even 
more appealing. What is your opinion on this and how can we avoid this potential negative effect?” 

 

 
 

A very animated discussion lasted 75’ and touched an impressive number of topics. A shared vision of how 
transport and mobility will/should evolve in the decades ahead did not emerge given the different perspectives 
and the complexity of the topic. However it was a common view that to shape policies able to properly cope 
with the complexity of the transport sector it will be crucial to i) take advantage from the ever-

increasing amount, quality and granularity of available data, ii) to develop holistic models able to explicitly 
capture the links between the transport and the other societal systems and iii) to break the silos between the 
transport community and other disciplines. These were all important messages for the ISTDM community. 

A second important point raised by the majority of the panelists is that it will be extremely hard to achieve 
transport carbon neutrality in the next decades by acting on the supply (namely on vehicles and both physical 
and digital infrastructure) only without touching the demand (“the most sustainable mobility is the one that is 
avoided”). The narrative that technological development can sustain an ever-increasing transport 

demand should be questioned as soon as possible if we want to avoid that transport will remain one of 
the non-carbon neutral sectors. Modal shift to active modes and a better integration between transport and 
land-use planning aimed at rationalizing the need for going around by car should be pursued with priority. 
Models able to properly capture the effect of mobility policies on overall energy consumption and greenhouse 
gas emissions will be very important. 

Linked to the previous points, a further “diversification” of transport options was proposed as a 
tendency for the future to take into account. In the last decade we have already observed the introduction of 
new types of mobility solutions, such as e-bikes, scooters, shared mobility, etc. The call to better use the 
available resources will lead to both new types of vehicles (smaller/modular) and to systems able to 
maximize the occupancy of existing ones (both via enhanced traffic management taking advantage of a 
future widespread connectivity to nudging more sustainable/virtuous behaviors). New models will need to be 
developed to understand their impact both on traffic flow and on the demand for their adoption. 

Among the new topics in ISTDM2023, safety emerged clearly. This was reflected also during the panel 
discussion. The safety of new technologies introduced in the transport field is a fundamental prerequisite for 
their large-scale deployment. From automated vehicles to droids, from drones to hyperloop systems there is no 
question that safety assurance will play a major enabling role, but also thinking that these systems can be 
deployed only when they zero the risk is unfeasible as some of the risks will be visible only when full deployment 
will be available (the unknown unknowns). To help the process, the availability of data on the safety 

performance of the new systems from when they start the first pilots to when the achieve sufficient maturity, 
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and of models able to link traffic scenarios with robust accident probabilities can certainly play an 
important role. 

The last point that also emerged about the mobility of the future concerns equity. The transport system cannot 
evolve without taking into account the needs of different parts of the society, different locations (urban versus 
rural) as well as the different requirements that different mobility reasons have (from commuting, to leisure, 
to shopping, up to tourism different mobility paradigms emerge). The promotion of a people-centric 
mobility cannot remain a political slogan, but it’s a concept to operationalize. Living labs and other 
forms of participatory innovation have to be taken into serious account in order to design a system that is really 
more sustainable and more equitable. On this subject, the work of the community has been still limited and 
certainly more could be done to cover this dimension as well. 
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Key-note speeches 
On the two central days of the Symposium, four authoritative key-note speakers enriched the program with 
their inspirational talks about new trends in data collection and modelling. The points of discussion they 
generated kept busy the audience during all the social events included in the program. A summary of their 
content is presented hereafter following the order in which they were presented. 

The I-24 MOTION Open-Road Test Bed 

by D. Work and D. Gloudemans (Vanderbilt University, US) 

This presentation introduced the I-24 MOTION open road testbed led by the Tennessee Department of 
Transportation on Interstate 24 near Nashville, TN. The purpose of the testbed is to provide an open road 
experimental facility for testing traffic management and automated vehicle technologies in real freeway traffic. 
The testbed consists of pole-mounted 4K resolution video cameras providing uninterrupted coverage of the 
roadway. Video data is processed into vehicle trajectories for all vehicles passing through the testbed. The 
current length of the testbed is approximately 4 miles long and contains 294 cameras. Testbed specifications, 
hardware, and design decisions were discussed, as well as the future of the testbed construction. 

Urban transportation systems: What are the contributions of the trip-based MFD 

simulation framework 

by L. Leclercq (Gustave Eiffel University, FR, and Technical University of Delft, NL) 

This presentation focused on modelling urban traffic dynamics with Network Macroscopic Fundamental 
Diagrams (MFD). Recent developments in MFD simulation propose two general formulations that can both be 
applied to multi-reservoir systems. The first is the classical accumulation-based formulation when traffic 
dynamics in each reservoir is governed by a conservation equation. The second is the more recently developed 
trip-based formulation when vehicle trips have individual lengths but share a single time-dependent mean 
speed in each region. The integration of multiclass extensions (mainly to represent public transport) is also 
presented with a particular focus on the resulting traffic dynamics at the reservoir boundaries. The question of 
MFD model calibration is then addressed considering two central questions: (i) the regional trip-length 
estimation and (ii) the scaling of observations to determine the vehicle accumulations and travel productions. 
Several applications are discussed in the end: validation of the multi-reservoir setting for the city of Lyon, 
optimization of ride-sharing services, demand-management through tradable credit schemes, optimal routing 
at the city scale, etc. 
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Learning and Control for Emerging Mobility Systems 

by Andreas A. Malikopoulos (University of Delware, US) 

Emerging mobility systems, such as connected and automated vehicles (CAVs) or shared mobility options, are 
typical cyber-physical systems (CPS) representing systems of subsystems with an informationally decentralized 
structure. To derive optimal control strategies for such systems, we typically assume an ideal model. However, 
such model-based control approaches cannot effectively facilitate optimal solutions with performance 
guarantees due to the discrepancy between the model and the actual system. On the other hand, in most CPS 
there is a large volume of dynamic data that is added to the system gradually in real time and not altogether 
in advance. Thus, traditional supervised learning approaches cannot always facilitate robust solutions using 
data derived a priori. By contrast, applying reinforcement learning approaches directly to the actual CPS might 
impose significant implications on safety and robust operation of the system. A new framework founded at the 
intersection of control theory and learning can circumvent these challenges. In this framework, we aim to 
identify a sufficient information state for the CPS that takes values in a time-invariant space and use this 
information state to derive separated control strategies. By establishing separated control strategies, we can 
derive offline the optimal control strategy of the system with respect to the information state, which might not 
be precisely known due to model uncertainties or the complexity of the system, and then use learning methods 
to learn the information state online while data are added gradually to the system in real time. This approach 
could effectively facilitate optimal solutions with performance guarantees in a wide range of emerging mobility 
systems. 

Traffic flow as a complex system 

by J. Laval (Georgia Institute of Technology, US) 

The talk made the case for a complex system approach to understanding congestion on large urban networks. 
This paradigm change is prompted by recent findings suggesting a strong analogy between the theory of phase 
transitions in simple fluids and vehicular traffic flow, provided that the thermal energy of the system is 
interpreted as the flow of cars through the network. It is shown that the resulting network traffic model belongs 
to the Kardar-Parisi-Zhang universality class in statistical mechanics. The scaling relationships arising in this 
universality class are found to be consistent with West's scaling theory for cities. It is shown that congestion costs 
(delays + fuel consumption) scale superlinearly with city population, possibly and worryingly more so than 
predicted by West's theory. Implications for sustainability and resiliency are discussed. 
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Relevant European 

initiatives 
The ISTDM2023 program was completed by the presentation of nine European initiatives on transport and 
mobility that relevant to the work of scientific community. Policy initiatives, research programs and projects, 
as well as open source tools were introduced during the different plenaries included in the Symposium 
program. 

Relevant Initiatives 1. Preparing for a common European mobility data space 

by D. Gkatzoflias (European Commission Directorate General for Mobility and Transport, EU) 

As stated in the Sustainable and Smart Mobility Strategy, the Commission will propose actions to build a 
common European mobility data space, facilitating access, pooling and sharing of data from existing and future 
transport and mobility data sources. The aim of the common EMDS is to identify crucial data and 
increase their availability to support services considered essential across the EU’s territory, covering themes 
from sustainability to multimodality. 

A “data space” is not one database or one piece of hardware infrastructure. The common European mobility 
data space will be a framework for interlinking and federating many different transport data eco-systems that 
are rather heterogeneous and often difficult to discover or access. It will build on and complement the new 
European cross-sectoral data legislation, namely the Data Governance Act, the Data Act and the Implementing 
Act on High Value Datasets. The initiative will notably take due account of data sharing mechanisms proposed 
in these acts, in existing transport-related passenger and freight ecosystems and legislation (e.g. the ITS 
Directive establishing the National Access Points), expert groups such as the Digital Transport and Logistics 
Forum (DTLF) and other national or private initiatives. 

To support this initiative, funds are allocated for preparatory and deployment actions under the Digital Europe 
Programme (DIGITAL) and the Connecting Europe Facility (CEF). A Communication by the Commission is planned 
for this year where the objectives and proposed way forward will be announced. 

Relevant Initiatives 2. The Transport Data Commons Initiative (TDCI) 

by V. Knöll (Deutsche Gesellschaft für Internationale Zusammenarbeit DE), P. N. Kishimoto (International 
Institute for Applied Systems Analysis, AT), J. Dixon (University of Oxford, UK), and J. Tattini (European 

Commission Joint Research Centre, EU) 

The Transport Data Commons Initiative4 (TDCI) aims to make high quality transport data accessible to the public. 
It was initiated in 2020 in a co-creation workshop of organisations that believe that better publicly available 
transport data is urgently needed to enhance climate action in transport. It now gathers a network of 
professionals from more than 30 organisations worldwide interested in sound and open data and funders who 
want to sustainably build a better data environment for their projects and global initiatives. The TDCI is 
developing the Transport Data Commons (TDC), a database with the following features: 1) providing a space 
for storing, 2) editing and accessing open transport data, encouraging data standards, data cleaning and 
interoperability of existing databases and 3) enabling active collaboration of data providers and users. The 
prototype of the TDC is up and running to demonstrate the vision of the initiative and it is ready to move into 
full operations and absorb more funding in its second year of life. TDC partners extend a warm invitation to join 
this collective endeavour to like-minded entities and individuals who share our vision and can contribute to data 
collection & management and mobilisation of funding. 

                                                        

 

4 https://www.transport-data.org/ 
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Relevant Initiatives 3. The Transportation Research and Innovation Monitoring 

System (TRIMIS) 

by M. Stepniak and A. Marotta (European Commission Joint Research Centre, EU) 

TRIMIS5 is an integrated transport policy-support tool that provides open-access information on transport 
research and innovation. TRIMIS was founded in 2017 by the European Commission and it is operated by the 
Joint Research Centre. The role of TRIMIS project is to collect, curate, analyse and disseminate data on transport 
research and innovation in Europe and beyond and to analyse technology trends and R&I capacities in transport 
sector. 

During the session the TRIMIS database of transport research and innovation projects was presented. The 
database contains more than 8.500 projects and it is constantly updated and extended. It covers not only 
projects funded within the latest Framework Programmes (i.e. Horizon Europe, Horizon 2020 and FP7) but it 
also gathers data on other relevant European projects (e.g. Interreg, Connecting Europe Facility etc.) as well as 
projects funded by Member States.  

The second part of the presentation focused on TRIMIS Science for Policy support. TRIMIS reports offer in-depth 
analysis of outcomes of research and innovation activities in a given transport thematic area. They provide 
necessary background information, including the policy landscape and key challenges. These reports focus on 
projects results, including delivered solutions, prototypes, tests and deployments, policy recommendations etc., 
and they conclude highlighting potential research needs. The final part of the presentation introduced TRIMIS 
dissemination activities, including social media activity and TRIMIS Newsletter. 

Relevant Initiatives 4. The JRC Living Lab for Future Mobility Solutions 

by B. Ciuffo (European Commission Joint Research Centre, (EU) 

The presentation introduced the JRC Living Lab for Future Mobility Solutions launched in 2019. Living labs are 
experimentation spaces for co-creation, prototyping, testing and upscaling of innovative solutions in real-world 
settings. Usually in the form of public-private partnerships, Living Labs implement an open innovation model, 
involving quadruple-helix stakeholders such as research organisations, businesses, governmental actors, and 
citizens. A key feature setting them apart from other experimentation spaces is the involvement of end users 
and citizens as co-creators in the experimentation process, instead of passive testers and utilisers. By involving 
users early-on in the research and development process, this approach allows to address users’ preferences 
and observe the effect of emerging technologies on individuals and society, ultimately improving uptake and 
acceptance. 

In line with the 2030 strategy  principle to open up JRC’s research infrastructures to external use, the JRC 
decided in 2019 to host LL initiatives in the Ispra (Italy) and Petten (the Netherlands) sites for the development 
and testing of smart city solutions6. Delivering on EU policy priorities, the ongoing living lab projects focus on 
digital energy (DES-Lab) and future mobility solutions (FMS-Lab). Thanks to its state-of-the-art infrastructure, 
its scientific expertise, and its policy support role, the JRC is uniquely positioned to provide a milieu for 
experimentation in real-life conditions, contributing to citizen-centric innovation and evidence-based policy 
making. 

Since its start the JRC Living Lab has assessed 13 project proposals, eventually leading, as of June 2023, to 6 
projects running and 1 more in the pipeline. They concern the co-design and development of an automated 
electric vehicle platform to implement different types of transport services for passengers and goods, the co-
design and testing of automated systems for last-mile parcel deliveries, the testing of a smart-charging 
infrastructure for electric vehicles, two projects related to the co-design and development of mobility as a 
service platforms, and one project related to the use of connectivity for the protection of vulnerable road 
users.Furthermore, the JRC Living Lab is being used in two European Projects, namely the SHOW Horizon 2020 
project, and the Green-Log Horizon Europe project. 

                                                        

 

5 https://trimis.ec.europa.eu/ 
6 Information on the JRC Living Labs can found at https://joint-research-centre.ec.europa.eu/living-labs-jrc_en 
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Relevant Initiatives 5. The EU approach to CCAM under Horizon Europe 

by A. De Candido (European Commission Directorate General for Research and Innovation, EU) 

Under Horizon Europe the European Commission has reaffirmed the strategic role of public-private Partnerships 
in enabling, when possible, through research the achievement of the priority policy objectives. Partnerships 
enable to jointly develop among all relevant stakeholders a common vision and roadmap on how to move 
towards the intended goal. Such structured collaboration also allows for the different projects funded under the 
umbrella of the partnerships to be better integrated into a wider picture favoring sharing of research outcomes 
and smoother transition between a project and possible follow-up activities. During this session, the European 
Commission illustrated how, more specifically, the Connected, Cooperative and Automated Mobility Partnership, 
is allowing to accelerate the transition towards automated mobility that will enable a greener, smarter, less 
congested and safer road transportation ecosystem. In this respect the timely alignment between research and 
the necessary framework regulations that will allow for an efficient deployment of automated mobility systems 
is paramount to reach the objective. International collaboration was also stressed as a must in this domain 
since the market for the industrial players developing the future automated vehicles is necessarily a global one. 

Relevant Initiatives 6. Overview of the on-going European research projects on 

traffic & network management, transport data and modelling 

by T. Tavares (European Climate, Infrastructure and Environment Executive Agency, EU) 

Sustainable and competitive mobility and transport services are vital to accommodate the needs of citizens and 
businesses in and around urban and peri-urban areas. Challenges remain on how to efficiently manage the 
multimodal traffic and the network taking into account the user needs, existing transport infrastructure and 
new transport solutions, such as shared services, connected and automated vehicles, and urban air mobility. 
During this session, CINEA presented how 11 EU-funded projects are tackling these challenges with focus on 
developing the next generation of network and traffic management for door-to-door transport of passengers 
and goods. In particular, the session presented the innovative data-driven solutions that are being developed 
by the these projects to create a multimodal traffic and network management approaches that are dynamic, 
effective and resilient. More information about these and other EU-funded transport projects can be found on 
the European Climate, Infrastructure and Environment Executive Agency (CINEA)’s website7. 

Relevant Initiatives 7. The SHOW Horizon 2020 project 

by A. Bekiaris, Centre for Research and Technology Hellas (EL) 

SHOW seeks to deploy shared, connected, and electrified AV fleets in real-life urban settings across Europe. 
These coordinated chains include Public Transport (PT), Demand Responsive Transport (DRT), Mobility as a 
Service (MaaS), and Logistics as a Service (LaaS). SHOW's impact extends to regulations and innovative business 
models for a sustainable future. Real-life urban demonstrations occur in 20 European cities with each pilot site 
hosting operational AV services for at least 12 months. SHOW deploys over 70 SAE L4/L5 AVs for passenger 
and cargo transport, navigating dedicated lanes and mixed traffic, connected to a comprehensive infrastructure 
network. Already, SHOW has transformed numerous cities where AVs are seamlessly integrated into public 
transport systems and widely used by the local population, showcasing its practical and impactful approach. 
Beyond its core mission, SHOW is fostering international collaborations with countries like Japan, the US, and 
Australia, uniting experts to shape the future of mobility. SHOW's work is driving a transformation toward 
automation, electrification, cooperativeness, and inclusiveness in urban mobility, setting the stage for a 
sustainable and innovative transportation future. More information about SHOW can be found on the project 
website8. 

                                                        

 

7 https://cinea.ec.europa.eu/index_en 
8 https://show-project.eu/ 
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Relevant Initiatives 8. The European type-approval framework for Automated 

Driving Systems 

by M. C. Galassi (European Commission Directorate General for Internal Market, Industry, Entrepreneurship 
and SMEs, EU) 

The presentation outlined the progressive regulatory approach adopted by the European Commission for driving 
automation. It gave a glimpse into how the new Vehicle General Safety Regulation EU 2019/2144, adopted in 
July 2022, will be progressively introduced between July 2024 and July 2029. In particular, the new EU-type 
approval framework for levels 3 and 4 of connected and automated vehicles was discussed with : 

 UN Regulation 157, covering the type approval of automated lane-keeping systems (ALKS) for 
motorway applications; 

 Regulation EU 2022/1426 on the type-approval of motor vehicles equipped with Automated Driving 
System (ADS), covering level 4 driverless vehicles.  

In both cases the focus was on requirements and validation methods included in the two legislative acts as well 
as on all the necessary information and documentation that the manufacturers will need to submit to the type 
approval authorities, and on the planned in-service reporting. This legal framework allows the introduction of 
automated vehicles in the EU market and on EU roads and represents the first legal framework of its kind 
worldwide. 

Furthermore, a short overview of the Commission’s work to support the development of legislation for assisted 
driving (level 2) at the UNECE level (Amendment of UN Regulation 79 and drafting of the new Driver Control 
Assistance Systems – DCAS Regulation), planned to be adopted during 2024, was provided. 

Finally, the need to develop for a better legal framework for pre-deployment tests and CCAM Large-Scale 
Demonstrations in the EU was introduced, which in Europe represent a considerable issue in testing CCAM 
solutions. 

Relevant Initiatives 9. Designed to be safe or designed to be compliant? Lessons 

learned from the European market surveillance for the safety of vehicles 

by F. Minarini (European Commission Joint Research Centre, EU) 

 Ensuring the safety of vehicles on our roads is of paramount importance for the well-being of society. The 
Joint Research Centre (JRC) has emerged as a key player in the domain of vehicle safety, spearheading rigorous 
market surveillance and innovative research initiatives. This abstract provides an overview of JRC's substantial 
contributions to the field, highlighting its dedication to enhancing vehicle safety standards. 

JRC's market surveillance efforts are grounded in a proactive approach to monitoring the compliance of vehicles 
with established safety regulations. Through tests, JRC conducts thorough assessments of vehicles, identifying 



 

16 
 

potential safety risks and non-compliance issues. This scrutiny helps safeguard consumers from hazardous 
vehicles and incentivises manufacturers to maintain high safety standards. 

In parallel, JRC places a strong emphasis on research and development, aiming to push the boundaries of vehicle 
safety. The organization engages in research projects on emerging technologies in particular Advanced Driver 
Assistance Systems (ADAS) to address the assurance of vehicle safety. The aim is to improve the knowledge on 
the performance and the limits of these safety systems and to provide input to policy makers to improve 
existing legislation and to develop new ones to both increase the competitiveness of the Industry and enhance 
consumer protection. Furthermore, JRC actively collaborates with regulatory bodies and industry leaders to drive 
the evolution of safety standards and testing methodologies. Through knowledge sharing, standard 
development, and the establishment of best practices, JRC contributes to the harmonization of safety 
requirements worldwide. 

In the work on market surveillance JRC performed 74 regulatory tests on 17 vehicles and 7 components. The 
tests resulted in 13 compliances and 11 non compliances. In 2022 alone, the non-compliance rate raised to 
almost 60% with 7 out of 12 tested vehicles and components. The open question is now to understand the 
causes of such a high rate of non-conformities as the market surveillance tests are just a repetition of the type 
approval (homologation) tests. 

On the Research side, five use cases are presented. The work revealed how vehicles have very different 
behaviors in real driving for both the test environment and the conditions of use. Technology allowing 
compliance in real and various environments exists but some cars look like changing strategy. The concept of 
safety culture of the manufacturers is also central.  

In conclusion, JRC's multifaceted approach to vehicle safety, encompassing comprehensive market surveillance 
and pioneering research, underscores its commitment to advancing the safety of vehicles on our roads. By 
promoting compliance, fostering innovation, and collaborating with stakeholders, JRC plays a pivotal role in 
ensuring that vehicles meet the highest safety standards, thereby enhancing road safety and protecting lives. 
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Data Collection and Processing of Multimodal Trajectories Collected by Aerial 

Drones 

A. Kutscha, M. Margreitera, K. Bogenbergera 

a Chair of Traffic Engineering and Control, Technical University of Munich, Germany 

Introduction  

Traffic data nowadays becomes more and more important to understand the behaviour and the strategic, 
tactical, and operative manoeuvres of traffic participants and to increase with this knowledge traffic safety and 
traffic efficiency. The need for data is therefore interesting in the field of general traffic behaviour but also of 
individual traffic manoeuvres like turning, overtaking etc. It gets especially important when looking at the traffic 
behaviour of vulnerable road users (VRU) like cyclists and pedestrians, as proper data sets about those traffic 
participants are quite rare and therefore also knowledge about their behaviour in the traffic system is quite 
limited. For motorized traffic most large-scale datasets also stem from observations on freeways, where the 
sensor density and the need for traffic detection is also higher and therefore data generation is easier. For 
urban traffic systems with a much higher variety of different traffic participants and also a more complex road 
network structure it is rather difficult to use (existing) infrastructure-based sensors like on freeways 
(Motamedidehkordi 2017) to have a full data coverage of all traffic participants and their interactions. This 
present work goes one step further and elaborates the use of large-scale drone video footage in combination 
with innovative recognition algorithms to provide a temporal and spatial full overview of the complete set of 
all traffic participants. This enables further research to study in particular the interactions between different 
traffic participants especially motorized road users and VRUs with a focus on traffic safety and to better 
understand the multimodal traffic patterns. Such data contributes significantly to improve traffic safety and 
optimize the road network operations (Krajewski 2018, Bock 2019). Another benefit is the availability of such 
a data set to train further video recognition algorithms and neural networks (Barmpounakis 2020).  

The data set was gathered within the Munich TEMPUS project (Kutsch 2022), a project to prepare the Munich 
urban and suburban road network for connected and automated driving.  

Experimental Design  

The drone surveys were conducted along Rheinstrasse in Munich, Germany, between Bonner Platz and 
Leopoldstrasse. Six locations were covered by two drones each, as shown in Figure 1. The drones had a flying 
altitude of 110 meter when taking the videos, resulting in a recording area of 143 meter on 75 meter for each 
drone location. With the need for an overlap in between the individual locations for reconstructing the whole 
trajectories throughout the whole stretch, a total length of 700 meter was recorded. The street is highly 
frequented and can be classified as a main street. The perimeter includes two signalized intersections, one 
right-of-way-controlled intersection, two non-signalized T-junctions and two signalized pedestrian crossings. 
Bicycle traffic in this area is mostly guided on a protective lane. For the general traffic and pedestrians in 
particular, there are several points of interest within the recording area and the immediate surroundings. In 
addition to a school and a kindergarten, several doctors and pharmacies, as well as numerous shopping 
facilities, both for groceries and drugstores, and recreational activities are also available. Several restaurants, 
a sports club and three hotels are located in the area. There are also several access points to public transport, 
namely a tram and several bus stops on Leopoldstrasse, as well as a Subway access point on Bonner Platz. 

Figure 3. The six observation locations in the North of Munich 

 

Source: Authors’ elaborations based on Google Earth. 
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Until today, drones have a maximum flight time of around 30 minutes due the limited battery capacity. Various 
systems, such as balloons and tethered drones with power supply, have been assessed but do not provide the 
necessary image stability or are not suitable due to the high costs and the approval process, which is difficult 
to implement in the city centre. Therefore, in order to create a continuous data set, two drones were used for 
each location, and a ‘shake-hands’ was performed in the air so that the drone to be replaced only descended 
when the following drone was in the air and had fixed the image section. Accordingly, a total of twelve drones 
were in use. They recorded a total of analysed videos amounting to almost 42 hours from their respective single 
locations. The recordings were performed on Thursday, October 6 and Wednesday, October 12, 2022. The days 
in the middle of the week were determined according to surrounding detector data in order to capture the most 
frequented days in the week. On both days, flights were performed in the afternoon in order to be able to depict 
the leisure traffic as well as the commuter traffic and therefore the peak-hour. On the first day, the last drone 
was in the air at 15:35, so that a complete image of the entire stretch could be generated. The recordings were 
carried out until 18:45. On the second day, the first shots were started even earlier to counteract the earlier 
sunset. Thus, from 15:00 on all drones were in the air, the end of recording was then accordingly at 18:25.  

Due to their altitude and mostly unobstructed viewing angle towards the observed road and sidewalk segments, 
the drones were able to record all traffic participants in the area. The eleven different classified modes include 
passenger cars, busses, trucks, trams, motorcycles, (e-)bicycles, pedestrians and (e-)kick-scooters. In addition 
to that, truck trailers as well as bus trailers (in the city of Munich several high-capacity bus routes operate buses 
with bus trailers) were also recognized and categorized. In addition to those traffic participants the dataset also 
contains trajectories of an electrified bicycle Rickshaw from the TEMPUS project (Fehn 2023, Margreiter 2023), 
(E-)Cargo-Bikes and persons with a wheelchair.  

Raw Dataset Description  

The raw data consists of one data file per evaluated frame in each individual video, i.e., for each location and 
drone flight. The evaluation frequency was set to 12.5 frames per second, giving then updated information 
every 0.08 seconds. Within these files, all detected objects within the respective frame are stored with their 
attributes listed in Table 1. The object category is stored as a numeric value for each category mentioned in the 
preceding chapter. Category ID 1 as shown in the example would match to the classification as a car. The track 
ID is a unique number for an object within each video, making it possible to follow objects throughout the 
frames. The translation describes the location of the respective object, where the values describe the offset 
with respect to a reference point, which is given in the UTM 32 N (NIMA 1989) coordinate system and is uniform 
for the entire data set. The value refers to the centre of the bounding box and the bottom of the object, i.e., on 
the ground. Besides that, the object dimensions are given as length, width and height. The current velocity and 
acceleration are given as a vector in the respective coordinate system, as well as the rotation describes the 
current orientation in that system. 

Table 1. Extracted data from drone video footage 

Parameter Descrip[tion Example value Unit 

category numeric classification ID 1 [-] 

track_id numeric unique ID 38 [-] 

translation [x, y, z] [123.0319, 14.0211, 508.6254] [m] 

dimension [length, width, height] [4.2998, 1.9754, 1.4882] [m] 

rotation [x, y, z] [-0.0011, 0.0016, 0.1227] [-] 

velocity [x, y, z] [10.252, 1.2638, -0.0169] [m/s] 

accelaration [x, y, z] [0.0577, 0.0071, -0.0001] [m/s²] 

In addition to the raw dataset, frame matching is performed for each uninterrupted video time series per 
location. This means that for the videos recorded by two drones in sequence, it is known which frame of the 
ending video corresponds exactly to the frame of the starting video. Thus, the track IDs for the uninterrupted 
timelines are available and unique. Due to technical problems, which occasionally led to short interruptions with 
individual drones, two recording days and six locations, a total of 20 timelines were created. A matching between 
the locations, as well as further filter applications were not yet carried out and will be described in the next 
section.  
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Processing Steps  

The raw dataset is cleaned and pre-processed before publication. First, the static objects are tagged. Those 
static objects which are geospatially outside the street space are sorted out, as they are due to 
misclassifications. In some places where errors are known to occur, for example at the subway stairways, 
manual post-processing is done. Static objects that appear temporary but do not move are also filtered out.  

The resulting dataset is then merged across the various locations. As described above, the raw data set contains 
a unique ID for each video per location. To track individual trajectories across multiple locations, the respective 
track ID must be matched between the locations. Due to the maximum localization error of 15 cm, isolated 
classification errors, as well as deviations in the speeds, the linking of the trajectories is not quite trivial, 
especially for pedestrians and cyclists. The linking logic is implemented according to the following description, 
in order to guarantee a scalable approach.  

To ensure the correct time for each location and since the default-times vary slightly between the drones, the 
dataset is matched on a frame level between the different timelines, choosing one location as a reference 
timeline, in this case location 2. For each first timestamp, all IDs in the overlapping area need to be determined. 
Based on their coordinates and thus the Euclidean Distance, their speed vector similarity and the object type, a 
cross comparison between each object in the respective two overlapping frames is performed and a score for 
being the same object is calculated. Objects with the respective highest scores are then marked with a global 
unique ID. Starting from this step, it is now necessary to check for each new frame whether new objects appear 
in the overlapping section. If this is not the case, the process continues with the next frame. If exactly one object 
moves into the scope, the IDs can be matched directly. If there are several new IDs in the area under 
consideration, the scores are determined in each case as before and an allocation is made accordingly. This 
procedure needs to be repeated for each location change, as well as for each observation gap, which have 
occurred on a single drone level.  

Results and Conclusions  

The highly detailed dataset allows applications in traffic flow theory to be developed, validated, and calibrated. 
For example, the immense ground truth data set can be used to develop car following models, turning behaviour 
models, link-level traffic flow models, or queue length estimators. In addition, the multimodal trajectories, which 
include non-motorized road users with a high level of detail, also depict interactions between VRUs and 
motorized vehicles, both on the open, non-disturbed link, as well as at signalized and non-signalized 
intersections. Consequently, especially in the presence of different levels of vehicles’ connectivity and 
automation, important conclusions can be derived regarding the impact on traffic flow in urban environments.  

Also, regarding traffic safety aspects, having each traffic participant together with the information on the 
underlying road network, different situations have been captured. Having several different types of 
intersections, as well as different types of bicycle paths and other infrastructure elements, the dataset is ideally 
suited for safety analysis.  

To enable a wide and global access for scientists and practitioners the drone data set will be published open 
source. The open data set will include – in addition to the video raw material – all extracted trajectories for all 
traffic participants continuously in time and space through the whole area covered by all twelve drones at the 
six locations. It is planned to publish under the Creative Commons CC BY-NC 4.0 license to guarantee easy 
access and usability for further research.  

In beginning of summer 2023 a similar dataset will be gathered in the city of Ingolstadt, Germany, via the KIVI 
project (Ilic 2022a. Ilic 2022b) funded by the German Federal Ministry of Digital and Transport. Likewise, this 
data set will be made available open source.  
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Introduction 

One way of acquiring an insight into the transportation system of a city is to simulate an adequately generated 
synthetic population of agents. The generation in itself is a challenging problem, as the population should match 
the known marginal distributions of the real population while staying as close as possible to the joint distribution 
of variables observed from an input population sample. Each agent must then be assigned an agenda, stating 
a chain of activities (e.g. home, work, shopping, other), with their corresponding times and transport modes, 
along with a chain of locations for each of the activities. The agendas should be plausible at the individual level 
and ultimately match flows observed from other data sources. When little data is available, each step of the 
process may be handled by modelling a distribution and sampling from it: socio-economic modalities (Sun and 
Erath 2015, Sun et al. 2018), activity chains (Joubert et al. 2020, Anda et al. 2020), and activity locations (Ma 
and Klein 2018, Horl and Axhausen 2021).  

We base our research on a state-of-the-art pipeline (Horl and Balac 2021) to create a synthetic population with 
socio-economic variables and activity chains from three data sources. The socio-economic variables are taken 
from the census performed by the French statistics institute INSEE, containing micro-data representative of the 
whole population. The activity chains are taken from the Enquête Ménage Déplacements of the year 2015 (EMD, 
Cerema 2015) performed by the French agency for urban planning CEREMA, which details the complete agendas 
of 25 203 persons in the region of Lyon and is available on request. 

For the location of activities, we propose a novel data-driven approach, leveraging Origin-Destination (OD)-
matrices derived from mobile data from the telecommunications provider Orange, dating from 2019. Mobile 
data are cheaper and faster to produce than surveys, which make them a good source to update data from 
older surveys. Works such as (Zilske and Nagel 2015, Yin et al. 2017) propose approaches relying on full 
trajectories for the generation of population. In contrast with whole trajectory datasets, OD-matrices are lighter 
and more manageable, and can be fully anonymized (Matet et al. 2021). This makes them more readily available 
and safer regarding the privacy of transportation users.  

Methodology 

The first steps of the synthetic travel demand generation are inspired from (Horl and Balac 2021), which focused 
on Île-de-France and Paris, now with the target area being Lyon and its surroundings: 

Table 1. Attributes used in the statistical matching to assign activity chains from EMD to agents from census 

Variable Number of 
modalities 

% of agents with 
more than 20 
matches 

Age 4 100% 

Gender 2 100% 

Occupation 9 95% 

Has car (Y/N) 2 94% 

Home_status (Owner / Tenant / Social housing) 
3 90% 

Canton 8 75% 

Source: Authors’ elaborations and EMD 2015. 
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Socio-economic variables: The French census contains microdata extensive enough so that no generation is 
required. In order to have an integer number of agents, we discretize the existing scaling coefficients via TRS 
(Truncate, Replicate, Sample) (Lovelace and Ballas 2013), i.e., we round the per-person coefficients up with 
probability equal to its decimal part, and we round it down otherwise. 

Activity chains: We assign activity chains from the EMD to persons from the census via a process inspired from 
statistical matching (Orazio et al. 2006). As in (Horl and Balac 2021), this process is close to a regular join 
between relational databases, except that each census row is required to match at least 20 EMD rows in order 
to guarantee sufficient diversity of the associated chains. For census rows for which this is not the case, we 
successively remove the last variable from the join key. Then, one of the matched EMD rows is randomly drawn, 
and its activity chain is assigned to the person. This process aims at guaranteeing diversity in the assignment 
of chains to population agents, as well as joining as many variables as possible. The variables used in the join 
key are described in Table 1. 

While the previous steps correspond to existing approaches for travel demand synthesis (Horl and Balac 2021), 
we propose the following steps that make direct use of a large-scale Origin-Destination matrix with hourly 
information that is featured in this research: 

— Rescaling: The resulting population is composed of agents equipped with an agenda specifying when 
they finish their activities and need to go to a new one. Due to data discrepancies, the number of trips 
performed in each hour of the day by our matched agent population does not match the number of 
trips observed from mobile data. This is illustrated in (Fig. 1, left), where each point represents the 
marginal value of a socio-economic modality (in green) or the total number of trips taken for a given 
hour (in red). The x-coordinate of the point is the truth value from the available data, while the y-
coordinate is the total measured in our synthetic population. We perform rescaling via Iterative 
Proportional Updating (IPU) (Ye 2009), using persons for the upper-level matching and trips on the 
lower level. The resulting population is consistent both with the socio-economic composition of the real 
population and the number of trips they take at each timestep of the day.  

— Spatialisation: To be complete, the synthetic population requires locations for each activity in their 
agenda. We interpret the OD-matrices as probability tables of destinations D given the origin O and 
time T: P(D | O,T). For each agent, we draw a destination from these probability tables each time their 
activity chain sends them to another activity. We consider each agent to have at most one home, one 
workplace and one study place. Thus, when the activity specifies that the agent must go home, the 
home is directly assigned as a destination. The same is true if the agent is going to work or study for 
the second time in the generation process. For the first time they go to work or study, we draw from 
the destination probabilities and store the result as the de facto workplace or study place. As a 
refinement, we take into account the transport modes M of the trips in the activity chains to obtain a 
probability destination P(D | O,T,M). The transport mode is not specified in the mobile OD data, but can 
be integrated into the sampling process using Bayes rule: P(D | O,T,M) ∝P(M | Ο,D,T)×P(D | O,T). As an 
estimation of P(M | Ο,D,T), we consider that the mode M depends only on the distance L between origin 
O and destination D. Using all trips from the EMD, we obtain an empirical probability distribution P(M | 
L(O,D)) discretized to individual bins of 1km. 

Results 

The resulting synthetic population is expected to behave like the real population, so we evaluate it on all the 
available indicators about the composition or mobility of the real population. Note that as the input data sources 
disagree over those indicators from the start, simply matching indicators from various input sources is already 
a satisfying result. 

— Socio-economic composition of the population: (Fig. 1) illustrates how our population matches the 
official census better than the transport survey EMD. As the EMD represents only a small number of 
people, it is normal that the totals have a high variance. 
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Figure 4. Left : Marginals of the synthetic population versus what is expected from the data sources. Right : Matching of 
the socio-economic marginals of our rescaled synthetic population (in magenta) compared to the transport survey EMD (in 

light green). 

 

Source: Own elaborations. 

— Number of trips by hour: (Fig. 2) illustrates the distribution of trips during a typical day in the OD-
matrix from 2019 taken as a ground truth (in orange), our synthetic data (in magenta), and the survey 
EMD from 2015 (in green). We see that in this case our population is also able to fit the ground truth 
source better than the official survey. 

Figure 2. Distribution of trips taken during the day. 

 

Source: Authors’ elaborations. 

— P(D|OT): (Fig. 3) illustrates how our distribution of destinations fits the P(D | O,T) derived from the OD 
matrix. We see that our synthetic demand is highly correlated to the actual observations. 

Figure 3. 𝑃(𝐷 | 𝑂, 𝑇), from our synthetic data w.r.t. ground truth value from the OD-matrix. The black line represents y=x. 

 

Source: Authors’ elaborations. 

Conclusion and future works 

In this paper, we illustrate how OD matrices from mobile data can be used to improve the generation process 
for synthetic travel demand data. We show that they can mitigate uncertainties or outdated information in 
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travel surveys regarding flows by time of day and in between zones, while still making use of the included 
activity chain structures. As OD-matrices can be anonymized, our approach is also relevant to leverage the 
richness of mobile data without the computational cost nor the privacy hazard that come with full trajectory 
data. The results may be further enhanced by the integration of socio-economic dependencies in the location 
drawing, as it is known for example that the socio-professional categories have an impact on the commute 
distance. 
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Introduction 

Estimating Origin-Destination (OD) matrix is a fundamental yet important problem in the transportation 
research field, since most transportation models or simulators require an OD matrix as an input. That is why 
the estimation of OD matrix has been developed with many approaches exploiting various types of data source. 
For the OD matrix estimation, methods using traffic counts such as Van Zuylen \& Willumsen (1980) [1] or 
Maher (1983) [2] have been well-known and widely used since they were proposed. However, traffic counts are 
not collected in many cases and impose a huge investment cost. Therefore, a method of the OD matrix 
estimation from travel questionnaire data, which is collected much quicker, easier and cheaper is required in 
many cities for transportation measures. Tough travel questionnaire data has problems in the OD matrix 
estimation mainly originated from low sampling rate, such as sparsity of collected OD pairs and bias in the 
collected number of travels. The purpose of this study is to ease the effect of these problems and produce a 
robust OD matrix estimates from questionnaire data even with low sampling rates. Our proposed method takes 
both aggregate variables and the number of trips between each OD pair as fitting target and estimate OD 
matrix robustly. 

We incorporate both IPF and Gravity Model in our proposed method, making the output OD matrix fit to both on 
aggregate level and on each OD pair level. In general cases, data on aggregate level is more reliable than that 
on each OD pair level, while the latter one has detailed information necessary to estimate a fine-grained OD 
matrix. By utilizing data of both resolution levels, the method can estimate the robust OD matrix with any 
sampling rate of questionnaire. Nejad et al. (2021) [3] developed a method for population synthesis which 
considers data of different reliability using copulas functions and random sampling. We build a method of the 
same concept for the OD matrix estimation, applying IPF and Gravity Model. These two methods work as an OD 
estimation, but both have problems related to sampling rate when they are run alone. IPF suffers from a zero-
cell problem (Müller \& Axhausen, 2010) [4], meaning having no sample in OD pairs which actually have 
unsampled trips, which ruins the accuracy of OD matrix on the individual OD pair level especially when zoning 
is fine-grained. On the other hand, the constrained versions of Gravity Model (Ortúzar \& Willumsen, 1990) [5] 
is only fit to aggregated trips, not individual OD pairs, ignoring the detailed information about the number of 
observed trips in each OD pair even when questionnaire data is informative. 

Methodology 

In this section, a new method for the OD matrix estimation is proposed. Firstly, we introduce data used for the 
estimation, and then the algorithm is explained. 

Our method uses two kinds of trip data in the estimation. One is a sampled trip data collected through 
questionnaire. We denote the scaled number of trips from zone 𝑖 to 𝑗 as 𝑇𝑖𝑗

′ , which is obtained by simply dividing 

the sampled trip count by the sampling rate. 𝑇𝑖𝑗
′  is not a good estimate of the real OD matrix, as the 

questionnaire includes bias coming from sampling. The other is the number of trips on aggregated level. In this 
paper, we adopted three types of aggregated values in the experiment, so algorithm is shown using those 
values. However, aggregated values used in this method can be any subset of OD pairs, which makes the 
method flexible. Three types of aggregated values used in this paper are the total number of trips originate in 
zone 𝑖 as  𝑇𝑖

′ the number of trips absorbed in zone 𝑗 as  𝑇𝑗
′and the aggregated number of trips which originate 

in zone 𝑖  and absorbed in zone 𝑗  such that 𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽  as 𝑇𝐼𝐽
′ . One possible way to obtain the aggregated 

information is referring to an outer source such as national census data. In case data other than questionnaire 
is not available, aggregating the collected trips in questionnaire and dividing the aggregated value by sampling 
rate can provide estimates of aggregated trips. The aggregated values are basically more reliable and robust 
to bias than 𝑇𝑖𝑗

′ , as each choice has more samples through aggregation. 

Algorithm Gravity Model with Iterative Proportional Fit to Marginal Target 
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Input: Trips in each OD pair 𝑇𝑖𝑗
′  , Trips on marginal levels 𝑇𝑖

′, 𝑇𝐽
′, 𝑇𝐼𝐽

′ ,  

Features of each zone, each pair of zones 𝑃𝑖 , 𝑃𝑗 , 𝐶𝑖𝑗  

Step 1: Setting and First Estimation 

1.1 set all Balancing Factors 𝑎 =  1 

1.2 estimate Gravity Model Parameters β 

�̂� = 𝑎𝑟𝑔𝑚𝑖𝑛 𝐿𝑜𝑠𝑠(𝐺(𝜷,𝑂𝑖 , 𝐷𝑗 , 𝐶𝑖𝑗 , 𝑎 = 1), 𝑇𝑖𝑗
′ ) 

1.3 calculate OD matrix from Model Equation 

𝑇𝑖�̂� = 𝐺(β, 𝑃𝑖 , 𝑃𝑗 , 𝐶𝑖𝑗 , 𝑎 = 1) 

Step 2: Iterative fitting Process to data with different reliability 

while (till the criterion is met) do 

2.1 update Balancing Factors 

𝑎𝑖 = 𝑎𝑖 ∗ {𝑇𝑖
′/∑𝑇𝑖�̂�}

𝑗

1
β2
, 𝑎𝑗 = 𝑎𝑗 ∗ {𝑇𝑗

′/∑𝑇𝑖�̂�}
𝑖

1
β3
, 𝑎𝐼𝐽 = 𝑎𝐼𝐽 ∗ {𝑇𝐼𝐽

′ / ∑ 𝑇𝑖�̂�}
𝑖∈𝐼,𝑗∈𝐽

1
β4

 

2.2 update Gravity Model Parameters β 

�̂� = 𝒂𝒓𝒈𝒎𝒊𝒏 𝑳𝒐𝒔𝒔(𝑮(𝛃,𝑷𝒊, 𝑷𝒋, 𝑪𝒊𝒋, 𝒂), 𝑻𝒊𝒋
′ ) 

2.3 update OD matrix from Model Equation 

𝑇𝑖�̂� = 𝐺(β, 𝑃𝑖 , 𝑃𝑗 , 𝐶𝑖𝑗 , 𝑎) 

end while 

Output: OD matrix 𝑇𝑖�̂� calculated by Gravity Model Equation with Parameters �̂� and Balancing 

Factor 𝑎 

𝑇𝑖�̂� = 𝐺(β, 𝑃𝑖 , 𝑃𝑗 , 𝐶𝑖𝑗 , 𝑎) 

= exp(β1) ⋅ (𝑎𝑖𝑃𝑖)
β2 ⋅ (𝑎𝑗𝑃𝑗)

β3
⋅ (𝑎𝐼𝐽𝐶𝑖𝑗)

β4
, 𝑓𝑜𝑟 𝑖, 𝑗 ∈ 𝐼, 𝐽 (1) 

In our method, the estimated number of trips 𝑇𝑖�̂� from zone 𝑖 to 𝑗 is calculated by the function 𝐺(∙) in shape of 

gravity model, which is shown in equation (1). 𝑃𝑖  is the population in zone 𝑖 and 𝐶𝑖𝑗  is a cost feature between 

zone 𝑖 and 𝑗, both features are commonly used in gravity model (Ortuzar & Willumsen, 1990 [5]). β is the vector 
of parameters in gravity model and 𝑎 is a set of balancing factors. We need to calibrate 𝜷 and a to obtain a 

good, estimated value 𝑇𝑖�̂� . The whole calibration process is shown in algorithm1. We iteratively update 

parameters 𝜷 and 𝑎 . While we use the aggregated number of trips data 𝑇𝑖
′ , 𝑇𝑗

′ , and 𝑇𝐼𝐽
′  in calibration of 

balancing factors 𝑎, we calibrate gravity model parameters 𝜷 using the sampled trip information 𝑇𝑖𝑗
′  . For the 

loss function 𝐿𝑜𝑠𝑠( ∙ , ∙ ), we used RMSE. 

The output OD matrix has two preferred features for the OD matrix estimation from questionnaire data. The 
first one is fitting in multiple zonal resolutions. The output OD matrix is almost perfectly fit to the aggregated 
trip number data 𝑇𝑖

′, 𝑇𝑗
′, and 𝑇𝐼𝐽

′ , but not to the sampled trip data 𝑇𝑖𝑗
′ . This is because we use the same number 

of parameters for fitting the aggregated trip number, while we just introduced 4 parameters for fitting the 
sampled trip number. By this difference in fitting, the method can produce the OD matrix which follows more 
reliable aggregate source as well as utilizing the information of sampled data in a gravity model. The second 
one is filling the sparsity of the sampled data. Unlike any IPF method, referenced values used in calibrating 
Balancing Factor are values produced with Gravity Model, so we have few zero-cells in the estimated OD matrix 
even when sampling rate is small, and the sampled OD matrix is sparse. 



 

29 
 

Numerical Experiment 

In order to validate our method, we evaluated its estimation performance on the real inter-zonal OD matrix in 
Switzerland 2010 (National Passenger Traffic Model2010). The OD data split the whole area of Switzerland 
into 2944 small zones and includes daily passenger traffic among them. Total daily trips are more than 2 million 
including intra-zonal trips, so the OD matrix is sparse considering there are (29442 − 2944) pairs of OD zones. 
We set the OD matrix as our ground truth data and created sampled data which we used for the estimation 
from it. We randomly sampled trips from the ground truth OD with several sampling rates and set them as a 
questionnaire data 𝑇𝑖𝑗

′ . In addition, we made the aggregated data 𝑇𝑖
′, 𝑇𝑗

′, 𝑇𝐼𝐽
′  by aggregating either the ground 

truth data or the questionnaire data. Using these two datasets and features about zones (population and 
distance between each zone), we estimated OD matrix and calculated RMSE using all OD pairs as performance 
evaluation. 

We estimated OD matrix with three methods. The first method is our proposed algorithm. We generated 
marginal data by aggregating the sampled trips in forms of 𝑇𝑖

′, 𝑇𝑗
′, 𝑇𝐼𝐽

′ , assuming the proposed algorithm just 

utilizes data from the questionnaire. The second one is a constrained Gravity Model known as Furness Model 
with cost bin function (Ortúzar & Willumsen, 1990 [5]]), in which we used the marginal data from the 
questionnaire the same as in the proposed method. The third one is IPF method commonly used to deal with 
bias. In IPF, we set the aggregated values of the ground truth data as target values, meaning that we assume 
precise information other than the questionnaire data. All the three methods include fitting procedure to the 
marginal data, but the usage of other data is different. While the proposed method fits the estimated values 
by gravity model to the marginal data, IPF fits the original sampled trip data to the marginal data. Furness 
method just considers aggregated level and uses questionnaire data to calculate the aggregated values and 
cost function for each distance range bin. 

Figure1 show the estimated result from each method, under three sampling rates 0.1, 0.05, 0.01. We plotted 
the number of trips in the ground truth data on x-axis and the estimated number of trips by each method on y-
axis over all (29442 − 2944) OD pairs. Sampled trips represents the number of trips between each OD pair 
sampled from the ground truth and multiplied by 1 𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 𝑟𝑎𝑡𝑒⁄ . With higher sampling rate, you can get 
more precise sampled trip data and less OD pairs in which no trip is observed. 

Graphs show that our proposed method produced the OD matrix with high evaluation score under all sampling 
rates. When sampling rate goes down, the number of OD pairs which have no trips observed sharply increases 
since we set a fine-grained zoning. As a result, IPF suffered from a zero-cell problem. On the other hand, the 
estimates of the proposed method and Furness method were stable even under low sampling rate. The fitting 
procedure to the marginal trip data 𝑇𝑖

′, 𝑇𝑗
′, 𝑇𝐼𝐽

′  worked and eased the sparsity in sampled questionnaire data. 

When we obtain comparatively large samples of questionnaire, Furness method does not improve well in 
estimation while our proposed method performed quite well along with IPF method. We can say that utilizing 
detailed OD data 𝑇𝑖𝑗

′  is essential to accomplish high accuracy of the estimate with large samples. 

Figure 5. Results of the OD Estimation 

 



 

30 
 

Summary 

In this study, we proposed a new method for the OD estimation from questionnaire data in case the sampled 
data is sparse. In numerical experiments, our method produced a robust estimation of OD matrix under any 
sampling rate, because of the algorithm which includes the fitting on several data aggregation levels. The best 
method for the estimation from questionnaire has been chosen based on data sparsity, which is up to sampling 
rate and spatial resolution of zoning. However, the proposed method can output the sufficient estimation under 
any data sparsity, compared to other methods. Thus, model choice is now much easier and the OD estimation 
from questionnaire data involves less trial and error, as our model can perform well in different settings of 
sampling rate. 
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Full-scale experimentation of a mixed traditional and GPS-individual travel 

survey in Paris Region 

D.,NGUYEN-LUONGa 
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The traditional Global Travel Survey (“Enquête Globale Transport” or EGT in french) in Paris Region is a very 
important tool of observation and measure of the persons’ mobility. The methodology benefits of a background 
of more than forty years. But there is a scientific consensus to consider that the EGT is not exempt from flaws: 
the deficiencies concerning short trips (especially walk trips), infrequent trips and stops during trips chain which 
are not always declared, the deficiencies about routes, the inaccuracies about distances, the inaccuracies about 
durations, the complexity of the paper diary survey which makes it difficult to be managed, the increasing 
refusal to welcome at home pollsters and the problem of the cost. 

So a consortium of 14 partners (*), led by Institut Paris Region, has conducted a full-scale GPS-person travel 
survey in Paris Region for the first time in Europe. The survey took place from october 2022 to march 2023. 
3500 participants were followed during seven days with a specific GPS-data recorder (not a smartphone), 
representative of a population of 9 million people aged 15 and over. This GPS recorder is a light and passive 
battery-powered device. A passive monitoring is the best suited method to minimize the burden on survey 
participant : the traveler had nothing to do except turned it on before his first trip of the day, carried it all day, 
turned it off in the end of the day, and reloaded the battery three times in the week. 

A simple diary was requested to be filled every evening by each participant, under the form of checkboxes. It 
took only 3 minutes per day to fill the diary. Then the GPS tracks were analyzed automatically by algorithms 
which detect the trips and their features (departure and arrival time, origin and destination points, home and 
work or school purposes, modes). Because the algorithms were far to be perfect so far, it was necessary to 
complement this first automatized approach with a classical survey where each participant was called back by 
phone to check or complete the information. Especially, our algorithms do not recognize the trip purposes except 
home and work/school so this post-survey allowed to complete the information of purposes. Each call lasts in 
average only 15 minutes.  

The method of recruitment to build a representative sample by the quota method was also innovative (many 
channels including social networks) and a financial incentive was proposed. The survey resulted in a database 
of 80 000 trips that we are still working on. 

This database brings, on one hand, new information about routes (big data) but very short trips which are often 
omitted in the traditional survey, are not better detected by the algorithms. On the other hand, accuracy on 
fundamental attributes is provided such as distances and durations. The new added value is the collection of 
trips data on seven days and not only on one day in the traditional methodology. The total cost is about 2,5 
times less. 

This full-scale experimentation shows that it is interesting to introduce GPS tracking in a new methodology of 
person-travel survey but it is still necessary to complement it with a human traditional light survey. 
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Introduction 

Since former President Barack Obama's efforts to promote open government in the United States, public 
organisations have been opening their data to the public in recent years. Traffic data is also becoming more 
open, and studies are being conducted to avoid traffic congestion. 

In considering how to utilize traffic volume data, Miyazaki et al. (2023) focused on the publicly available traffic 
data of England and studied to predict traffic congestion using a decision tree model LightGBM. Long Short 
Term Memory (LSTM) is also often used for time series forecasting and was applied in traffic congestion 
forecasting (Fu et al., (2016); Zhao et al., (2017)). In addition, many methods based on Graph Neural Networks 
(GNN), which acquire spatial features through graph structures, have been developed in recent years and have 
demonstrated the highest accuracy on various benchmark datasets (Yu et al., (2018); Wu et al., (2019); Jiang 
et al., (2022); etc.). However, when considering decision tree models or RNN models such as LSTM, the number 
of target sites in many studies is limited to one or a few. In addition, the evaluation of the benchmark dataset 
only includes an overall evaluation of all sites, not individual sites. Ogata et al. (2023) conducted a site-by-site 
evaluation, but this was a comparison of only LightGBM and GNNs, and there was no study using RNN methods 
commonly used in time-series forecasting. 

The purpose of this paper is to compare short-time speed predictions by sites using traffic data in England. We 
use methods including not only LightGBM and GNN but also LSTM and clarify the differences in the evaluations 
by model for each site.  

Methodology 

Data 

The WebTRIS Traffic Flow API of National Highways (Highways England, 2023), which provides an overview of 
the traffic situation in England since 2015, allows users to download historical traffic volume data for various 
roads in England. In this study, time series traffic data at each observation site were downloaded from the 
WebTRIS Traffic Flow API, as in Miyazaki et al. (2022). 

As in Ogata et al. (2023), a total of 170 sites were selected within a 30 km radius of Birmingham Town Hall. 
The data period was from January 1, 2016, to December 31, 2019, and used 2016 and 2017 as training data, 
2018 as validation data, and 2019 as test data. Data were provided in 15-min intervals, and average speed 
(Avg mph) and total volume (Total Volume) were used. The average speed and total number of vehicles for 3 h 
(12 times) from the current situation to 2 h and 45 min ago were used as inputs, along with dummy variables 
(0 to 6) for the time of day (15-min time units, normalised to 0 to 1) and the day of the week. Because LightGBM 
and LSTM were used in training and inference for each of the 170 target sites individually, input data was also 
used for each site. Moreover, GNN uses the data of all sites as input data as training and inference were 
conducted for all sites at once. The output of each model is the average speed from 15 min to 180 min ahead 
for all 12 time periods.  

Model 

In this paper, the models were compared using machine learning methods. As in Ogata et al. (2023), the models 
used were LightGBM and Graph Wavenet, which is one of the GNNs that have been studied extensively in recent 
years. In addition to them, LSTM, which is commonly used for time series forecasting, was also used in the 
study. 

The problem is that decision tree models such as LightGBM and RNN models, including LSTM, cannot account 
for spatial site-to-site dependencies. Moreover, GNNs are expected to improve accuracy by capturing the 
relationship between sites in a graph structure. Graph Convolutional Networks (GCN) are commonly used for 
GNNs in the field of traffic flow, but the Graph WaveNet used in this paper introduced the "self-adaptive 
adjacency matrix" method, which was able to acquire spatially independent relationships between sites and 
achieves high accuracy. For more information, please refer to the paper by Wu et al. (2019). 
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The Python library “optuna” (Akiba, 2019) was used for hyperparameter search in LightGBM, and the optimal 
parameters were adjusted for each site. As LSTM is computationally expensive, multiple attempts were 
conducted to set parameters. The number of epochs was set to 200 (it was stopped if there were no updates 
with an accuracy of 40 epochs) and the layers were set as the LSTM layer (32 neurons) + Dropout (0.3) layer + 
Dense layer. The hyperparameters of Graph WaveNet were set to default, and the number of epochs was set 
to 300.  

Results 

The Mean Average Percentage Error (MAPE) and the coefficient of determination (R2) were used for a uniform 
evaluation of all sites. Figure 1 (left) shows the average values of the calculated evaluation indices for all sites. 
The lower the value of MAPE, the better the accuracy, and the higher the value of the coefficient of 
determination, the better the accuracy. The results show that LSTM is more precise at making predictions 30 
and 45 min in advance, whereas GNN is better at making predictions at other times. Because LSTM makes 
predictions based on past time series information, the accuracy of predictions made 30 and 45 min ahead of 
time was improved by capturing past features, however, predictions made beyond that point were judged to 
have benefited from features related to the time of day or other locations. As reported by Ogata et al. (2023), 
Graph WaveNet automatically acquires the spatio-temporal dependencies of the sites, which contributed to its 
high accuracy. 

Next, Figure 1 (right) shows the results of calculating the percentage of sites where the GNN is superior to the 
LightGBM and LSTM at each prediction time. Root Mean Square Error (RMSE) was used here to evaluate each 
site. The GNN was superior to most prediction times throughout, and there were many sites where the GNN had 
a consistent advantage in comparison to LightGBM (Ogata et al., (2023)). Moreover, GNN was inferior to LSTM 
in predicting 30 and 45 min ahead of time. As a result, LSTM was superior in the evaluation of all sites for both 
30 and 45 min predictions, as described earlier (Figure 1 (left)). Both LightGBM and LSTM were found to be 

more accurate than GNN in some cases and at some sites. 〖RMSE〗_i^(model1-model2) is defined in the 
following equation, with LightGBM and LSTM compared to GNN. Note that i is the predicted time index; e.g., i =3 
represents 45 (=15x3) min ahead. 

𝑅𝑀𝑆𝐸𝑖
𝑚𝑜𝑑𝑒𝑙1−𝑚𝑜𝑑𝑒𝑙2 = 𝑅𝑀𝑆𝐸𝑖

𝑚𝑜𝑑𝑒𝑙1 −𝑅𝑀𝑆𝐸𝑖
𝑚𝑜𝑑𝑒𝑙2 

The results of the three models comparison for the entire prediction time, i = 1 to 12 averages for 〖RMSE〗
_i^model, confirmed that the GNN was superior at 70% of all sites. Since LSTM showed high accuracy at 30 

and 45 min ahead, Figure 2 shows the 30-min-ahead prediction results 〖RMSE〗_2^(GNN-LSTM) of LSTM and 

GNN, which shows overall high accuracy, sorted by 〖RMSE〗_2^(GNN-LSTM) values (ascending order from left 
to right). The results show LSTM was superior at most sites. Partial autocorrelations were calculated using the 
Python library “statsmodels” (Perktold, 2023) for the sites with the largest differences, Id = 3753 (LSTM 
advantage) and Id = 9234 (GNN advantage), and the results are shown in Figure 3 (left and middle). The figure 
shows that the correlation at Id=3753 has a high value of 0.8 at lag = 1. Moreover, at Id = 9234, the lag 
decreases gently as the lag increases. The LSTM advantage in the 30 and 45 min ahead predictions was 
attributed to the high partial autocorrelation at lag = 1. A comparison of partial autocorrelation averages for 
LSTM-advantage and GNN-advantage sites confirmed a similar trend (Figure 3 (right)). These results indicate 
that the high partial autocorrelation of the LSTM at lag = 1 is the reason for its high accuracy in predicting 30 
and 45 min ahead of time. 
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Figure 1. (left) Accuracy comparison of LightGBM (blue line), LSTM (green line) and GNN (red line) (MAPE (solid line, left 
axis), R2 (dotted line, right axis) (Right) Percentage of sites where GNN is superior (vs LightGBM: blue line, vs LSTM: green 

line) 

    

Source: Authors’ elaborations. 

Figure 2. Comparison of LSTM and GNN (30 min ahead forecast, 〖RMSE〗_2^GNN-〖RMSE〗_2^LSTM) 

 

 

Source: Authors’ elaborations. 

Figure 3. Partial Autocorrelation (left: Id=3753, middle: Id=9234, right; LSTM/GNN advantage sites mean) 

 

 

Source: Authors’ elaborations. 

Conclusion 

In this paper, we compare the results of average speed predictions from 15 to 180 min ahead of time by 
applying LightGBM, LSTM, and Graph WaveNet as GNN, to open data in England. In the evaluation of all 170 
sites, the GNN was superior in the average of all predicted times, but the LSTM may be superior depending on 
the value of partial autocorrelation, such as 30 min ahead or 45 min ahead in this study. However, when 
predicting at all sites with large data sets, LSTM should be treated with caution because of the large 
computational cost during training. 

As a later issue, this study has been discussed by MAPE, R2, and RMSE, but has not been able to clarify the 
differences in characteristics between sites from a traffic engineering point of view. We understand that 
clarifying this is also an important issue to consider. In addition, because GNN handles all sites at once, the 
adjacent matrix calculation requires significant amount of memory when using large datasets. In this study, 
GNNs showed high accuracy in 2-3 h ahead-of-time predictions, and we believe that reducing the computational 
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cost of GNNs will lead to more effective and efficient traffic management. Moreover, GNNs that take into 
account the relationship between data at different times of the day have been developed in recent years, and 
there is a possibility that they can provide accuracy in predicting 30 or 45 min in advance. Therefore, the study 
of improving the computational efficiency of the GNN and introducing relationships between data in time series 
is a subject for future work. 
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Introduction 

Urban traffic forecasting is an indispensable intelligent transportation system (ITS) component. Providing great 
practical value for everyday mobility and transportation scheduling, accurate traffic forecasts become a point 
of intensive research for decades. The modern methodology of traffic forecasting focused on the city level by 
utilising the power of spatiotemporal relationships of traffic flows (Ermagun and Levinson, 2018). A wide range 
of spatiotemporal models is successfully adopted for traffic forecasting, e.g., graph convolutional neural 
networks, GNN (Wang et al., 2019), vector autoregressive models, VAR (Pavlyuk, 2017), k-nearest neighbours 
algorithm, KNN (Cai et al., 2016). Nevertheless, the vast majority of modern traffic forecasting methods rely on 
large-scale centralized data both for training and operational usage of models. In real settings, traffic data is 
generally collected and managed by different parties: state and municipal organisations, public transport 
operators, road maintenance companies, navigation software providers, and others. Sharing the traffic data and 
creating the centralised database for model training is associated with additional costs for the parties, such as 
direct costs of channels for data transferring and indirect costs like the risk of data privacy violation and the 
potential threat of data leakage. These issues lead to developing schemes for collaborative traffic learning that 
allow keeping data locally for parties and training the network-wide traffic forecasting model. 

Federated learning, FL, (Yang et al., 2019) is one of the emerging frameworks for effective collaborative training 
and usage of the model by multiple data providers. In federated learning, each data provider uses its private 
data for training the global model or a part of the global model and shares the entire resulting model or model 
training results like gradients. As a result, a good balance between achieving the overall model accuracy and 
preserving data privacy is obtained. Recently, federated learning has become a popular approach in the traffic 
forecasting domain. Liu et al. (2020) proposed a deep learning model, based on the gated recurrent unit and 
the FL architecture for preserving the privacy of traffic data. Zhang et al. (2021) presented an FL-based 
approach for collaborative training of the network topology information and related attention mechanisms. 
Meese et al. (2022) utilised blockchain technology for secure FL-based real-time traffic prediction. The intensive 
development of the FL framework and its growing number of applications in the traffic forecasting domain 
reveals a huge potential for distributed collaborative traffic forecasting. 

Motivation is the key success factor of any collaboration, including FL-based collaborative traffic forecasting. 
Participation in collaborative traffic forecasting incurs costs, so a rewarding mechanism is crucial for potential 
participant parties. For ensuring fairness in collaborative learning, the reward should correspond to the 
contribution of each party. There are different forms of this reward in FL: improved accuracy of traffic 
forecasting for the party-managed part of the network (local model), access to the network-wide model with 
improved accuracy (global model), access to the distributed computational power, and even monetary 
compensation or reputational benefits. Collaboration fairness of the FL framework should ensure a good match 
between the reward, obtained by each party and its contribution to the learning process. This reward-
contribution balance is actively studied in the FL field (e.g., (Wang, Dang, and Zhou, 2019)), but, to the best of 
our knowledge, was never addressed in the spatiotemporal traffic forecasting domain. This research aims to 
cover this gap. 

In this study, we focus on measuring the party contribution by the valuation of its data. We consider the vertical 
FL scheme, where data of parties are split spatially – each party manages a relatively isolated spatial fragment 
of the road network (e.g., a city district). We propose several metrics for measuring the value of the party data 
for improving forecasting accuracy. Namely, we utilize the federated Shapley value (Wang et al., 2020), an 
adapted classic indicator of the cooperative game theory, for measuring the value of the party data for network-
wide forecasting accuracy. Additionally, we consider the peer-to-peer metrics for pairwise evaluation of the 
data value between parties(Lyu et al., 2020). A large empirical experiment allowed us to make conclusions on 
the motivation of parties in collaborative traffic forecasting and potential incentives for this process.  

Methodology 

We consider an urban transport system network as a graph 𝐺 = {𝑉, 𝐸}, where 𝑉 is a set of |𝑉| vertices that 
correspond to a road segment with observed traffic values, 𝐸 is a set of edges that connect the vertices. The 
overall structure of the graph 𝐺 is represented by the adjacency matrix 𝐴, based on travel times between each 
pair of connected vertices. The traffic flow is observed over the time frames 𝑡 = 1,… , 𝑇 and includes data 𝑌𝑖,𝑡 
on several characteristics (speed, volume) for every graph vertex 𝑖 = 1, … , |𝑉|.  
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The transport network is managed by a set of parties 𝑃, and the graph 𝐺 is split into subgraphs 𝐺𝑝 = {𝑉𝑝 , 𝐸𝑝}, 
managed by parties 𝑝 = 1, … , |𝑃|, with a non-overlapping set of vertices 𝑉𝑝 and internal edges 𝐸𝑝 that connect 
𝑉𝑝 . Each party own the traffic flow data 𝑌𝑝 = 𝑌𝑗,𝑡 , where 𝑗 ∈ 𝑉𝑝 , and is interested in the accurate traffic 

forecast for the managed network �̂�𝑗,𝑇+ℎ  for specified horizons ℎ = 1,… ,𝐻 . These spatiotemporal settings 
define the problem of vertical federated learning in the multivariate time series domain, where every party 
manages its own set of private features (traffic flow characteristics at managed road segments). 

Generally, each party can choose its own forecasting model 𝑀𝑝, but the model structure should allow utilization 
of spatiotemporal relationships for improving forecasting accuracy. This assumption is essential for the 
participation of the party in the collaborative learning schemes. In this study, we arbitrarily utilized a modern 
attention-based spatial-temporal graph neural network, ASTGNN (Guo et al., 2022), for all parties. The ASTGNN 
models include the following components: 

— graph convolution layers (Kipf and Welling, 2017) that capture dependencies of the spatial and temporal 
neighbourhoods; 

— spatial and temporal self-attention mechanisms (Veličković et al., 2018) that capture the dynamic structure 
of spatiotemporal dependencies between data inputs on every GNN layer; 

— the general encoder-decoder framework. 

The ASTGNN model is known for flexible data-driven learning of spatiotemporal relationships and good 
forecasting accuracy. In this study, we utilise the conventional R2-score s a forecasting accuracy metric. Thus, 
the utility of the model 𝑀𝑝  is defined by its accuracy on the testing subset of the traffic flow data 𝑌𝑝 : 
𝑣(𝑀𝑝, 𝑌𝑝) = 𝑅𝑠𝑐𝑜𝑟𝑒

2 . 

The collaboration process allows forming 2|𝑃| coalitions of parties 𝑆 ⊆ 𝑃, and each coalition can jointly train its 
model 𝑀𝑆 using the joint data 𝑌𝑆. The utility of the coalition for every party is also defined by the accuracy of 
the model of the testing subset of party’s data: 𝑣(𝑀𝑆 , 𝑌𝑝). 

The primary focus of this study is measuring the potential contribution of each party under two scenarios: 

— pairwise sharing of the model and data, 

— vertical federated training of the global (network-wide) model. 

For measuring the utility of collaboration of the party 𝑝1 with the party 𝑝2, we utilise the improvement of the 

traffic forecasting accuracy on the testing subset of data 𝑌𝑝1, given the joint model 𝑀𝑝1⋃𝑝2, trained on the 
combined data: 

𝛿𝑝2→𝑝1(𝑣) = 𝑣(𝑀
{𝑝1}⋃{𝑝2} , 𝑌𝑝1) − 𝑣(𝑀𝑝1, 𝑌𝑝1). 

For measuring the contribution of each party in the second scenario, the asymmetric Shapley value is utilised. 
The classical formula for the Shapley value is: 

𝜙𝑝(𝑣) =
1

|𝑃|
∑

𝑣(𝑀𝑆⋃{𝑝} , 𝑌𝑆) − 𝑣(𝑀𝑆, 𝑌𝑆)

𝐶|𝑃|−1
|𝑆|

𝑆⊆𝑃\𝑝

, 

where 𝜙𝑝(𝑣) is the Shapley value of the party 𝑝 given the utility function 𝑣; 𝑃, 𝑆,𝑀𝑆 , 𝑌𝑆 are the set of parties, 

the set of coalitions, the coalition model and data respectively; 𝐶|𝑃|−1
|𝑆|  is number of different coalitions with the 

excluded party 𝑝 . The conventional Shapley value satisfies several important properties like symmetry, 
efficiency, and linearity. In addition to the conventional Shapley value, we consider its asymmetric variation 
(Frye, Rowat, and Feige, 2020), where the symmetry property is relaxed due to the different utilities of the 
coalition for the parties (improvement of the forecasting accuracy on the party’s data set). 

Empirical results 

For the experimental study, we utilised the popular Caltrans Performance Measurement System (PeMS) highway 
traffic flow data in California. A sample of 50 road segments from the centre of Caltrans district 4 data was 
selected and arbitrarily split into three relatively decoupled graphs that represented different parties (data 
providers). Then, the ASTGNN model was separately trained for the complete data set, every party and three 
possible coalitions. 

The accuracy values of all models are summarised in Table 1; also, the table contains corresponding symmetric 
and asymmetric Shapley values. 
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Table 1. Accuracy of model coalitions and Shapley values 

Coalition R2 score of the coalition’s ASTGNN model Shapley value Asymmetric 
Shapley value 

Party 1 Party 2 Party 3  

Party 1 0.914 0.901 0.91 0.328 0.328 

Party 2 0.938 0.899 0.922 0.330 0.326 

Party 3 0.935 0.940 0.858 0.307 0.311 

Grand coalition 0.965  

Source: Own calculations  

The calculated Shapley values allow comparing the contribution of every party to the resulting forecasting 
accuracy of the global model. The conventional Shapley values indicate the higher contribution of Party 2’s 
data and the lower contribution of Party 3’ data. The results of the asymmetric Shapley values are similar to 
the conventional ones. Summarising the empirical results, we conclude that the mutual utility of weakly 
coupled spatiotemporal parties is limited, and potential reward schemes should be based not only on the 
improvement of the local model’s forecasting accuracy but other forms of incentives. 

Conclusion 

This study proposes a novel approach to the valuation of parties’ data for collaborative spatiotemporal urban 
traffic forecasting. The problem of motivation for collaborative learning and fair rewards for different data 
providers is crucial for multi-party intelligent transportation systems.  We consider the federated learning of 
the traffic forecasting model and propose the measures for the contribution of each party, based on the utility 
of their data for forecasting accuracy. The empirical experiment illustrates the applicability of the proposed 
measures. These measures are essential input for the definition of rewards for participation in collaborative 
learning. The essence, form and volume of the rewards is a perspective subject for further research.  

Acknowledgement 

The work is financially supported by the specific support objective activity 1.1.1.2. “Post-doctoral Research Aid” 
(Project id. N. 1.1.1.2/16/I/001) of the Republic of Latvia, funded by the European Regional Development Fund. 
Dmitry Pavlyuk’s research project No. 1.1.1.2/VIAA/1/16/112 “Spatiotemporal urban traffic modelling using big 
data”. 

References 

Cai, P., Y. Wang, G. Lu, P. Chen, C. Ding, and J. Sun, ‘A Spatiotemporal Correlative K-Nearest Neighbor Model for 
Short-Term Traffic Multistep Forecasting’, Transportation Research Part C: Emerging Technologies, Vol. 62, 
January 2016, pp. 21–34. 

Ermagun, A., and D. Levinson, ‘Spatiotemporal Traffic Forecasting: Review and Proposed Directions’, Transport 
Reviews, March 6, 2018, pp. 1–29. 

Frye, C., C. Rowat, and I. Feige, ‘Asymmetric Shapley Values: Incorporating Causal Knowledge into Model-Agnostic 
Explainability’, Proceedings of the 34th International Conference on Neural Information Processing Systems, 
NIPS’20, Curran Associates Inc., Red Hook, NY, USA, 2020. 

Guo, S., Y. Lin, H. Wan, X. Li, and G. Cong, ‘Learning Dynamics and Heterogeneity of Spatial-Temporal Graph Data 
for Traffic Forecasting’, IEEE Transactions on Knowledge and Data Engineering, Vol. 34, No. 11, November 1, 
2022, pp. 5415–5428. 

Kipf, T.N., and M. Welling, ‘Semi-Supervised Classification with Graph Convolutional Networks’, 2017. 

Liu, Y., J.J.Q. Yu, J. Kang, D. Niyato, and S. Zhang, ‘Privacy-Preserving Traffic Flow Prediction: A Federated 
Learning Approach’, IEEE Internet of Things Journal, Vol. 7, No. 8, August 2020, pp. 7751–7763. 

Lyu, L., J. Yu, K. Nandakumar, Y. Li, X. Ma, J. Jin, H. Yu, and K.S. Ng, ‘Towards Fair and Privacy-Preserving Federated 
Deep Models’, arXiv, May 19, 2020. 



 

39 
 

Meese, C., H. Chen, S.A. Asif, W. Li, C.-C. Shen, and M. Nejad, ‘BFRT: Blockchained Federated Learning for Real-
Time Traffic Flow Prediction’, 2022 22nd IEEE International Symposium on Cluster, Cloud and Internet 
Computing (CCGrid), IEEE, Taormina, Italy, 2022, pp. 317–326. 

Pavlyuk, D., ‘Short-Term Traffic Forecasting Using Multivariate Autoregressive Models’, Procedia Engineering, 
Vol. 178, 2017, pp. 57–66. 

Veličković, P., G. Cucurull, A. Casanova, A. Romero, P. Lio, and Y. Bengio, ‘Graph Attention Networks’, 2018. 

Wang, G., C.X. Dang, and Z. Zhou, ‘Measure Contribution of Participants in Federated Learning’, 2019 IEEE 
International Conference on Big Data (Big Data), IEEE, Los Angeles, CA, USA, 2019, pp. 2597–2604. 

Wang, T., J. Rausch, C. Zhang, R. Jia, and D. Song, ‘A Principled Approach to Data Valuation for Federated 
Learning’, arXiv, September 14, 2020. 

Wang, Y., D. Zhang, Y. Liu, B. Dai, and L.H. Lee, ‘Enhancing Transportation Systems via Deep Learning: A Survey’, 
Transportation Research Part C: Emerging Technologies, Vol. 99, February 2019, pp. 144–163. 

Yang, Q., Y. Liu, T. Chen, and Y. Tong, ‘Federated Machine Learning: Concept and Applications’, ACM Transactions 
on Intelligent Systems and Technology, Vol. 10, No. 2, March 31, 2019, pp. 1–19. 

Zhang, C., S. Zhang, J.J.Q. Yu, and S. Yu, ‘FASTGNN: A Topological Information Protected Federated Learning 
Approach for Traffic Speed Forecasting’, IEEE Transactions on Industrial Informatics, Vol. 17, No. 12, December 
2021, pp. 8464–8474. 

  



 

40 
 

The 2020 update of the transport sector in JRC-IDEES - Analysing the past for 

robust transport and energy policies 

J. Tattinia, M. Rózsaia 

a European Commission, Joint Research Centre (JRC), Seville, Spain 

Introduction 

This study showcases for the first time the 2020 update of the transport sector database within JRC-IDEES 
(Mantzos et al., 2017). This is the “Integrated Database of the European Energy System”, which collects and 
harmonises statistical data related to the whole energy system in Europe. By collecting, decomposing and 
processing detailed transport-, energy-and emission-related data, JRC-IDEES constitutes a unique database to 
analyse past trends and to serve as a solid basis for assessing future transport policies in the European Union 
(EU). Indeed, policies are desirable to steer the transport sector towards a pathway in line with the Paris 
Agreement. In the EU, CO2 emissions from the transport sector have risen constantly from 2012 to 2019 (see 
Figure 1). After a sharp 14% year-on-year reduction in 2020 due to the Covid-19 pandemic, CO2 emissions in 
2021 have almost rebounded to pre-pandemic levels. Besides, the transport sector’s CO2 emissions as a share 
of the total from all end-use sectors has been rising (with the exception of the pandemic), which hints the 
intrinsic difficulty in decarbonising the transport sector. Acknowledging this situation, the European Commission 
(EC) has proposed a set of additional policies to tackle emissions from the transport sector. In the framework 
of the Fit for 55 package (European Council, 2023), four policy proposals are specifically targeting transport 
CO2 emissions: the stricter CO2 emission standards for light-duty vehicles, the Alternative Fuel Infrastructure 
Regulation, the REFUEL-EU Aviation (encouraging the uptake of sustainable aviation fuels) and the FUEL-EU 
Maritime (supporting the adoption of cleaner maritime fuels). 

Figure 6. Historic CO2 emissions by end-use sector in the EU and share of transport emissions out of the total from end-
use sectors (on the right axis). Own calculations based on EUROSTAT (2023a) 

 

In this context, the differentiation of the factors that influence energy consumption in transport provided by 
JRC-IDEES offers an adequate basis to assess the scope for improvement that different types of policies may 
trigger. 

The 2020 transport sector update of JRC-IDEES combines in a consistent manner several official statistics in 
order to provide a plausible decomposition of energy consumption (thus CO2 emissions) and transport activity 
by transport technology for each EU member state from year 2000 to 2020. For the EU, the most renowned 
energy balances (i.e. EUROSTAT (2023a) and International Energy Agency (2023)) split the transport sector’s 
energy consumption only at the level of road transport, rail transport, aviation, domestic navigation and 
international maritime shipping. The main benefit of the JRC-IDEES transport database lies in its decomposition 
of energy consumption and transport activity (measured in passenger-kilometre and tonne-kilometre) at a more 
disaggregated resolution, which covers the transport modes/services shown in Table 2. 
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Table 2. Structure of the transport sector in JRC-IDEES 

Passenger transport Freight transport 

Road transport 

Two- and three-wheelers Light commercial vehicles 

Passenger cars Heavy duty trucks 

Buses and coaches  

Rail, metro and tram 

Metro, tram and light rail Conventional freight rail 

Conventional passenger rail  

High speed rail  

Aviation 

Domestic Domestic 

International Intra-EU International Intra-EU 

International Extra-EU International Extra-EU 

Domestic navigation 

Coastal shipping 

Inland waterways 

International maritime shipping 

Intra-EU 

Extra-EU 

Notes: JRC-IDEES assigns all domestic navigation and international maritime shipping activities to freight transport. 

Methodology 

The decomposition of the energy consumption from the transport sector consists in the following four main 
steps: 

1. Gathering the necessary data. This includes: a) Transport final energy consumption by mode/service - 
mainly obtained from EUROSTAT energy balances (EUROSTAT, 2023); b) Traffic (measured in vehicle-
kilometre) statistics – mainly obtained from EUROSTAT (2023b); c) Transport activity (in passenger-
kilometre and freight-kilometre) statistics - mainly from the Statistical Pocketbook (EC, 2023) and from 
EUROSTAT (2023b); d) Vehicle/train/aircraft/vessel registrations and stock – mainly from the Statistical 
Pocketbook (EC, 2023) and from EUROSTAT (2023b); e) Fuel economies – from European Environment 
Agency (EEA, 2023a, 2023b) for road transport, from European Maritime Safety Agency (2023) for shipping 
and from EUROCONTROL (2023) for aviation; f) Annual mileages and occupancy/load factors - collected 
from various sources to support the decomposition process. 

2. Preparing annual time series. For each EU member state, complete data series from 2000 to 2020 are 
prepared with estimations for the missing data. 
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3. Identifying for each transport mode/service the relevant technologies on which the macro data 

is disaggregated. For road transport modes and rail services, technologies are differentiated solely based 
on the main input fuel, irrespective of vehicle/train size (i.e. a representative vehicle/train is considered). For 
aviation, technologies are defined based on their main use - passenger or freight transport; domestic, intra- 
or extra-EU – to account for different operational profiles in short-, mid- on long-range travels. For maritime 
shipping, technologies are defined both based on the main input fuel and on the main use. 
The technology (and fuel) options explicitly represented in JRC-IDEES for each transport sub-sector are 
shown in Figure 2. 

Figure 7. Technology options for the five transport sub-sectors in JRC-IDEES 

 

Notes: ICE = internal combustion engine; CNG = compressed natural gas; LPG = liquid petroleum gas; LNG = liquefied natural gas. Hybrid vehicles are 
reported under ICEs with the corresponding main fuel. 

4. Performing the decomposition. From 2000 to 2020, for each EU member state and for each transport 
technology the vehicle/train/vessel/aircraft stock composition, annual mileages, load/occupancy factors and 
energy efficiencies are determined in order to match the energy balances by fuel and the transport activity 
statistics without any exception. The procedure to combine the different statistics in a sensible manner 
consists in a mixture of interdependent bottom-up and top-down calculations specific to each transport 
sub-sector. While the methodology adopted in JRC-IDEES to carry out the decomposition of the transport 
sector is not formal (it does not rely on a single mathematical formulation), the rules applied within each 
sub-sector are the same across countries, ensuring consistency across country-level data. 

The rest of this section describes in a bit more detail for each transport sub-sector the procedure to decompose 
energy consumption and transport activity in the modes/services shown in Table 2 and Figure 1. 

Road transport 

The decomposition process for the road transport sector implies determining a meaningful set of mode- and 
technology-specific stock compositions, fuel economies, traffic, annual mileages and load factors that enables 
to both match the overall fuel-specific energy consumption for road transport (EUROSTAT, 2023a) and the 
mode-specific transport activity statistics (EC, 2023). 

EUROSTAT (2023b) provides the fuel-specific final energy consumption (aggregated across all road transport 
modes) for all years between 2000 and 2020 and each EU member state. Transport activity and traffic statistics 
are obtained with the same level of granularity for each road transport mode from the Statistical Pocketbook 
(EC, 2023).9 

Initial technology-specific vehicle registration (new sales and second hand registrations) and stock data are 
collected from EUROSTAT (2023b). Since vehicle stock must match energy consumption, no stock is assumed 
to exist if the corresponding fuel consumption is not reported. Whenever inconsistencies between vehicle 
registrations and stock are identified, registrations are modified manually unless substantial modifications are 

                                                        

 

9 Transport activity in JRC-IDEES is reported according to the territoriality principle, i.e. the energy consumption of a foreign vehicle on a given territory is 
allocated to the national vehicle fleet. 
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needed, in which case a theoretical model of sales is adopted. Retired vehicles are determined via Gompertz 
survival functions. 

Test-cycle fuel economies for new light-duty vehicles are obtained from EEA (2023a, 2023b), while other 
studies provide fuel economy data for heavy-duty road transport modes (AMF TCP, 2021; Enerdata, 2023). 
Then, test-cycle fuel economies are scaled to real-word fuel economies via adjustment factors. For each 
technology, the stock-average fuel economy is based on the vintage-specific composition of its stock and on 
the real-world fuel economy of new registrations. Since there is not guarantee that such real-world fuel 
economy and vehicle stock match the energy balances, “effective” fuel economies are then determined to match 
both transport activity statistics and the energy balance. For all EU member states, the discrepancy between 
the test-cycle and effective fuel economies lies in a range in line with other studies (e.g. ICCT, 2019). 

Load factors are the linking element between vehicle traffic and activity data, while annual mileages bound the 
vehicle stock to the annual traffic. 

Rail transport 

The decomposition of the rail sector consists in disaggregating data at the technology level - electricity and 
diesel (see Figure 2) – while matching transport activity statistics at rail service-level (see Table 2) and the fuel-
specific final energy consumption of rail transport. The former is provided by the Statistical Pocketbook (EC, 
2023) and the latter by EUROSTAT energy balances (EUROSTAT, (2023b). 

The procedure starts by decomposing traffic at the technology level, which is done in an iterative process that 
combines EUROSTAT traffic statistics, Statistical Pocketbook transport activities and occupancy/load factors 
estimates. 

Stock-average energy efficiencies are initially estimated from previous calculations and then are scaled so that 
overall energy consumption across rail services and technologies matches the energy balances. The so-
determined energy efficiencies are cross checked with other sources (e.g. International Union Of Railways 
(2023) and EC (2022). 

The rolling stock for each rail service and technology type is determined dividing the above-mentioned 
decomposed traffic by rail service-specific representative annual mileages. Then the new train registrations are 
calculated considering the rolling stock variations and assuming a step-wise survival function. 

Aviation 

The decomposition of the aviation sector consists in disaggregating parameters for the services in Table 2 while 
matching transport activities from the Statistical Pocketbook (EC, 2023) - split in passenger and freight aviation 
and in domestic and intra-EU transport activity - and the final energy consumption from the energy balances 
(EUROSTAT, (2023b) – split in domestic and international aviation. Besides, EUROSTAT provides statistics on 
transport volumes (in terms of number of passengers and tonnes carried) and number of flights that are used 
in the decomposition. 

Commercial data (Sabre, 2023; EUROCONTROL, 2023) are used in combination with the EUROSTAT data in order 
to split the passenger and freight aviation activities across domestic, international intra-EU and international 
extra-EU trips. Besides, EUROCONTROL (2023) is used to determine the EU member state-specific split of total 
transport activity, which the Statistical Pocketbook only provides at EU level (EC, 2023). EUROCONTROL 
consumption and activity data is also used to estimate an initial technical efficiency of the various aviation 
services, which is then scaled to match the energy balances. 

Finally, a representative aircraft stock is calculated dividing the aviation traffic by an average yearly rotation - 
i.e. number of flights per year per aircraft, which in turn depends on the average flight distances. 

Domestic navigation 

EUROSTAT energy balances provide fuel-specific energy consumption statistics for domestic navigation. Inland 
waterways and coastal shipping transport activities are obtained respectively from the Statistical Pocketbook 
(EC, 2023) and from EUROSTAT (2023b). Previous calculations are used to obtain the load factors, which are 
combined with the transport activities to determine traffic. 

An initial vessel-fleet average energy efficiency for each shipping service (see Table 2) is determined as a 
function of the vessel’s load and is assumed to be constant across technologies (see Figure 1). Then, such 
energy efficiency is scaled to match the energy balances. Finally, the size of the vessel fleet is calculated from 
traffic assuming annual mileages and then new vessel registrations are calculated considering the variation of 
the vessel fleet over time and a step-wise survival function. 
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International maritime shipping 

EUROSTAT energy balances provide fuel-specific energy consumption statistics for international maritime 
shipping. EUROSTAT and the Statistical Pocketbook are combined to determine the EU member state specific 
split of transport activity in intra-EU and extra-EU. 

A first estimation of the vessels’ load is determined as a function of the vessel fleet’s average gross weight 
tonnage, which in turn is based on EUROSTAT gross tonnage (EUROSTAT, 2023b) using the methodology 
described in Papanikolaou (2014). Then, the refined vessels’ load is determined combining information on 
annual mileage and traffic. A first estimate of the vessel fleet energy efficiency is determined combining EMSA’s 
Monitoring Reporting and Validation (MRV) (EMSA, 2023) data with the above-mentioned load factor and traffic 
data, which is then refined in order to match the energy balance. 

Finally, the size of the vessel fleet is calculated from traffic assuming annual mileages and new vessel 
registrations are calculated considering the vessel fleet variation and a step-wise survival function. 

Results 

The key findings of the transport sector 2020 update in JRC-IDEES will be showcased for the first time at the 
ninth International Symposium on Transportation Data & Modelling (ISTDM) in June 2023. The authors have 
decided not to provide any preview of such results beforehand. 

After the ISTDM, the entire transport database of JRC-IDEES updated up to 2020 will be made freely available 
for download on the Joint Research Centre Data Catalogue (JRC, 2023), as it is the case for the latest version 
of such database (Mantzos et al., 2018). The database consists of a large set of time series - from 2000 to 
2020, for each EU member state, for each mode/service in Table 2 and for each technology in Figure 2 - for 
internally consistent disaggregated transport indicators. The following is a not-exhaustive list of the indicators 
provided: vehicle/train/aircraft/vessel new registrations10, stocks, age profiles, annual mileages, activity levels, 
traffic levels, occupancy/load factors, technical fuel economies/efficiencies, “effective” fuel 
economies/efficiencies and discrepancies between the latter two parameters. 

Conclusions 

This study showcases the 2020 update of the transport sector database within JRC-IDEES - the “Integrated 
Database of the European Energy System”. The 2020 transport sector update combines in a consistent manner 
several transport and energy statistics in order to provide a plausible decomposition of energy consumption 
and transport activity by mode and technology type for each EU member state from year 2000 up to 2020. 

This internally consistent database of disaggregated transport indicators identifies national differences in the 
structure of the transport sector and defines the vintage-specific composition and operation of the vehicle stock 
for each transport mode. By identifying the different drivers of total energy consumption from the transport 
sector and the role of different sectors and technologies in the overall transport energy patterns up to 2020, 
this study constitutes a robust basis to evaluate the implications of different types of future policies. 

JRC-IDEES is fully accessible to the public and the 2020 update of the transport sector is going to be freely 
downloadable on the Joint Research Centre Data Catalogue. Besides, the transport indicators resulting from this 
study will be included in the publicly accessible database that the Transport Data Commons Initiative (TDCI) is 
developing. Being a reliable and cost-free data-box, JRC-IDEES is meant to serve as the reference database for 
transport and energy system analysis at the EU level, thus avoiding duplication of efforts within this community. 
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Introduction 

In the EU-project NEMO (Noise and Emissions Monitoring and Radical Mitigation), a multi-disciplinary consortium 
has developed a remote sensing system which monitors air pollutants and noise levels of individual road 
vehicles and trains in real-time and identifies high emitters. By identifying high emitters, policy makers may in 
the future be able to enforce limits in low-emission zones, notify drivers of high-emitting vehicles, or even 
sanction drivers based on their emissions. This paper focuses on road traffic emissions, but most of the 
methodologies are also applied for trains. 

The NEMO-system consists of remote sensing equipment for measuring exhaust and noise emissions, with 
sensing equipment to obtain vehicle characteristics (vehicle type, speed, acceleration, license plate, etc.), 
weather conditions. This sensing equipment is employed at various locations (sites) where the assessment of 
traffic pollutants is wanted. There is a Synchronizer, either on site or in the cloud, to time-synchronize the results 
of all sensors and send them to a centralized cloud system (the Data Hub) for storage, enrichment, automated 
analysis and classification. After classification, the result is communicated back to the driver on site over I2V, 
by  a variable message sign on site or by other means of direct communication (e.g. a text message on a mobile 
phone). This is done by the so called Classification Dialog System. 

In this paper we will focus on the design and working principles of Nautilus, which is the name for the software 
infrastructure that facilitates the integration of remote sensing data, data processing and classification of 
vehicle’s emissions. M+P worked together with Kapsch and SINTEF on the design and implementation of the 
Nautilus system. 

Methodology 

Figure 8. Nautilus information flow and interfacing with other systems [3] 

 

The Nautilus system consists of four major components: Synchronizer, Data Hub, Classification Dialog System 
and Analytics. When a vehicle passes a measurement location, the raw data from the different sensors at that 
site is synchronized based on UTC-time by Synchronizer. In addition, it queries a vehicle registration database 
to obtain additional vehicle characteristics relevant for the classification, such as vehicle type, weight, fuel type, 
noise emission type approval levels, etc. This data is then transferred in a passby-report to the Data Hub cloud 
system. Data Hub stores the report, including information from other internet sources if necessary. Then, based 
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on vehicle characteristics and noise and gaseous emissions measurements, the passbys are classified. After 
the classification, the Classification Dialog System communicates the result back to the sensing site, and to the 
vehicle driver or owner. Analytics is a data analytics platform for the infrastructure manager to study emissions 
in detail. An overview of the information flow in the system is outlined in figure 1. 

Design considerations 

The most important design considerations of the Nautilus platform were: 

— the system should be flexible; it should support emissions from road and rail vehicles, and should be open 
to other vehicle types, such as ships; 

— the system as a whole should be scalable to support various measurement sites and hence various 
classification methods and emission limit values; 

Synchronizer is specific to the sensing setup. It is operated at the sensing site or optionally in the cloud; 

Data Hub is generic to all sites and is operated in the cloud. It should allow for adding new sensor types easily. 
It should be able to process passby-reports with varying sensor data and be robust to deal with low-quality or 
missing sensor data; 

Data Hub accommodates the use of site-specific classification models, and should be able to communicate 
classifications back to the site. 

An important aspect of the system is that the round trip time (from sensing to informing the driver) should be 
as short as possible, in order to alert the driver of the vehicle while driving. The round trip time is largely affected 
by the time needed to distinguish an individual vehicle passby from the traffic stream, the time needed to 
synchronize the signals, enrich them with vehicle specific data, perform classification and communicate the 
result back to the site and/or driver of the vehicle. Data Hub can be deployed on regional cloud infrastructure, 
so it is available for different sites with a low latency. 

Interfaces and communication 

In order to support different sensor setups, the interfaces between the different sub-systems were defined to 
be as flexible as possible. The communications between the components are done over zeroMQ (pub/sub) for 
the components on the site. The passby report is compiled by Synchronizer and then sent to the Data Hub 
Collector , the component that is responsible for collecting incoming passby reports, see figure 2. Communication 
is over HTTPS using a REST-interface with the JSON data-format. 

The interfaces were defined using the OpenAPI standard. We use a token based authentication scheme and an 
extra layer of security is added by forcing all communications between the site and the cloud infrastructure 
over a dedicated VPN-tunnel. 

Data Hub 

The different sub-components of Data Hub are outlined in figure 2. Each component runs as a separate Linux 
Docker container. Different programming languages may be used here, as long as a component offers a 
standardized way to either read data from a queue, or can be interacted with over HTTP REST. We use an 
automated DevOps workflow to build, test and deploy new versions of Data Hub minimizing errors and 
developer time. 

Incoming passby reports are collected by Collector and a queueing mechanism (supported by a RabbitMQ 
message broker) is used between different Data Hub components. A document based database , based on 
PostgreSQL was used for the underlying storage, as it offers flexibility with JSON (querying). 
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Figure 9. Interactions between different Data Hub components [3] 

 

Results 

The Nautilus platform was first used in a series of tests that were performed in Teesdorf (AT), where Kapsch 
operates a test site. A series of tests was performed with dedicated vehicles driving under a gantry mounted 
with measurement equipment. Despite some communication issues between the different measurement 
systems on site, the system proved to be capable of measuring independently noise and emissions from passing 
vehicles, synchronize the results, identify the license plate, determining the vehicle category, make an 
automated request for vehicle registration data and send all results to Data Hub [4] . Further testing was done 
in pilot projects in Madrid (ES) and Florence (IT), and in test projects in Rotterdam (NL) and Munich (DE). 
Classification was triggered for exhaust and noise. 

Classification model 

For noise classification we have tested different models, the most extensive one using a machine learning 
based approach that takes into account the type approval test measurement regulations. This model was 
trained on the Rotterdam data set. Based on measured noise levels, vehicle properties obtained from the 
national registry and engine speed (in rpm), the model predicts if a passby is a normal or high emitter. Results 
of the classification of the Rotterdam data are shown in figure 3. The trained machine learning model could be 
used in Data Hub for near real-time classification of noise emissions. The graph shows that high emitters mainly 
occur at low vehicle speeds, as engine and exhaust noise are dominant at such speeds. At high engine speeds, 
vehicles are less likely to be identified as high emitters as the type approval regulations allow more noise at 
high rpm. 
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Figure 10. Passby noise levels vs speed (normal and high emitters) 

 

Conclusions 

Within the context of the NEMO project, the Nautilus system was designed and deployed to store, enrich, analyze 
and classify noise and exhaust emissions. During a testing phase in Teesdorf and in a few pilot projects in 
European cities, the Nautilus system proved to be rather flexible and robust. By analyzing the data stored in 
Data Hub, a machine learning model was trained to classify normal and high emitters for noise. 
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Introduction 

Properly aggregated road networks are usually welcomed in traffic network analysis. In those road networks, 
for example, one intersection area should be represented as only one node. One characteristic of those networks 
compared to existing road networks is that they may have a significantly smaller number of nodes and links. If 
there are too much links and nodes even if in a simple network, the calculation time and errors may both 
increase. To solve this problem, Boeing (2017) introduced a simplification method for OpenStreetMap road 
network by considering topology of the network. Yasuda et al. (2019) used ETC2.0 data, a set of vehicle 
trajectory data collected in Japan, to simplify National Digital Road Map (DRM) data by the recorded traffic 
volume of probe vehicles. 

Global Navigation Satellite System (GNSS) trajectories can be considered as a useful data source in geographic 
data analysis nowadays, and it also can be used for generating road network data. Tang et al. (2019) tried to 
recognize the structure of intersections by using local features. Huang et al. (2018) introduced graph theory to 
generate complex road networks. Meanwhile, to generate a part of aggregated road network directly from GNSS 
trajectories, Zhong et al. (2022) applied spatial scan statistics on different distributions of trajectory dot data 
to determine intersection areas. 

It is efficient to use such trajectory-based road network data in traffic network analysis when there is an 
absence of proper road network data. However, such a network should contain not only correct geographical 
positions, but also values which can be used in traffic network analysis. Also, the network should be aggregated, 
and networks with different aggregate levels can be generated automatically by only adjusting few parameters 
of the generation method, so that they can be applicated at different scales suitably. 

In this paper, we developed a method of generating aggregated road network which is suitable for traffic 
network analysis directly from vehicle trajectory data. In this method, nodes and links are detected at an 
aggregated form in advance, and different networks can be generated by considering the traffic volume of 
probe vehicles. Also, the relationship between the road network generated by proposed method and the real 
road network was validated. 

Methodology 

Network generation 

The methodology of network generation developed in this study consists of three steps: node detection, link 
generation, and network reorganization. 

A method of detecting nodes by using spatial scan statistics proposed by Zhong et al. (2022) is applied in the 
node detection step. The area represents a node can be defined as the intersection area where vehicles can 
select their routes. Considering turning behaviors during route selections, an intersection area can be defined 
as an area where data dots with large turning angle accumulates. 

Once node areas are determined, for each dot of a trajectory, the node or link which it is related to can be 
determined by checking the node pair (𝑝f, 𝑝b), where 𝑝f denotes the last node vehicle passed through before 
or at that dot and 𝑝𝑏 denotes the first node vehicle passed through after or at that dot. We can separate the 

vehicle trajectory data into each node or link by using the node pair (𝑝𝑓 , 𝑝𝑏) of dots. Dots with the same node 

pair (𝑝f, 𝑝b) can be considered as the set of fragmental trajectories 𝐷(𝑝𝑖) or 𝐷(𝑒𝑖𝑗) belong to the node 𝑝𝑖 or 

link 𝑒𝑖𝑗 of that node pair. If 𝐷(𝑒𝑖𝑗) ≠ ∅, then there may exist the link 𝑒𝑖𝑗 . For each 𝐷(𝑒𝑖𝑗), traffic characteristic 

values such as traffic volume 𝑞𝑖𝑗 of probe vehicles and link length 𝑙𝑖𝑗  for corresponding link can be easily 
calculated. 

To reorganize the generated road network with different aggregation levels, major links and major nodes are 
defined by link daily probe traffic volume 𝑞 (veh/day) and the traffic volume threshold 𝜏𝑞 (veh/day). A major 
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link is defined as a link with large probe traffic volume, i.e., 𝑞𝑖𝑗 > 𝜏𝑞 . A major node is defined as a node 
connected with three or more major links which performs not as an overpass, or a node performs as a dead-
end connected with a major link. 

Road networks generated by proposed method are called Probe Derived (PD) networks in this paper. Also, we 
call a PD network which major links and major nodes are defined by 𝜏𝑞 as a PD-𝜏𝑞 network. 

Validation methods 

The validation of validity and usefulness of PD road networks are considered from following four aspects: 
graphical characteristics, correctness of nodes and links, stability of network generation, and the results of 
shortest path search. Comparison between PD road networks and the real road network is applied for each 
aspect. We used ETC2.0 data as the real observed trajectory data to generate PD road networks. This vehicle 
trajectory data was obtained in Tokyo, Japan for three months (July 2021-September 2021). OpenStreetMap 
(OSM) road network, which was obtained as in September 2022 by using the osmnx module by Boeing (2019), 
is used as the real road network data. 

First, graphical characteristics such as number of nodes and links and link lengths show the level of aggregation 
in PD networks. In a PD network, which contains only major nodes and major links as well as one intersection 
appears as only one node, it is expected that it has less nodes and links comparing to existing real road networks. 
Also, links in PD networks are expected to have a larger length, as small intersections which split roads to 
several short portions are not expected to exist. 

Secondly, the correctness of node means if there is a real intersection geographically or not at where the node 
exists in PD network. As a node in PD network can also be represented as node areas, it can be checked that 
whether real road network nodes exist inside the node areas for each node. Meanwhile, the correctness of links 
can be checked by link lengths from a viewpoint of link performance. The road section between two adjacent 
intersections always be the shortest path between those two intersections. A link is said to be able to represent 
real road section if the length of the corresponding shortest path on real road network is the same as the link 
length on PD network. 

Thirdly, if a PD network can represent a real road network uniquely, networks of the same area should be 
generated in a stable manner even if data is obtained from different dates. That is, the similarity between those 
two PD networks is expected to be high. The similarity can be evaluated by the Jaccard coefficient. Let 𝐸𝐴 and 
𝐸𝐵 be the sets of links of network 𝐴 and 𝐵 respectively. The Jaccard coefficient defined as the size of the 
intersection divided by the size of the union of  𝐸𝐴 and 𝐸𝐵. 

Finally, the usefulness of the PD network can be validated by applying shortest path search on the PD network 
and comparing the results on a real road network. We select origin and destination points randomly from the 
set of nodes in each PD network, and calculate the shortest path of length by the Dijkstra method. Similarly, on 
the real road network, the same origin and destination points as in the PD network are used. If the shortest path 
lengths in the PD network match the corresponding lengths in the real road network, there is a possibility that 
PD networks are useful for traffic network analysis. 

Results 

Different PD networks (Figure 1b-1d) perform as different aggregate levels for the real road network (Figure 
1a). For PD-10 network, there remains many links which can be considered as aggregations of narrow roads. 
For PD-100, the shape of the network gets grid-liked, which is more similar to the real road network at normal. 
Those PD networks with low aggregate level can be used in traffic analysis focus on a part of the road network. 
As the aggregate level of probe traffic volume gets higher, there only remains links with high traffic volume 
such as national roads and expressways in the PD-500 network. This kind of PD networks with high aggregate 
level are suitable for large-scale analysis such as traffic assignment inside a metropolitan area. 
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Figure 11. Different PD networks and the OSM network 

 

a) OSM network 

 

b) PD-10                                                    c) PD-100                                                d) PD-500 

Source: a): OpenStreetMap; b-d): Authors’ elaborations. 

Table 1. Graphical characteristics of PD and OSM networks 

 PD networks OSM network 

PD-10 PD-100 PD-500 

Number of links 3,136 1,047 319 45,682 

Number of nodes 1,025 579 208 30,473 

Average link length (m) 417.04 414.87 655.90 58.85 
 

Source: Authors’ elaborations. 

The graphical characteristics, which includes number of nodes, number of links and link lengths, show that PD 
networks can be considered as finely aggregated road networks at a viewpoint of nodes and links. The graphical 
characteristics of PD networks and OSM network are shown in Table 1. There is a large reduction on nodes and 
links comparing to the OSM network, and the average link length can be considered as the same scale as the 
length of the road between major intersections in general. 

The correctness of nodes and links are confirmed in all generated PD networks. 981 of 1025 (95.7%) nodes in 
the PD-10 network correspond to intersection nodes of OSM network. And all nodes in PD-100 and PD-500 
networks are confirmed to be able to represent real intersections. For most of the links, the lengths on PD 
networks are close to the lengths of corresponding shortest path on the OSM network. Though the lengths on 
PD networks tend to be slightly smaller especially on links with curves. This is because link lengths are calculated 
from the distance of straight line between two data dots, which is smaller than the real travel distance due to 
the long sampling interval of the ETC2.0 data. 

For the stability of network generation, the Jaccard coefficients between two PD networks with same aggregate 
level can be 0.5-0.6, which means 70-75% of the links are strictly matched when the data is only from one day 
and obtained from both weekdays or both holidays. The similarity can be a little bit lower otherwise due to the 
lower traffic volume on holidays than weekdays. A usage of multiple-days data can mitigate this instability. 
When we use a combined data from more than 5 days, the Jaccard coefficients can be about 0.6-0.8, which 
means 80-90% of the links are strictly matched. 

For the results of the shortest path search (Figure 2), most of the lengths of shortest paths on all PD networks 
are larger than them on OSM network. The results on PD-10, which includes links represent for narrow roads, 
however, are closer to the results on OSM network than PD-100 and PD-500. This is mainly because the 



 

53 
 

searched shortest paths on OSM network including narrow roads which makes a shortcut. PD networks with 
high aggregate level perform more likely as aggregated networks with only major nodes and links. 

Figure 12. Relationship of shortest path lengths between PD and OSM networks 

 

Source: Authors’ elaborations. 

Conclusion 

In this study, we developed a method for generating aggregated road network data from only vehicle trajectory 
data. As a result of the validations, it was confirmed that PD networks generated by the proposed method are 
appropriately generated and aggregated. By adjusting the traffic volume threshold, networks with different 
aggregate levels can be easily generated, which can be applicated in traffic analysis with different scales. A 
future work of this study is to develop a general method to extract more information. A quantitative method to 
compare two spatial networks is also expected to be developed for verification. 
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Introduction 

The Multi-Agent Transport Simulation model (MATSim) is an open-source model that simulates population 
mobility and develops various applications depending on the available data and context. The challenge lies in 
collecting comprehensive mobility data, especially in developing countries where such data is challenging to 
create. 

Developing countries face more complex mobility patterns. Primarily, public transport cannot meet the mobility 
demand. Thus, result paratransit. It is a transportation service that supplements public transit systems by 
providing individualized rides without fixed routes or timetables (Silcock, 1981, p. 152). In Merriam-Webster, 
Paratransit is a transportation service that supplements larger public transit systems by providing individualized 
rides without fixed routes or timetables. (Merriam-Webster, 2023).  

This study aims to provide a novel approach to modeling Paratransit in Alexandria, Egypt, considering the context 
of limited data availability. The researcher aims to identify the most pertinent stop-over points required for 
Paratransit services. By achieving this, they aim to improve Paratransit traffic without significantly altering the 
inherent nature of self-organized mobility. 

Figure 13. Research framework 

 

Source: Authors’ elaborations. 

Methodology 

The model of the paratransit will consist of a fine-grained mixture of computational and non-computational 
steps, where data will be generated consonantly via computational tools and aligned/always justified with 
different shades of human interventions, as stated in 
Figure 1.  

The methodology employed in this study involves a 
combination of computational calculations and human 
calibration to achieve accurate results. Understanding the 
movement patterns of minibusses in Alexandria and 
identifying the corresponding Paratransit route patterns 
are key initial steps in this research. 

Minibus Origin-Destination Matrix 

The first step in modeling the paratransit network begins 
with determining the start and end points of the routes, 
which remain consistent despite the flexibility for drivers 
to make changes during trips due to traffic conditions and 
several emerging conditions. The traditional routes 
primarily follow main corridors, prioritizing areas with high 
passenger demand for boarding and alighting. The study 
focuses on mapping the fixed stops and connecting them 
based on the presence of active buses traveling between 

Figure 14. Minibuses OD matrix in Alexandria 

Source: Author elaboration based on OSM data. 
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the stations, assigning weights to each minibus station based on the number of accessible destinations. Most 
of the stops are in the eastern part of the city. The hubs serve several destinations. The central hubs have up 
to 12 destinations, while hubs on the edge of the study are linked to one or two stations, as illustrated in Fig.2. 

Routing Alexandria's minibusses 

Minibusses' routes are flexible; the driver can change routes before or during the trip. These changes can be 
due to traffic jams or traffic ambushes. However, the roots' beginning and ending remain unchanged despite 
the demonstrated flexibility. The traditional routes take place on the main corridors in the city as these roots 
should not always be the shortest distance in the route network, but drivers tend to take routes where there is 
a high possibility for passengers to get in and off the vehicle. 

Based on this nature and to draw the minibus lines, it was 
crucial to use a navigation network containing street 
directions and geometry for this ESRI Streetmap was a helpful 
base model for minibus routes. However, the network solver 
understood only the shortest distance between two points, so 
adding anchor points along that quarter was crucial for the 
simulation engine to model a close-to-reality route profile. 

ESRI Streetmap premium is a navigation network; a 
Navigation network is a street network with optimized street 
segmentation; It is used for a quick navigation process. 
However, the low segmentation triggered an incompatibility 
between the output routes and the OSM network, as the two 
networks were created for different reasons. As a result, a 
manual alignment of the routes was conducted to ensure all 
future analyses would be based on a route network closer to 
reality. 

Building the network 

The result of route modeling is 62 minibus routes connecting 
23 main minibus stations with a total length of 934 km in eastern Alexandria. The modeled routes correspond 
to the OSM network, as the data could be integrated with the OSM platform. 

It was crucial to design its Meta data to use best the network(Kitchin & Lauriault, 2018, p. 2). Metadata is data 
about data that facilitates its use, such as data definitions, provenance, and lineage. 

The General Transit Feed Specification (GTFS) is the most standardized mobility data protocol that organizes 
transit data. The Standards were difficult to be replicated completely to the Paratransit model. Nonetheless, the 
Paratransit database mimicked the GTFS protocol to facilitate using the data as per indicated in Table 1 

Table 3. A sample of Minibus metadata 

Start Station Destination Station Short name  Long name 

Abuquir Mahattet_Mast m01 abuquir > mahattet_masr 

Mahattet_Mast Abuquir m01r mahattet_masr > abuquir 

Source: Authors’ elaborations. 

Building MATSim model 

The model was constructed to measure the demand on Minibuses in the study context; as Alexandria is a data-
scarcity context, the model relies primarily on open-source data. Initial demands were constructed based on 
Meta's OD matrix (Maas et al., 2019), and Street networks were constructed based on OSM data converted later 
to MATSim-like data through (Neumann & Zilske, 2016) add-in. At the same time, the Minibus data were 
decoded and integrated manually with the MATSim different files.  

The model also pays attention to non-spatial urban mobility attributes like the cost of trips, normal working 
hours, and waiting time. The model tries to mimic the business-as-usual scenario to mimic the demand on the 
minibus route. Based on the GPS trajectories, the stop-overs have an average distance of 100 meters between 

Figure 15. Routing Alexandria's minibus routes 

Source: Authors based on ESRI’s streetmap premium and 
OSM data. 
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each other. According to this, the minibus routes were divided into stations every 100 meters inside the MATSim 
model. This should measure sensitively the boarding in and off behavior in the mobility scenario.  

Figure 16. The change of boarding behaviour on route 

 

Results 

The model aims to spot the most sensitive points along the paratransit routes, and based on an evidence-based 
methodology, planners can understand where to allocate a proper infrastructure that could correspond to 
minibus stop-over along routes.  

Thanks to the flexibility of the MATSim model, the 
results will be tested under different Urban mobility 
changes. For this study case, the authors changed the 
price of minibus fare and made the price per 
kilometer ten times cheaper than the car's price/km. 
The main aim behind this change is to compare the 
demand on a minibus line and understand where 
stop-overs could be allocated along the line.  

The results underline the mutation of dropping in and 
off along the minibus route as the demand increases 
at the beginning of the trip. The station illustrates a 
sharp decline in the number of passengers. That 
declination is followed by a short steady 
supply/demand along the line, followed by a 
fluctuation till demand decays near the end of the 
line.  

Figure 4 outlines the optionality of designing a 
permanent stop-over where the change in 
supply/demand is significant, while more humble 
stop-overs could be created based on the micro-
trends on the microscopic pattern. This evidence-
based approach enables planners to test several 
mobility scenarios and draft mobility policies based on the quality of the data they feed to the model.  

However, the results are very subjective to the case study and focus mainly on the minibus modeling inside the 
MATSim model; results could correspond more to reality if Public transport supply, detailed census data, and 
Urban mobility Agenda data were available for public use. Nonetheless, results remain primarily and subject to 
improvement upon the availability of relevant data.  

Figure 17. Dropping in and off for minibus route Assafrah 

to- Haddara. 

Source: Authors’ elaborations based on MATSim Simulation results. 



 

57 
 

References 

Andreas, N. (2014). A paratransit-inspired evolutionary process for public transit network design. 

Axhausen, K. W. (2016). The Multi-Agent Transport Simulation MATSim (A. Horni & K. Nagel, Eds.). Ubiquity Press. 
https://doi.org/10.5334/baw 

Kitchin, R., & Lauriault, T. (2018). Digital data and data infrastructures. 

Maas, P., Iyer, S., Gros, A., Park, W., McGorman, L., Nayak, C., & Dow, P. A. (2019). Facebook Disaster Maps: 
Aggregate Insights for Crisis Response & Recovery. KDD, 19(3173). 

MATSim.org. (2023). MATSim's Scenario Gallery. MATSim.Org. https://www.matsim.org/gallery/ 

Merriam-Webster. (2023, February 3). Paratransit Definition & Meaning - Merriam-Webster. Merriam-Webster. 
https://www.merriam-webster.com/dictionary/paratransit 

Neumann, A., & Zilske, M. (2016). MATSim JOSMNetwork Editor. In The Multi-Agent Transport Simulation MATSim 
(pp. 65–66). Ubiquity Press. https://doi.org/10.5334/baw.8 

Silcock, D. T. (1981). Urban paratransit in the developing world: Foreign summaries. Transport Reviews, 1(2), 
151–168. https://doi.org/10.1080/01441648108716456 

   



 

58 
 

A smartphone-based mobility survey feeding the implementation of the Harmony 

Model Suite in Turin 

F. Fermia, F. Chiricoa, A. Martinoa, I. Tsourosb, A. Tsirimpac, M. Kamargiannid 

a TRT Trasporti e Territorio, via Rutilia 10/8, Milan 20141 (Italy) 

b TransDeM Lab, University of the Aegean, Korai 2A, 82100, Chios (Greece) 

c MOBY X Software, Anexartisias & Athinwn Street, Limassol 3040 (Cyprus) 

d MaaSLab, University College London (UCL), 14 Upper Woburn Place, WC1H0NN, London (UK) 

 

Introduction 

With the advent of emerging technology and mobility services aimed at a sustainable transition to a low-carbon 
and new age of mobility, city authorities are confronted with the task of integrating new mobility services with 
the existing plans for land use and transport. In regional and urban policy making, the value of integrated spatial 
and transport planning arises from the profoundly interdependent relationship between land-use, transport 
demand and transport supply. 

The HARMONY Model Suite (HMS) offers a new generation of harmonized spatial and multimodal transport 
planning tools that comprehensively model the evolving dynamics of the transport and spatial organizations, 
enabling the authorities of the metropolitan area to sustainably lead the transition to a new age of low-carbon 
mobility. The HMS is a multi-scale, software-agnostic, integrated activity-based model framework enabling end-
users to link independent models and analyse a portfolio of regional and urban interventions2 for both passenger 
and freight mobility by integrating land-use models (strategic/long-term), people and freight activity-based 
models (tactical/mid-term), and multimodal network (operational/short-term) models allowing for vertical 
planning. The key aim of the model system's architecture is to allow for the assessment of such initiatives in 
terms of their effect on land use, economic development, transportation networks, electricity, vehicular noise, 
GHG and air pollutant emissions. 

One of the pilot cities where the HMS has been applied is Turin (IT), to test scenarios aimed at rebalancing the 
demand for transport between collective and individual, in order to reduce congestion and improve the 
accessibility to the various urban functions. 

Methodology and results 

The HARMONY Model Suite application in Turin involved several modelling components at different level. The 
main template applied for the simulations is related to the tactical and operational levels, linked with some 
models of the strategic level. These models consist of: i) a population model, that generates the total population 
disaggregated into age-sex cohorts that define the overall size of the city systems in question; ii) a synthetic 
population model to translate into more disaggregated population the data from population model; iii) a long-
term household and individual vehicle choice model, to estimate vehicle ownership and mobility services 
subscriptions; iv) a tactical activity-based passenger model, that takes inputs from the aggregate economic and 
demographic forecasting models and estimates passenger’ choices on a day-to-day level; v) a passenger 
network traffic assignment model, to load passenger demand into different types of networks; vi) an energy 
and emission model, to estimate energy consumption and air pollutant emissions related to passenger mobility 
patterns in the metropolitan area. These models interact with each other, exchanging data as shown in Figure 
1. 

The core of the template is the Activity Based Model which consists in the Tactical Passenger Simulator and 
which requires to collect a multitude of diverse and difficult data, with activity and travel diaries being the most 
problematic to acquire. Travel and activity diaries, which usually take a significant amount of time and 
concentration to fill-in, put a significant burden on the survey respondent and are usually costly and prone to 
errors such as under reporting (Bricka and Bhat, 2006). The approach followed in the Harmony project was to 
utilize mobile phones to assist in the data collection process (Prelipcean et al., 2018; Pronello and Kumawat 
(2020). Specifically, the development in technology and data fusion enables close communication to the 
respondents in surveys, decreased respondent burden, and increased amount and quality of information 
(Polydoropoulou et al., 2013 or Matyas, M., & Kamargianni, M. 2019). 
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Figure 18. Template of Strategic-tactical and operational Model Suite for Turin 

 

The travel survey making use of MobyApp in Turin Functional Urban Area (which includes the city of Turin as 
well as other 87 surrounding municipalities) was originally planned for autumn 2020, but the COVID-19 
pandemic forced to delay until February 2022. The survey specialist company IPSOS was engaged to select a 
representative sample (around 600 persons) based on pre-defined criteria. A first criterion was that the sample 
should consist of individuals distributed throughout the whole Turin FUA, proportionally to population living in 
different zones. Further criterion was the stratification according to Gender; Age; Occupation and Number of 
cars available in the household. 

The first part of the survey aimed at collecting preliminary information on individuals and on its mobility habits. 
The second and main part concerned the collection of information on individual daily trips: origin, destination, 
duration, purpose, mode of transport. In the third part, Stated Preference (SP) questions were asked, based on 
the mobility behaviour registered in the first section and focused on: Dynamic Travel Behaviour, Mode Choice, 
Mobility Tool Ownership, and Remote Working. The data collection was managed via the Survey Integrated 
Platform which consists of four key technology components: i) the Admin App, which creates and sets up all the 
surveys based on the needs of the client; ii) the Client App, which provides a survey management tool to those 
who organise the survey (the clients of MOBY X ) to supervise the progress of the survey and check key statistics 
of the collected data via infographics; iii) the Smartphone App (Android and iOS) that collects raw data, such as 
GPS, GSM, Wi-Fi and accelerometer. Also, it enables users to see their activities/trip diary via the App; and iv) 
the Server that stores the collected data as well as contextual databases and processes it using machine 
learning algorithms to detect trips and stops and infer activities. 

Figure 19. The smartphone application of the Moby App platform 

 

Each participant to the survey had to login and fill in the Introductory Questionnaire (a mandatory step) in order 
to collect some basic information on the mobility attitude of the users. Once these steps were completed, the 
MobyApp started to track the trips and the places visited by the user. The application collected time and duration 
of the trips, transport modes used, and time spent, recording up to 5 different transport modes within the same 
trip. The application automatically recognized trips, transport modes and visited places by associating travel 
features (especially speed and acceleration) to a transport mode. Nevertheless, the user’ validation was always 
needed to confirm the transport mode used in those cases where it was not possible for the application to 
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automatically distinguish, for example, private cars and taxi. Additional information was gathered as well during 
the validation phase, such as the number of people travelling with the user, the type of vehicle (private or 
shared), parking information, etc. 

Figure 20. Survey results: Modal share in the Functional Urban Area of Turin 

 

The data provided by the mobility survey were used as key input of the Harmony Model Suite application in the 
Turin FUA. The different scenarios considered incisive mobility policies, pushing the collective transport use 
through large infrastructure investments (such as the underground extension and the metropolitan railway 
service) and through new ITS based mobility services, as well as measures considering remote working and 
urban vehicle access regulation. 

The first use case relied on the SUMP reference scenario and was designed to simulate selected land use 
developments and new public transport infrastructures planned to be in place at the projection year 2030. This 
was the basis also for the other three: the second one aimed at promoting the integration of public transport 
(urban and inter-urban) with shared mobility services (car, bike, e-scooters and mopeds); the third one tested 
the impacts of changes in mobility patterns of individuals, as a result of the diffusion of remote working and 
revised activity schedule (albeit less intensely than at the pandemic peak) and eventually the fourth one 
concerned the introduction of Urban Vehicles Access Regulation measures, considering both traffic calming and 
Low Emission Zone. 

The four use cases were simulated with the modelling components of the HMS. The impacts have been analysed 
in terms of several output indicators, such as mode split, transport demand, accessibility, GHG and air pollutant 
emissions, energy consumption. 

Conclusions 

The integrated usage of the MOBYapp and HARMONY MS demonstrated some significant advantages over 
traditional ways of integrating travel and activity diary data with model systems but also some barriers and 
technical difficulties. The streamlining of the MOBY app data to the Activity Based ABM pipeline was smooth, 
with expected delays in data cleaning and processing. The process is far from automated, apart from regular 
data cleaning algorithms, specific, human-driven data correction and algorithms need to be put in place to 
remove GPS errors, duplicates in the database and to improve mode and activity prediction. The effort of the 
user is imperative to acquiring useful and cleaner data, and it is important to stress the effect of incentives or 
rewards in the process of data collection and sample recruitment in order to motivate survey respondent to 
verify their trips and activities. 

The modular and flexible deployment of the HARMONY MS ABM proved to be useful for the use-cases 
investigated in Turin. The use-cases allowed to use several modelling components of the HARMONY MS in an 
integrated way, providing interesting results through the analysis of key performance indicators ranging from 
transport to socio-economic and environmental topics. 
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Introduction 

To date, most existing transport demand models incorporate only conventional transport modes like driving, 
public transport, cycling or walking. However, in recent times, multimodal and intermodal behaviour as well as 
new mobility modes like ridehailing, carsharing or e-scooter sharing changed mobility behaviour, especially in 
urban areas. Nevertheless, accounting for this behaviour in transport models is still at the beginning. One reason 
is the missing empirical knowledge on how those new transport modes and opportunities impact user behaviour. 
This research therefore focusses on gaining knowledge on the usage of bike sharing, and in particular on gaining 
knowledge on user behaviour at mobility hubs (multimodal stations, placed next to public transport stations 
that offers various forms of first and last mile mobility options). This is done by using the data source of the 
General Bikeshare Feed Specification (GBFS) gathered through APIs provided by shared mobility operators for 
transportation research. 

In the following, this paper explains the data acquisition process of this new data source, the data cleaning 
process and moreover, how this empirical usage data can be analysed and used for transportation research 
and modelling. For this reason, usage data of a bike sharing system in Berlin is used and analysed with focus 
on usage at mobility hubs. 

Methods and Data 

For most bike sharing and also e-scooter sharing systems, live data is available in the GBFS-Format. Those data 
include information on the vehicles and its characteristics as well as current locations, stations and their 
availability as well as system pricing (GBFS, 2022). While its main purpose is to make information available for 
public transport applications or MaaS applications, those data can also be used for transport research to analyse 
the usage of the system. 

When sending a request to a GBFS-API, the GBFS-API used here is from Nextbike in the city of Berlin, Germany 
(Nextbike, 2022), data on all available vehicles as well as on the stations will be returned. All available vehicles 
mean that all those vehicles, which are available to rent for a user are displayed. This vehicle information 
contains a unique id, the bike number, as well as the geolocation of the vehicle and if it is docked to a station. 
As the bike sharing system in Berlin is a hybrid system, bikes can also be returned outside of station in a free-
floating area. Together with the timestamp of the request, this gives a single snapshot on all available vehicles 
in one city. From this data, it is possible to identify the bike distribution, potential cluster or underserved areas. 
However, this information is limited to the single time of observation, which cannot give the full picture. 
Consequently, when regularly sending a request to the GBFS-API, multiple timestamps of observations will be 
available. By fusing this data together, it can be used to identify usage patterns and bike distributions also over 
time. One step further, when time between two requests shrinking, it will be even possible to identify movements 
of vehicles as they disappear, when rented to a user and reappear, when returned. However, identifying 
movements and especially trips comes with multiple difficulties as not every movement is a user trip (e.g. 
redistributions) and furthermore, the time between two requests is crucial in order to track the movements 
correctly. While in recent literature some approaches relied on comparable data requested through APIs, those 
are either limited by their request interval or their time period of observation, as regularly requesting and saving 
all information is very data intense (Reck et al., 2021; Radzimski and Dzięcielski, 2021; Li et al. 2022). 

For the present paper I collected the data through the GBFS-API over the first nine months of the year 2022 
performing a request about every two minutes. From this vehicle location data over the full time period, multiple 
analysis is done. First, movements of the vehicles are calculated by observing the unique bike id over time as 
previously explained. To identify which movements counts as trips, the classification shown in table 1 is used 
here to process the data. Second, to identify the influence of the request interval on the number of trips 
recorded, movements and trip classification were additionally calculated mocking different longer request 
intervals. This shows then, the impact of the time interval on the results. Third, the trip data is analysed in terms 
of the user behaviour at mobility hubs. This is to enrich scare literature on mobility hubs (e.g. Weustenenk and 
Mingardo, 2023) but also to present a hands-on example for the insights through this data source. 
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Table 4. Characteristics to identify movements as trips 

Variable Minimum Value Maximum Value 

Distance (great circle) 200 Meter 20,000 Meter 

Average speed 3 km/h 20 km/h 

Trip duration 1 Minute 60 Minutes 

Results 

First of all, results on the impact on trip counts depending on the used research interval is presented in figure 
1. For the analysis, daily trip counts were calculated over one month with request intervals of 2, 4, 6, 8, and 10 
minutes. From this analysis it is striking that the time interval between two requests, linearly reduces the 
number of trips that are logged by requesting the API. This has a practical implication for the usage of GBFS-
data for transport research as it is clearly shown, that trip data accuracy reduces a lot when request intervals 
are too long. 

In terms of insights into mobility behaviour, based on the calculated trip data for the year 2022, general trip 
demand for bike sharing for different time intervals can be identified. For example, figure 2 shows the number 
of trips starting at multimodal mobility hubs in Berlin per day over the course of the first nine months of the 
year 2022. From this, it can be seen that trips are lower in winter and spring but stay pretty much constant over 
the summer. In addition, the graph shows a maximum of 80 trips per day which translates into less than 2 trips 
per day per station, given the number of 53 mobility hubs available. From this, it can be very much concluded 
that the mobility hubs are, at least for bike sharing, not much used. Further analysis gives insights into daily 
trip patterns at mobility hubs in terms of daily variation of trips starting or ending at stations showed in figure 
3 as well as insights into destinations reached from the mobility hubs presented in figure 4. Those can then 
give information about intermodal usage of bike sharing. Figure 3 with the number of trips starting, summed 
together for all mobility hubs, shows that bikes are especially rented in the afternoon with the peak in between 
18:00 and 19:00. In contrast to overall mobility behaviour, the data shows that there is no real morning peak. 
Figure 4 presents then the destinations of bike trips starting at four selected mobility hubs. Those hubs are all 
outside the inner city and are located at an urban rail or metro station. The destination analysis reveals then 
that most trips are performed into the inner city and not to local destinations around the hubs, indicating that 
bikes from mobility hubs are not used as last mile but rather as substitute for public transport. 

Figure 21. Trips recorded over one month depending on the request interval 

 



 

64 
 

Figure 22. Trips per day in 2022 

 

Figure 23. Destinations from trips starting at mobility hubs 
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Figure 24. Destinations from trips starting at mobility hubs 

 

Source: Author’s representation, Background Map: CartoDB. 

Conclusion 

All in all, the presented research presents the opportunities that are given through the usage of GBFS-data in 
the transport research and transport modelling field. The gathered data give valuable insights into the usage 
of shared bicycles, user behaviour and, in this case, the impacts of urban mobility hubs. Consequently, this 
contribution aims at presenting challenges, learnings but in particular the possibilities that new data sources 
like GBFS-data opens for the field by one the one hand presenting insights from the processing (request interval) 
but at the other hand gives also an example of the practical usage for mobility research at the example of 
mobility hubs. 
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A deep learning framework to generate synthetic mobility data 
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Synthetic datasets are useful when real-world data is limited or unavailable. They can be used in transport 
simulation modelsto predict travel behavior or estimate demand for transportation services. However, building 
these models requires large amounts of data. We propose a novel framework to generate a synthetic population 
with trip chains using a combination of generative    adversarial network (GAN) with recurrent neural network 
(RNN). Our model is compared with other recent methods, such as Composite Travel Generative Adversarial 
Networks for Tabular and Sequential Population Synthesis (CTGAN) and shows improved results in predicting 
trip distributions. The model is evaluated using multiple assessment metrics to gauge its performance and 
accuracy. 
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Estimating the impact of traffic congestion on noise emissions using vehicle 

trajectory data from UAS 
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Abstract - In modern cities, excessive noise from traffic has a detrimental effect on people's health since it 
can lead to physical stress, cardiovascular disorders, and sleep disturbances, among other things. In this paper, 
we estimate noise emissions in Athens, Greece using detailed trajectory data collected from a swarm of drones. 
We use a basic sound propagation model and the CNOSSOS-EU model. We first estimate the noise level at bus 
stops and then measure the contribution of heavy vehicles to the overall noise. Then, we investigate both 
microscopic and macroscopic noise levels. The results reveal that the mean speed is unable to forecast the 
aggregated equivalent continuous sound levels, even though they exhibit a distinct pattern with accumulation. 
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Introduction 

Public transport service data is key to understand population accessibility levels to places and opportunities, and, with that, for 
the design, implementation and monitoring of different transport policy initiatives at European, national and regional level (e.g. 
those in relation to the decarbonisation of transport by promoting a more intense of use of public transport). This data 
analysis field is evolving fast, as more public transport data are becoming available, and is not exempt from challenges, 
particularly in regard to harmonisation and completeness-of-data requirements. 

In relation to the latter, the Commission Delegated Regulation 2017/1926 supplementing the Directive 2010/40/EU on the 
framework for the deployment of Intelligent Transport Systems established “necessary specifications in order to ensure that 
EU-wide multimodal travel information services are accurate and available across borders to ITS users” (EC, 2017) through 
National Access Points (NAPs). Different initiatives support the implementation of the Delegated Regulation 2017/1926 like 
the National Access Point Coordination for Europe (NAPCORE) program, with the role of setting recommendations and 
identifying gaps in the design, alignment, implementation and coordination of European NAPs.  

Moreover, in December 2020 the European Commission adopted the “Sustainable and smart mobility strategy” with an Action 

plan of 82 initiatives (EC, 2020) working towards a more sustainable, smart and resilient EU transport system. One key area 
of action is “Innovation, data and artificial intelligence for smart mobility”, which promotes the development of “a common 
European mobility data space and establish a stronger coordination mechanism for the national access points established 
under the ITS Directive” (EC, 2020). 

In this context, this note presents the main components, steps and challenges of a methodology developed to build a 
comprehensive database to characterise the supply of railway services across Europe. The approach is divided in two main 
steps: a) building railway services datasets for each country (national and cross-border services), and b) integrating country 
datasets into a single harmonised European railway services database. 

Railway service datasets at country level 

The first step of the methodology presented is the analysis of the MERITS (Multiple East-West Railway Integrated Timetable 
Storage) database available from the Union Internationale des Chemins de fer (UIC). The version of the MERITS dataset 
discussed here was downloaded in July 2019 and subsequently converted from its native EDIFACT11 format into General 

Transit Feed Specification (GTFS) datasets by a number of dedicated number of tools developed by DG REGIO. 

The coverage of railway services is for the period 2018.12.09–2019.12.14, and includes timetable data from the majority of 
EU Member States (MS) and neighbouring countries (i.e., CH). It does not cover however the railway supply of some MS (i.e., EE, 
EL, IE), and for several other MS this coverage is only partial.  

The first part of the methodology consists in splitting the services for each country in the MERITS database (39 in total), 

separating national from international services. For each country and type of service, a separate GTFS set of files is produced, 
taking into account all relevant relations between the files within each set (as defined by the GTFS standard) and across the 
GTFS sets. For each of the countries where MERITS proved to be incomplete (e.g. DE, ES or FR), the corresponding GTFS file is 
deleted, and a new (slimmed down) version of the MERITS is built. 

The second part of the methodology is the comparison of the coverage between the MERITS data above and data from 
national sources (mainly national railway infrastructure managers and railway operators). For each of the countries in the 
MERITS database, and each of the days covered in the data, the total number of services, total number of train-km and total 
number of stops is analysed. When the difference in the coverage indicators is significant, the data for that country is 
removed from MERITS, and replaced by the data from the national source. The comparison of the coverage is at country level, 

                                                        

 

(11)  The United Nations Rules for Electronic Data Interchange For Administration, Trade and Transport is a message oriented data format.  
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but the output from the tools is also provided at NUTS3 level, which has proven relevant for relatively large countries where 
data typically come from regional/local operators. 

The data comparison process requires some manual intervention, since the databases being compared do not always refer to 
exactly the same period. As a result, case-by-case evaluation is needed to ensure that the days selected for each of the 
databases represent the same type of day (in particular a typical working day outside holiday periods), for which a reasonably 
similar supply of services is expected. 

An additional case where some manual intervention is needed is where national sources of data are significantly more 

complete in terms of national services, but not in terms of international ones. For these cases, which typically involve the 
presence in the national source of only part of the international services, the cross-border services are flagged, and then some 
manual analysis/verification of the services is carried out, to avoid double counting. The tools developed are able to discern 
amongst similar services (i.e., services with identical or similar patterns of stops visited), and evaluate if their corresponding 
departure/arrival times are sufficiently close, to reduce the number of services that are candidates for evaluation (manual 
intervention)12. 

The other case in which some manual-type evaluation is needed is to identify the cases in which the newly built European 
railway services database (integrating MERITS data for some countries and national sources for others) contains “holes” in the 
coverage, complementing these gaps with alternative data sources. To assess this issue, the database is compared with a 

previous European railway services database built by DG REGIO and JRC in 2015 (the MERITS2015 database), using data with 
reference year 2014 from MERITS and complemented with some national sources. The comparison involves an extensive 
(manual) checking, to see if the services are still active and can then be transferred from the previous dataset to the new one 
presented in this note. 

Summary of the datasets included in the newly built railway services database 

A total of 39 countries are covered in the analysis, including all EU MS plus UK, EFTA, Western Balkans and neighbouring 
countries such as UA, MD, RU and BY. No railway data are included for CY, MT (as expected), nor for IS or TR. 

The data are selected to represent a working weekday in a typical working month (i.e., neither summer nor holiday periods) 
during 2019, and additional research is carried out in order to check that the differences due to considering different days in 
the integrated database are small (i.e., stable supply). 

The alternative source for DE is the one available from the German National Access Point for public transport data (the data 
owner and provider is DELFI e.V.). The coverage of services for is for the period 2019.12.15 – 2020.12.12. The data was 
available in two formats: NeTEx13 and GTFS, although the NeTEx option proved to have a rather more complete description of 
the services operated by all German railway operators. 

For this reason, a set of tools have been built to systematically query the NeTEx framework and convert the relevant parts into 
a GTFS-compatible output14, to be able to compare/integrate it with other GTFS databases. No similar such tools were readily 
available, as these have proven to be very much dependent on the type of NeTEx data (country-specific frameworks, e.g. for 

FR or NO), or were embedded as part of wider projects that make their use not straightforward (e.g. FR-Chouette). Given the 
detail of the NeTEx framework, and the fact that DELFI data includes not only railways but all public transport supply in 
Germany (buses, etc.), a significant part of the work have been devoted to develop tools that efficiently built a GTFS version of 
the data out of the NeTEx framework. 

Integration into a European passenger railway services database 

Once the railway services datasets for each country are built (section above), the integration into a single dataset (set of GTFS 
files) follows the methodology described in this section. The first step of the integration of datasets is the allocation of a 
unique tag identifier (TagID) to each of the relevant IDs in each dataset (i.e. for trips, stops, services, agencies, etc.). This 

                                                        

 

(12)  The actual deletion of services from the database (which involves changes in several files of the corresponding GTFS dataset) is not carried out manually, 
but by the set of tools developed, which take into account the dependencies within each GTFS dataset. Only the flagging of the services that require some 
review is carried out manually and via a Geographic Information System (GIS) viewer. 

(13) The NeTEx (Network Timetable Exchange) is a CEN (Comité Européen de Normalisation) standard for exchanging public transport 
schedules and related data.  

(14)  Many public transport data feeds are only available in GTFS format, and this standard is (at present) required for the graph building 
involved in the routing algorithms that are employed over the data (e.g. OpenTripPlanner). 



 

70 
 

process allows to compile different datasets together without losing track of the details of each of the separate datasets 
being integrated. The tools carrying out the tagging focus only on “unique” entities, so that that the integrated database does 

not include an unnecessary number of identifiers that represents the same entity (e.g., a stop, a trip, an agency). For instance, 
geo-located entities (stops) are merged based on their coordinates (if they are identical), while other entities (trips, agencies) 
are based on their description, being this either their name (for agencies) or their departure and arrival time for a given day 
(for trips). The merging of several entities onto a unique one keeps track of the changes, so that the original datasets can be 
traced back if needed. 

The second step concerns the optional clustering of stops, where those stops that represent the same entity, but are coded 
differently, are identified and grouped together15. The process of clustering stops is undertaken by tools developed to both 
search within a given distance range from each stop and then compare the stop names in the search zones (identical and 
similar stop names are identified). Note that for those stops that are within the range (e.g. 100 metres) but have an 

altogether different stop name, some manual intervention is needed to flag if the clustering is applicable. The output of this 
process provides a way to allocate all the stops in the integrated dataset into meaningful groups, while keeping all the tagging 

within the dataset16. 

The third step in the integration of the country-based datasets relates to the harmonisation of time zones and dealing with 
hour format issues, so that the resulting integrated dataset does not introduce artificial/unrealistic delays or improvements in 
speed when services are operating between stops in different time zones. This is considered in the tools developed, which 
receive as input the time zone (hours to add or delete) from each of the integrated datasets. The integrated dataset is built 
with a common Europe\Brussels time zone for all services included. The same set of tools takes care of the issue that may 
arise when some timetables are built according to a [00+]:mm:ss format while others are so in a [24+]:mm:ss one, so that 
travel times and speeds are properly evaluated. In the same line, these tools allow for a consistent systematic manipulation of 
the datasets, so that services after midnight of a given day can also be incorporated, if needed, into the early morning supply 

of the same day. None of these changes is implemented manually, but rather provided as an output by the tools developed. 

Features of the newly built European railway service database 

Table 1 presents the coverage of the European railway services included in the newly built database. The numbers in the table 
refer to unique trips (i.e. unique patterns of stop times to avoid reporting an artificially high number of trips) and adopt the 
concept of clustered stops (representing a single entity, see section above). 

Table 5. Coverage and features of the newly built database of European railway services (2019, daily figures) 

Geographical region Stops Links Services Train-km 

EU 30,014 80,508 1,639,826 8,375,377 

All countries in the dataset 37,576 101,201 2,100,253 11,238,297 

Source: Own elaboration. 

Figure 1 presents some of the results describing the newly built European railway services database (2019 data) in reporting 
connections (links) between stops (with graduated colours representing total number of services in each connection) and 
speeds between stops (with graduated colours representing average speed, according to number of services, for each 

connection between stops).  

                                                        

 

(15) This allows to produce relevant activity statistics considering as the same stop those coming from geo-location and coding in different 
datasets or to identify the relevant origin-destination pairs to find optimal (e.g. earliest arrival time) paths between stops. 

(16) The clustering allows to produce relevant activity statistics considering as the same stop those within a given range (e.g. all points 
geo-located differently within a major railway station) or to identify the relevant origin-destination pairs to find optimal (e.g. earliest 
arrival time) paths between stops. 
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Figure 25. Spatial distribution of railway connections of the integrated dataset (2019) – representation according to number of services per 

connection (left) and according to average connection speed (right). 

 
 

Conclusions and further research 

The newly built European railway services database is used as input data for the analysis in Brons et al. (2022). The tools 
developed by the JRC to build this database completes the following main tasks: 

— Clean a given GTFS dataset and analyse the coverage of the cleaned GTFS dataset for each of the days covered by the 
dataset. 

— For each of the days of interest, build a single-day GTFS dataset (and shapefiles for stops and lines with summary 
statistics of arrival/departures number of stops) with only the services operated during that day.  

— Build an integrated GTFS dataset that compiles a given number of cleaned single-day GTFS datasets and shapefiles and 
summary/statistics for the integrated GTFS dataset. 

— Cluster the stops to reduce the size of the integrated dataset (keeping track of the original TagID) propagating the 
clustering to files other than stops.txt (i.e. stop_times.txt, etc.) 

— Streamline of the GTFS dataset to include TagIDs for all entities (stops, trips, services, agencies).  
As the data becoming available (from National Access Points and other sources) is evolving fast, e.g. via more frequent 
updates of data that are not always consistent with previous releases, JRC tools are being developed to reduce the current 
need for (some) manual intervention when joining different datasets. The objective is to be able to incorporate data 
incrementally into an integrated dataset (only when the updates significantly improve the coverage), through automatic 
procedures that control for the absence of double counting and identify “holes” of coverage. This is still more relevant for 
modelling tools accounting for multimodality, when railway data are combined with other (more dense) public transport data. 
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Introduction 

The implementation of Automated and Connected Vehicle systems on the road while ensuring its safety is now 
a major challenge in the transportation field. Nevertheless, depending on the strategies adopted, their 
deployment can take a considerable amount of time [1], which challenges their rapid implementation. Thus, the 
reduction of the number of testing scenarios is one of the major issues today in the context of certification and 
validation for new intelligent transport systems. Multiple approaches were developed to design testing process 
for CAV. While the distance-based approach [2] remains naive and inefficient, a competitive approach raised in 
the literature is the scenarios-based approach. The distance-based approach consists in driving a vehicle on the 
road until the validation is reached, i.e., a sufficient variety of situations is met by the vehicle under test. In 
contrast, the scenarios-based approaches develop methodologies to directly guide the vehicle toward relevant 
scenarios. Nowadays, it should be noted that some exploratory work has been done to identify and/or reduce 
the scenarios [3-4].  However, to the best of our knowledge, there is no procedure in the current literature to 
analyse and drastically reduce a multitude of scenarios in order to evaluate them. The objective is therefore to 
identify, group and reduce the scenarios to be tested. The innovative approach proposes simultaneously to 
reduce the abstract layer of scenarios (functional scenarios) to be tested and analyse them a priori in order 
to propose experience plans exhaustively covering the scope of possibilities. 

Methodology 

The overall methodology is summarized in Fig.1 and broken down into 6 steps: 

1. Step 1 - Generation of functional scenarios by an ontology: it concerns the process of defining 
an ontology and the exhaustive set of functional scenarios using this ontology; 

2. Step 2 - Criticality qualification of a subset of Functional Scenarios: it focuses on the data 
processing that will assign a criticality distribution to the functional scenarios, then a critical index. 

3. Step 3 - Extraction of underlying and latent relationship between ontology attributes and 
criticality index of functional scenarios: based on the Latent Dirichlet Allocation (LDA) [5] 
clustering process, some underlying topics and clusters are generated and enable to associate criticality 
index degree to ontology attributes generating functional scenarios. 

4. Step 4 - Generalisation of the underlying features to qualify any functional scenario: based 
on a partial least square method, the reconstruction process takes advantage of the formulation of 
the underlying topics resulting from LDA to predict a priori the criticality of any new functional scenario. 

5. Step 5 - Clustering of scenarios between semantic and criticality terms: based on hierarchical 
ascendant classification (HAC), the functional scenarios are classified based on the difference between 
the Euclidean distance of the words versus the a priori criticality difference of the scenarios. For each 
scenario i and scenario j, the distance equal to: 

𝐷𝑖𝑠𝑡(𝑖, 𝑘) =
𝐷𝑖𝑠𝑡𝑤𝑜𝑟𝑑  (𝑖, 𝑘)

𝐷𝑖𝑓𝑓𝑐𝑟𝑖𝑡𝑖𝑐𝑖𝑡𝑦(𝑖, 𝑘)
 

where 𝐷𝑖𝑠𝑡𝑤𝑜𝑟𝑑(𝑖, 𝑘)  is the Euclidean distance of the scenario binary vector i and j, and 
𝐷𝑖𝑓𝑓𝑐𝑟𝑖𝑡𝑖𝑐𝑖𝑡𝑦(𝑖, 𝑘) is the difference in criticality between scenario i and j. 

6. Step 6 - Reduction of the number of functional scenarios in each cluster: Selection of 
representative scenarios for each group in terms of scenario criticality and word representation. 
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Figure 26. Methodology of reduction of scenarios in 6 steps 

 

Results 

Representation of a functional scenario 

Fig.2 shows an example of a scenario generated with the ontology. This ontology generates a scenario in 5 
layers (all independent). Layer 5 represents the weather, Layer 4 represents the dynamic and static objects, 
Layer 3 represents the temporal changes (e.g., road works), Layer 2 represents the road infrastructure and 
Layer 1 represents the road topology. In addition, the vehicle objective is added to the scenarios that sets up 
its starting point of arrival and its ending point. 

Figure 27. 5-layer representation of functional scenario 

 

Latent Dirichlet Allocation Results 

The results of the LDA can be seen in Fig.3. According to the elbow method, we find an optimal number of topics 
equal to 5 (for 36 scenarios). Each topic can be interpreted as the distribution of a "typical" functional scenario 
with its own criticality index. For example, a very critical "Sf" and a less critical one. Another convincing result is 
the distribution of topics in each Sf, this is interpreted by the contribution of a more or less critical topic in each 
Sf. 
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Figure 28. Latent Dirichlet Allocation results:(a) topic distribution (b) topics distribution in each functional scenario 

 

Partial Least Mean Square Results (Reconstruction) 

Fig 4 illustrates the gap between a priori estimated criticality indices and observed values drawn from field test 
data. We compared our model with two other methods, a classical KNN method and a least squares method. In 
addition, Table I shows the different performance indices. First, using the R2, we notice that the two least 
squares methods perform better than the KNN method. However, the classical least squares method 
underestimates the high criticality index scenarios contrary to our model. 

Figure 29. Comparison of the reconstructed criticality with the real indices of 3 methods (LDA + Partial Square in red, 
LDA + Least Square in blue, KNN in green) 

 

Table 6. Performance index of the reconstruction 

Index LDA+PLS KNN LDA+LS 

RMSE 1,47 9,34 6,15 

Max Error 6,09 36,02 18,86 

R2 0,97 0,08 0,53 

Clustering and reduction of functional scenario 

Fig.5 shows the results of our strategy to select the most critical scenario. This method is compared with two 
other methods: random drawing of the same number of scenarios and drawing of the most critical scenarios 
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corresponding to the same number of scenarios drawn in our method. We can see that even though the 
maximum tragedy allows us to cover a little more overall criticality, our method enables better coverage of all 
the words of our scenarios, i.e., the scope of possibilities. 

Figure 30. Result of clustering and reduction 

 

Conclusion 

This new reduction methodology has potential in several ways. First, unlike many functional scenario 
generations, the emphasis is on the stochastic aspect of the words to be more in line with the philosophies of 
the simulation tools (e.g., the travel demand profile). The a priori generation of new functional scenarios difficult 
to observe in the field does not emerge in the literature despite its potential. The choice of reducing the most  
critical scenario of a group seems relevant in view of the diversity of the scenario but also of its potential 
hazard, compared to other approaches. 

Nevertheless, this approach has some limitations, such as the number of data processed in the field and also 
the actual profile of the "artificially" generated scenarios and the over (or under) estimation of criticality for 
some scenarios. The next steps will be to process more data to strengthen findings and eventually identify 
replication abilities in simulations for the validation of CAV systems. 
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Introduction 

This contribution analyses the change in the use of virtual validation methods and simulation in the 
development process of cyber-physical systems. Credibility is identified as an essential characteristic for a 
reliable validation environment, which does not only describe model accuracy, but depends on many factors in 
the process. In the analysis of validation environments, particular focus is placed on advanced driver assistance 
systems (ADAS) and automated driving systems (ADS). 

Methodology 

Based on exploratory research this effort investigates the use of virtual validation methods in the development 
process of cyber-physical systems from a holistic product engineering perspective. For this purpose, it is first 
examined how complex systems-of-systems simulations are built from submodels and how these can be 
modeled in the context of the XiL framework according to (Albers et al., 2013) and (Riedmaier et al.). 
Furthermore, it is observed how the roles of the creators and users of the simulation models change and 
whether new roles emerge. (Düser, 2022) Furthermore, the cycle-oriented processes coming from software 
development such as CI/CD will be considered and the impact on the classic product development process will 
be elicited. Finally, new fields of application for simulation are identified. 

Results and Findings 

Increasing complexity and transformation to systems-of-systems 

In the past, modelling and simulations were in general built, executed and evaluated by a simulation engineer 
with dedicated expert knowledge. The simulation engineer therefore had a very good understanding of the 
accuracy of the models and what statements could be made with the entire simulation. Today, this approach is 
no longer feasible due to the increasing complexity of the products towards systems-of-systems and the 
extended use of virtual methods. This can be illustrated by highly automated vehicles. Validation of the overall 
function of such a vehicle can only be achieved by holistically mapping the relevant subsystems. For this 
purpose, the subsystems involved can either be modeled virtually or integrated physically into the validation 
environment. This applies not only to the systems directly integrated into the vehicle (sensors, perception 
algorithms, motion control, drivetrain), but also to the systems surrounding as well as all the humans interacting 
with the vehicle. Especially the modelling and simulation of the environment and the human are major 
challenges for the validation of these cyber-physical systems. Due to the multi-layered interaction between 
humans and cyber-physical systems, it is becoming increasingly difficult to model humans realistically. These 
interactions include, for example, situations during the handover between vehicle and driver, pedestrians in 
traffic, or the effects of the automated vehicle on the well-being of the occupants. According to Taylor, the 
realistic representation of human behavior is the greatest challenge in modelling. Both the prediction and the 
representation of the behavior must be modeled. (Taylor et al., 2015) According to the required fidelity level 
the representation of humans can for example also be recorded by motion capture and replayed. The modeling 
of the environment must be carried out as required according to the validation goal. For example, if sensors are 
to be stimulated with virtual data and the subsequent perception is to be validated, a corresponding (high) 
model quality of the environment is necessary. In addition to a high resolution of the objects, the physical 
properties must also be represented. Wallace et al. propose a metric to compare the quality of a modeled 
environment to reality. (Wallace et al.) Otherwise, if the strategic planning of the ADS is validated, graphically 
simple environment models may suffice, but with special attention to the traffic model.  

Specificities and modularity of validation environments 

Traditionally, the XiL validation environments are divided into MiL, SiL, PiL, HiL, DiL and ViL, among others. ASAM 
e.V. has made a recommendation as to which environment is particularly suitable for which validation use case. 
(ASAM e.V., 2022) Nowadays the validation of systems-of-systems proves to be challenging, as the complex 
interactions between the systems have to be considered as well. However, as can be seen in (Dona et al., 2022), 
realistic modeling of these interactions often requires a combination of XiL environments, which requires a 
combination of skills and technologies. Therefore, it could be more purposeful to structure the environments 
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according to the required skills of the users and the technologies used. A structuring into cloud, cyber-physical 
test bench and proving ground would be feasible. In the cloud cluster all test environments would be usable, 
which are purely virtual or at least virtualizable. This applies to MiL and SiL in general and can also be extended 
to PiL or HiL if virtualization or emulation is possible. In general, simulation in the cloud has several advantages 
over local execution. First and foremost is scalability, which is a basic requirement especially when CI/CD 
processes are used in development. Parallelization enables a very large number of simulations to be executed 
in parallel as a consequence. New business models such as simulation-as-a-service are also conceivable here. 
In contrast, applications that use a physical and virtual component can best be validated on a cyber-physical 
test bench. For example, validating vehicles equipped with ADAS or AD on a chassis dynamometer with sensor 
stimulation is a combination of ViL, HiL and a virtual environment component. Tests on a proving ground have 
the least abstraction but are associated with the greatest effort. The formerly clear separation of the use cases 
and therefore used test environment is becoming increasingly blurred. For this reason, we recommend a 
reorganization according to the underlying technology and skills of the stakeholders. Restructuring the test 
environments would also simplify the assessment of the team experience as mentioned in (United Nations 
Economic Comission for Europe, 2022). 

Reliable process for simulation-based safety argumentation for approval and certification 

A comprehensive validation concept is required for the certification and approval of ADAS and ADS. Up to now, 
virtual simulation environments have primarily served to gain knowledge for the developers and, with the 
exception of the release of the Electronic Stability Program (ESC) according to UN ECE R140 (R140, 2017), are 
only permitted to a certain degree for the use in certification. The release of the currently most advanced level 
3 systems (e.g. ALKS) is therefore mainly based on proving ground tests and real-world driving. With the 
increasing degree of automation in the future, this procedure is no longer practical. In order to keep effort and 
costs low in the future and still achieve the maximum possible gain in knowledge, a combination of virtual tests, 
cyber-physical test benches, proving ground testing and real-world driving must be used. The challenge here is 
to use the optimal distribution across the different validation environments throughout the advancing 
development process. The further development of the system in development results in changing requirements 
for the validation environment, which must be counteracted by parallel development. At the beginning of the 
development process, there are often only simple models of the system in development, which can be covered 
by simple validation environments. It may also be that no physical systems are yet available, which requires 
purely virtual validation. If, on the other hand, the development process is advanced, the proportion of physical 
tests can be increased in order to obtain more robust validation results. The process of joint development of 
the system in development and the accompanying validation system must be designed in a comprehensible 
manner. This includes the exact validation environment including model and tool versions, input and output 
data, and scenarios performed. For this purpose, a simulation data management tool must be developed that 
stores this data in a central location and protects it from manipulation, for example by the use of blockchain 
technology. (Hildebrand & Driesten, 2020) Once validation results are used for safety argumentation of a 
system, it must first be shown that the simulation and underlying tool chain is validated. (e.g. in (Dona & Ciuffo, 
2022)) Due to the complex nature of the system-of-systems being modeled, this process is associated with a 
lot of effort. The IAMTS process (International Alliance for Mobility Testing and Standardization [IAMTS], 2021) 
or the SET Level Credible Simulation process (Heinkel & Steinkirchner, 2022) can assist with this. Liu et al. 
propose some metrices to evaluate the credibility. (Liu & Yang, 2005)  

Extending the range of applications for virtual validation 

In the past, simulation models were used analytically and for verification purposes to confirm individual 
development increments. Today, new processes and technologies open up new application possibilities for 
simulations, ranging from immersive user experience tests to scenario screenings. Each individual application 
places special requirements on the simulation which must be fulfilled for credible results. For example, the 
ever-increasing amount of program code in a vehicle makes regression testing a much needed application for 
simulation. Furthermore, simulations can be used to determine and identify critical scenarios and edge cases. 
After virtual screening of a large number of scenarios, these selected scenarios can then be re-run with high 
credibility on a cyber-physical test bench or proving ground. Another new use case is generating training data 
for machine learning algorithms. Simulation can be used to specifically represent certain conditions in the data. 
However, when generating the data, care must be taken to ensure that there is no bias or gaps present (Black 
Swan Problem (Koopman & Wagner, 2016)) in the data. Furthermore, simulations can be used in combination 
with VR/AR headsets to test immersive human-machine interactions. 
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Use of virtual validation in the development process in transition 

In the domain of software development, CI/CD or DevOps processes have become established in recent years. 
In order to be able to use these processes also in the development of cyber-physical systems, the validation 
environment including models and tool chain must be run in the background. When changes are made to 
requirements, software or hardware, a predefined set of scenarios can be simulated and evaluated 
automatically. If a change is made to the system in development, this must therefore also be implemented 
directly in the model or digital twin in the background. The CI/CD cycle therefore does not only exist for the 
system under development but also for the development of the validation environment and the set of scenarios 
and test cases. This approach scales particularly well when using purely virtual validation environments. 
However, advances in emulation are increasingly making it possible to virtualize HiL or PiL configurations and 
thus to run them on a scaled server farm. This approach allows the developer to focus on the results and less 
on the simulation itself. 

Personas and roles in the process 

Since simulations were formerly used on a much smaller scale in the product development process, it was 
possible for individual simulation engineers to build the models, run simulations and evaluate the results. This 
individual expert then had a deep understanding of the problem to be modeled and was therefore able to state 
very accurately in which areas the simulation had what validity. Today, the problem to be modeled is usually 
cross-domain and therefore much too complex for a single expert. Submodels of complex systems are therefore 
built and independently validated by different experts specialized in their respective domains. Still other 
developers assemble the individual submodels into an overall model and ensure that the interfaces of the 
models are accurately modeled. If the simulations are to be executed in the cloud, further specialists are 
required to ensure correct distribution to the nodes of the computing cluster. Creator (simulation engineer), user 
(validation engineer) and operator (IT administrator or test field operator) are therefore different groups of 
people, which requires very good coordination among them. Every single person only knows the unique 
properties or the Operational Design Domain (ODD) of his or her own segment. Nevertheless, they must be able 
to make clear to each other which requirements apply to the neighboring subsystems. In the end, it must be 
provable for the emergent overall model, including the implementation in the tool chain, what the simulation is 
capable of. This is a major challenge for the use of the model for certification. 

Result Management 

Especially in combination with the before mentioned CI/CD process, a huge number of simulation results are 
generated in a short period of time. In contrast to the past, it is no longer possible to manually check the large 
number of results for errors and plausibility. At this point, an automatism is needed that statistically evaluates 
the results, for example by cascading KPIs, and recognizes critical results. In addition, the results must be 
managed in a database together with the exact toolchain used. For example, previous results can be checked 
retroactively in case of model changes. 

Conclusion 

Product development cycles are becoming increasingly shorter and processes such as CI/CD from software 
development are also finding their way into the development of cyber-physical systems. This leads to the fact 
that virtual validation is integrated more and more deeply into the product development process. For this reason, 
it is essential that a framework is introduced that ensures consistent credibility throughout the entire process. 
This credibility framework therefore describes not only the correlation of models to reality, but many other 
factors that must be considered for a trustworthy validation result. 
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Introduction 

In the post-pandemic society, this study aims to improve the safety and comfort of citizens using 
spatiotemporal resources represented by mobility services such as transportation systems and space utilization 
services (office and urban facilities, etc.), responding to the changes in people’s lifestyles. Since 2020, citizens 
have begun to adopt new lifestyles using ICT such as telework, remote classes, and teleconferences, amidst 
repeated self-restraint and revitalization of activities to prevent the spread of COVID-19 infection. As a result, 
the changes in people’s life have brought about major changes in public transportation usage, and various 
service providers have come to accept the current situation. In order to quickly understand and respond to such 
changes, it is necessary to continuously monitor the people’s activities whole of the city and predict events that 
may occur in the future. Therefore, our goal is the practical use of a framework that understands and predicts 
people’s movements in city-wide in time and space by using various data types and models in real-time, as the 
"city-scale nowcast simulation framework". 

The city-scale nowcast simulation framework consists of macroscale and microscale models by hybrid 
simulation approach, to reproduce the people’s activities in the whole city and the crowd flows in pedestrian 
spaces. Figure 1 shows the overall structure of the city-scale nowcast simulation framework. For the macroscale, 
MATSim customized to link with the traffic simulation model “SOUND” is used. MATSim is a large-scale agent-
based transport simulation model of an open-source framework, and SOUND is a mesoscopic traffic simulation 
model to simulate road traffic on large scale. MATSim applies a day-to-day simulation approach of a 
microscopic traffic model and co-evolutionary algorithms for planning the agent’s activity schedule in the 
simulation loop (“mob sim”, “scoring” and “replanning”). SOUND is linked to “mobisim” and reproduces people’s 
movement by using several types of transportation careers (e.g., vehicle, taxi, bus.) on road traffic. For the 
microscale model, a crowd simulation model “Smart Crowd Model” developed by M. Sarvi et.al is applied. Smart 
Crowd Model is used for the evaluation of pedestrian space for evacuation in emergencies and crowd flow in 
normal situations. The macroscale model basically reproduces the traffic flow of the target area, and the 
microscale model can simulate the crowd flow of the designated space in the target area using the estimated 
demands from the macroscale model. The microscale model in Figure 1 is the nowcast crowd simulation 
framework, which is the theme of this paper. 

Figure 31. Overall structure of the city-scale nowcast simulation framework 

 

Process of nowcast 

Figure 2 shows the real-time process of the nowcast crowd simulation framework. This process consists of a 
“precast” for the preparation of the crowd simulation model, and a “nowcast” for the real-time estimation of 
the people flows in the target area. The basic process in the precast process is the following steps. 

1. Pedestrian space modelling. 

2. Pedestrian survey (OD demand and pedestrian behaviour analysis). 
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3. Basic model building and calibration. 

In the process of pedestrian space modelling, it is necessary to create spatial data such as inside buildings, 
sidewalks, and squares. In recent years, in Japan, the maintenance of open data has been progressed, and we 
are working on the utilization of PLATEAU, the 3D city model database released by the Ministry of Land, 
Infrastructure, Transport and Tourism. Figure 3 shows a demonstration of crowd simulation model using 3D city 
model PLATEAU. 

Figure 32. Real-time process of the nowcast crowd simulation framework 

 

Figure 33. Demonstration of crowd simulation using 3D city model PLATEAU 

 

In cooperation with the macroscale nowcast model, the macroscale OD demand related to the target area of 
the nowcast crowd simulation (called “local area”) is shared and used as the input data of crowd simulation. On 
the other hand, OD and route patterns in the local area should be prepared to compensate for differences in 
the spatiotemporal resolution of the macroscale model and the microscale model. After the parameter 
calibration to fit the observed data, the pedestrian behaviours data by the crowd model is used for the od 
demand estimation model in the nowcast process, to reproduce the present crowd situation. 

Methodology of OD Demand Estimation 

 The nowcast process in this study is a method of updating the OD demand in the local area according 
to real-time observations. Here a state space model that the relations of OD demand with pedestrian traffic 
volume is formulated is built. The following equations are the basic model. 

𝑿(𝑡 + 1) = 𝑭(𝑡)𝑿(𝑡) +𝝎(𝑡)  (eq.1) 

𝒀(𝑡) = 𝑯(𝑡)(𝑿(𝑡) + �̅�(𝑡)) + 𝝊(𝑡)  (eq.2) 

Where 𝑿(𝑡) is state vector, 𝒀(𝑡) is observation vector, 𝑭(𝑡) is state transition matrix, 𝑯(𝑡) is observation 
matrix, �̅�(𝑡)  is basic state vector (known values), 𝝎(𝑡)  is system noise and 𝝊(𝑡)  is observation noise. 
Specifically, 𝑿(𝑡), 𝑭(𝑡), 𝒀(𝑡), 𝑯(𝑡) and �̅�(𝑡) are defined the below: 

𝑿(𝑡) = [𝑿𝑤 (𝑡) | 𝑤 ∈ 𝑾]T   (eq.3) 

𝑿𝑤 (𝑡) = [𝑥𝑤,𝑡 , 𝑥𝑤,𝑡−1, … , 𝑥𝑤,𝑡−𝑛+1]
T
 (eq.4) 

𝑥𝑤𝑡 = �̂�𝑤𝑡 − �̅�𝑤𝑡    (eq.5) 
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𝑭(𝑡) = [

𝑨0 (𝑡) ⋯ 𝑶
⋮ ⋱ ⋮

𝑶 ⋯ 𝑨
|𝑾|−1(𝑡)

]    (eq.6),           𝑨𝑤 (𝑡) =

[
 
 
 
 𝑎
𝑤,0 𝑎𝑤,1 ⋯ 𝑎𝑤,𝑛−1

0 𝑎𝑤,0 ⋯ 𝑎𝑤,𝑛−2

⋮ ⋱ ⋱ ⋱ ⋱
0 ⋯ 1 0 0
0 ⋯ 0 1 0 ]

 
 
 
 

      (eq.7) 

𝒀(𝑡) = [𝒀𝑘(𝑡) | 𝑘 ∈ 𝑲]
T  (eq.8),  

 𝒀𝑘(𝑡) = [𝑦𝑘,𝑡 ,⋯ , 𝑦𝑘,𝑡−𝑛+1]
T
  (eq.9) 

Where, 𝑾 is full set of OD pair by pedestrian type, �̂�𝑤𝑡 is od demand of 𝑤at time 𝑡, �̅�𝑤𝑡 is average od demand 
at time 𝑡 (known values) and 𝑛 is length of time series data and 𝑲 : all sets of observed point by direction. On 
the other hand, 𝑯(𝑡) is composed of submatrices 𝑷𝑘

𝑤(𝑡) of size (𝑛 × 𝑛) that indicate the relationship between 
the OD demand 𝑤 and the observed pedestrian traffic volume 𝑘 in the following. 

𝑯(𝑡) = [

𝑷0
0(𝑡) ⋯ 𝑷0

|𝑾|−1(𝑡)

⋮ 𝑷𝑘
𝑤(𝑡) ⋮

𝑷|𝑲|−1
0 (𝑡) ⋯ 𝑷|𝑲|−1

|𝑾|−1(𝑡)

]  (eq.10),        𝑷𝑘
𝑤(𝑡) =

[
 
 
 
 𝑝𝑘,𝑡
𝑤,𝑡 𝑝𝑘,𝑡

𝑤,𝑡−1 ⋯ 𝑝𝑘,𝑡
𝑤,𝑡−𝑛+1

0 𝑝𝑘,𝑡−1
𝑤,𝑡−1 ⋯ 𝑝𝑘,𝑡−1

𝑤,𝑡−𝑛+1

⋮ ⋮ ⋱ ⋮
0 ⋯ 0 𝑝𝑘,𝑡−𝑛+1

𝑤,𝑡−𝑛+1
]
 
 
 
 

 (eq.11) 

𝑝𝑘𝜏
𝑤𝑡 = 𝑝𝑘

𝑤𝑡𝑅𝑘
𝑤𝑡(𝜏)   (eq.12) 

Where 𝜏 is travel time discretized in the same width of time slot 𝑡, 𝑝𝑘𝜏
𝑤𝑡 is probability that a pedestrian leaving 

𝑤 at time 𝑡 arrive 𝑘 in travel time 𝜏, 𝑅𝑘
𝑤𝑡(𝜏) is provability density of travel time 𝜏 from 𝑤 to 𝑘 leaving at time 

𝑡, 𝑝𝑘
𝑤𝑡 is probability that a pedestrian leaving 𝑤 at time 𝑡 choose 𝑘. In addition, �̅�(𝑡) consists of the average 

OD demand as below: 

�̅�(𝑡) = [�̅�𝑤,𝑡 , �̅�𝑤,𝑡−1, … , �̅�𝑤,𝑡−𝑛+1]
T
 

Future works 

We plan to build a prototype to reproduce the people flow in the demonstration experiment area (The Kashiwa-
no-ha Campus station in Kashiwa city, Japan). The survey to collect Wi-Fi and Bluetooth MAC addresses and 
traffic volumes of pedestrians in the transportation terminal is examined for building the basic patterns of od 
demands and routes. After the survey, using the survey data, the people flow in the target area will be 
reproduced by our crowd simulation framework and evaluated some scenario cases based on the forecast 
information. 
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Introduction 

The world's growing population and vehicles per capita lead to increased traffic congestion, expenses, and 
environmental pollution, particularly in densely populated urban areas. The transportation industry is addressing 
this issue by developing electric vehicles, ride-sharing services, and autonomous driving systems. Clean energy 
vehicles, specifically electric vehicles, play a pivotal role in creating a more equitable and sustainable 
transportation system. 

Autonomous Electric Vehicles (AEVs) enhance transportation services and reduce maintenance and 
management expenses. However, accurately modelling their energy consumption is a significant challenge due 
to limited data availability. Researchers have used a Markov Chain approach to construct Hybrid Electric Vehicles 
(HEVs) driving cycles and optimize energy consumption. 

This aim of this paper is to investigate the autonomous logic characteristics that may reduce power consumption 
in combined electric and autonomous drive modes. The study hypothesizes that scaled-down less expensive 
AEVs such as robotic vehicles may be useful for investigating full-scale AEV technology and collecting relevant 
research data at a laboratory-scaled level. The scalability in power consumption between measured electric 
robot vehicles and estimated full-scale AEVs power consumption needs to be tested with different drive cycles. 

Towards realizing the aforementioned objective while filling the gap in empirical data to highlight the benefits 
of integrating autonomous features into electric vehicles, the following steps need to be performed:  1) studying  
the feasibility and the effectiveness of building an autonomous electric driving robot, 2) testing the possibility 
of applying longitudinal autonomous logics observed in the real-world to a scaled-down driving robot, and 3) 
analysing the comparability of power consumption between a full-size electric vehicle and a constructed 1/10 
proportional Robo-Car. 

Methodology 

In recent decades, numerous car-following models have been developed to simulate the longitudinal driving 
behavior of human drivers. This paper investigates three of these models, which are applied to a Robocar to 
assess power consumption and scalability. 

The first model is the Intelligent Driver Model (IDM) - Adaptive Cruise Control (ACC), a widely used approach 
that prioritizes safety and human-like driving. This model smoothly transitions between speed levels by 
considering the acceleration and deceleration of the preceding vehicle. 

The second model, Nonlinear Model Predictive Control (NMPC), is a predictive model that utilizes a mathematical 
model of the EV system to optimize future vehicle behavior while considering safety and comfort. The NMPC 
model is capable of handling complex constraints, such as energy limits, obstacle avoidance, and performance 
objectives. 

The third model, Eco-SDM (Economic and Safe Driving Model), is also widely used and focuses on energy 
efficiency while maintaining safety and comfort. This model employs a variety of strategies, such as constant 
speed maintenance, acceleration and deceleration optimization, and idle time reduction, to achieve energy-
saving goals. 

To mimic realistic driving behavior, a "following" vehicle is tested using these models, with the "leading" vehicle 
adhering to a specific driving schedule that covers most driving behaviors. The EPA Urban Dynamometer Driving 
Schedule (UDDS) is utilized to replicate power consumption in an urban driving environment. The UDDS Urban 
Environment Simulation scenario provides speed fluctuations for city driving conditions. The analysis assumes 
a zero-slope angle and air density of 1.225 kg/m^3 at 15°C at sea level, and a Kr value of 0.02. The Robocar 
has a Cd value ranging between 0.6 and 0.8. In this research, the model runs in a laboratory setting, with relative 
motion with respect to the surroundings being omitted, making Cd close to the lower value of 0.6. 



 

85 
 

Results and Findings 

This study involved significant modifications to the original framework of the F1/10th scaled Robo-Car 
introduced by the University of Pennsylvania, in order to enable the evaluation of various longitudinal 
autonomous driving strategies. The revised configuration of the Robo-Car incorporates a Traxxas Slash 4x4 
Rally Car, a Vedder Electronic Speed Controller, an NVIDIA Jetson TX2, a ZED 2 Stereo Camera, a Sparkfun IMU, 
and a Slamtec RPLidar. 

The study employed UDDS data to determine the acceleration/deceleration and speed of an electric vehicle, 
which was pursued by an autonomous ACC-controlled electric vehicle/robot, labelled as the George Washington 
RoboCar (GWRC). The power consumption for each of the Eco-SDM, IDM, and NMPC ACC models was either 
measured or estimated for a GWRC or estimated for a full-sized vehicle, respectively. The complete UDDS cycle 
was executed either in a simulation software or on the GWRC, with a focus on a 33-second section of the UDDS 
cycle, ranging from the 100th second to the 133rd second for better graphical representation. The vehicle speed 
was transformed to a motor speed associated with a real vehicle or the GWRC. 

Figure 34: Partial UDDS Simulated Power 
Consumption vs Measured Real Power 
Consumption for the Leading GWRC 

 

Source: Authors’ elaborations. 

Figure 35: Relative Error of Simulated and 
Real Power Comparison for the Leading 

GWRC 

 

Source: Authors’ elaborations. 

Using the models described in the methodology section, all ACC methods were applied to a GWRC in a loop 
setup, following another leading GWRC equipped with UDDS driving behavior. The behavior of the lead vehicle 
was assumed to be the real behavior to which the follower was being compared. The errors between both 
behaviors are summarized in Table 1. 

Table 7: Error Metrics Comparison for IDM-ACC, Eco-SDM and NMPC Models 

Model 
Maximum Relative 

Error 

Minimum Relative 

Error 

Average Relative 

Error 

IDM-ACC 15.3 % 6.7% 10.7% 

Eco-SDM 12.8 % 6.6% 8.6% 

NMPC 13.2 % 1.7% 9.1% 

Source: Authors’ elaborations. 

Furthermore, power consumption measurements recorded from the scaled-down GWRC while operating with 
the three proposed ACC models were compared against the estimated power consumption of an actual full-
sized electric vehicle, the Nissan Leaf, as depicted in Figure 3. In addition, regardless of the specific vehicle 
under study, the use of the Eco-SDM control method resulted in lower power consumption, as demonstrated by 
the discernible power consumption difference among the ACC models adopted in Figure 4. 
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Figure 36: Power Consumption Comparison Between Measured GWRC (Left) and Estimated Nissan Leaf (Right) for IDM-
ACC, Eco-SDM & NMPC Models 

  

Source: Authors’ elaborations. 

Figure 37: Power Consumption for GWRC During Partial Cycle Using IDM-ACC, Eco-SDM & NMPC Models 

 

Source: Authors’ elaborations. 

Conclusion 

This study evaluated various longitudinal autonomous driving strategies by modifying the original framework 
of the F1/10th scaled Robo-Car introduced by the University of Pennsylvania. The revised Robo-Car 
configuration incorporated several components, including a Traxxas Slash 4x4 Rally Car, a Vedder Electronic 
Speed Controller, an NVIDIA Jetson TX2, a ZED 2 Stereo Camera, a Sparkfun IMU, and a Slamtec RPLidar, to 
facilitate the analysis of power consumption and performance of AEVs. 

The GWRC platform was utilized to investigate the power consumption of scaled-down AEVs equipped with 
three ACC models, namely Eco-SDM, IDM-ACC, and NMPC. The results indicated that the power consumption 
estimation for all implemented ACC models was within an acceptable range, with limited errors (within 10%), 
and with consistent underestimation of the UDDS issued power across all models. Therefore, it was deemed 
acceptable to utilize the GWRC platform for analyzing the power consumption of scaled-down electric vehicles. 

 Furthermore, the Eco-SDM model consistently exhibited the lowest power consumption, while the IDM-ACC and 
NMPC models each exhibited higher power consumption at distinct times throughout the cycle. The NMPC model 
also presented a smoother acceleration transition pattern compared to the IDM-ACC and Eco-SDM models. To 
assess the reliability of the power consumption model, the actual power consumption data from the GWRC was 
compared with simulation output derived from the power consumption produced by the UDDS cycle. The results 
confirmed the primary claims of this study, namely that properly designed Robo-Cars controlled by autonomous 
ACC logics can facilitate the collection of data on AEVs across various longitudinal autonomous driving modes. 
Distinct autonomous driving models may be implemented within a Robo-Car system, and the associated power 
consumptions can be extrapolated for use with real AEVs exhibiting varying driving regimes. 

These findings have significant implications for the testing and deployment of AEVs, especially given the 
expensive nature of these technologies and the scarcity of open shared data. The present research faces several 
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challenges, including the absence of lane changing maneuvers due to the assumption of a single lane road, 
which necessitates the development of an energy-efficient lane-changing strategy for AEVs that can be 
integrated with ACC models to mimic realistic driving behavior. Additionally, the simulation model fails to 
account for varying levels of traffic congestion. Future investigations should explore the effects of 
communication delays and sensor failure on the performance of CAVs by incorporating communication sensors 
(emitters and receivers) into the simulation. In conclusion, this study provides valuable insights into the power 
consumption and performance of AEVs under different autonomous driving modes, and paves the way for 
further investigations in this field. 
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a The Hong Kong Polytechnic University 

Introduction 

As most on-street parking waste (like energy, time and economic losses) is caused by time consumption in 
finding a parking space, we thus turn to develop a method that aims to save drivers’ time in cruising for parking. 
On-street parking meters are widely used in cities and can record the parking status in a fine-grained time level. 
In Hong Kong, there are over 10,000 metered parking spaces covering all main districts of the city and these 
meters also provide real-time vacancy information of the parking spaces [1]. The latest on-street parking model, 
such as MePark [2], using the meter data focuses on on-street parking availability prediction. However, an 
accurate prediction of parking availability is difficult [3]. Besides, only predicting parking availability is not 
practically interesting for smart parking application because it neither meets the ultimate purpose of saving 
time consumption nor help drivers make a final decision on where to go. To handle this, we propose a one-step 
on-street parking recommendation (OPR) task. 

Specifically, beyond only predicting on-street parking availability, we recommend a list of ranked parking space 
candidates so as to help drivers make parking decisions to save time in cruising for parking. To this end, we first 
define the OPR task formally in the aspect of recommendation. Then a heterogeneous graph is designed to 
better express the original data in which turnover event (which describe the state switching of parking space 
between vacant and occupied states) information is included. Following this, an event-then-graph convolutional 
layer is designed to better aggregate ESGraph features in an efficient way. At last, a score function is learned 
to extract interdependencies for the final OPR task. We validate the proposed model using real-world data in 
Hong Kong and San Francisco. In comparison, we considered three kinds of models: prediction-only models; 
prediction-then-recommendation models; direct-recommendation models like our proposed, then considering 
their corresponding performance in recommendation metrics like NDCG and MAP as well as saving cruising time 
for drivers. 

Methodology 

We first formulate the OPR task in the LTR setting by defining on-street Parking Query (OPQ: 𝑸𝒅,𝒕 where 𝑑 ∈ 𝒫 
and 𝒫 is the whole set of on-street parking space), relevant Items of OPR (RIO: 𝑿𝒕′ where 𝑡′ = 𝑡 + ∆) and the 
OPR data set 𝐷 = {(𝑸𝒅,𝒕, 𝑿𝒕′, 𝒚)} where 𝒚 is the relevant label. We aims to learn a relevant score function 𝑆𝜃 
with 𝜃 as its parameter from data set 𝐷, such that for an arbitrary OPQ, 𝑆𝜃 takes into (𝑸𝒅,𝒕, 𝑿𝒕′) as input and 
predict a list of relevant scores �̂� = 𝑆𝜃(𝑸𝒅,𝒕,𝑿𝒕′) with minimized distance from 𝒚. 

Then we build the ORP-LTR model by first designing a heterogeneous graph to represent the historical turnover 
events and spatiotemporal features for parking vacancy; then a CNN-based event-then-graph network is built 
to aggregate heterogeneous features; at last, the network output is further forwarded to the final task-based 
layer for producing the relevant scoring lists for candidate parking spaces. Details are shown in Figure 1. 

Figure 38. Overview of the model architecture 

 

Source: Authors’ elaborations. 
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Graph Construction 

Original citywide on-street meter data can be seen as a spatial set of temporal paths which we call it a spatial-
temporal Graph (STGraph). When using a STGraph to represent on-street parking meter data, all its temporal 
paths are represented in fixed time intervals in which we can use an edge-contraction technology to bring in 
turnover events. The edge-contraction process can be represented by a map function 𝑓: (𝑉𝑡  , 𝐸𝑡) → (𝑈, ℇ,𝑊𝐸) 
such that: 

𝑈 = 𝑉𝑡\𝑉𝑡′ ,

ℇ = 𝐸𝑡\{(𝑛𝑖  , 𝑛𝑖+1): 𝑛𝑖 ∈ 𝑉𝑡′}𝑖=1
∥𝑉𝑡′∥,

𝑊ℇ = {𝑐𝑜𝑢𝑛(𝑢𝑗): 𝑢𝑗 ∈ 𝑈}𝑗=1
∥ℇ∥ .

 

where 𝑉𝑡′ is made up of all merged nodes in edge-contraction, \ is the removing operation, ∥⋅∥ indicates the 
number of elements in a set, and 𝑐𝑜𝑢𝑛(⋅) computes the number of contractions that happened in a node of the 
temporal path. The result is a new-typed path (𝑈, ℇ,𝑊𝐸) with fewer nodes and edges than the original temporal 
path. We call temporal paths after a contraction the turn-over event-based path. By replacing all temporal paths 
in a STGraph with their corresponding turnover event-based paths, we get a heterogeneous graph with space-
based and turnover event-based vertices and edges. We also find that there are several advantages of ESGraph 
over STGraph: (1) ESGraph data structure is more efficient in both dimensions of space and time. (2) Models 
based on ESGraph have smaller sizes. (3) ESGraph embeds richer information. 

Event-then-graph Convolutional Layer 

Following the utility of ESGragh in representing on-street parking meter data, we build a model 𝑍𝜃 with 𝜃 as its 
parameter, that is able to embed citywide on-street parking meters’ spatial features, real-time state, and 
historical turn-over events together to conduct the following LTR task. 𝑍𝜃 is an event-then-graph structural 

network which aggregates turn-over event feature with a gated 1-dimension convolutional layer: 

𝑋𝑈⊗ℇ = GLU([𝑋𝑈 ,𝑊ℇ]) = 𝑊ℇ⊗𝜎(𝑋𝑈),

𝐇:,<𝑇
𝑛 = ReLU(𝑋𝑈⊗ℇ ∗𝑊 + 𝑏).

 

where 𝑋𝑈 is the contribution of 𝑈 and we treat 𝑊ℇ as the contribution of ℇ, ⊗ is the point-wise multiplication, 
gates 𝜎(𝑋𝑈) controls the direction of 𝑊ℇ, ∗ is convolution operation, 𝑊 is a learnable weight, 𝑏 is the bias. 

Then the aggregated event features together with real-time states and spatial relations are aggregated by a 
GNN-based network to iteratively update the combined representations from event-based convolutional results 
and local real-time states, then output an updated representation in the final iteration: 

𝑧𝑣
(𝑘)
= 𝜙(COMBINE(𝑔({𝑧𝑣′

(𝑘−1)
}), ℎ𝑣), 𝑧𝑣

(𝑘−1)
), 

where 𝑣′ ∈ 𝒩(𝑣)  means 𝑣′ is the neighbor of 𝑣 , ℎ𝑣 ∈ 𝐇:,<𝑇
𝑛  is the event-based features of vertex 𝑣 . The 

function 𝑔 aggregates local information of 𝑣′ and function 𝜙 updates aggregated features in 𝑘 iterations. 𝑧𝑣
(𝑘)

 
is the final representation of vertex 𝑣. 

Readout Layer and Objection 

In this section, we first describe 𝑆𝜃 , then aggregate 𝑍𝜃 and 𝑆𝜃 for training in a supervised learning manner. 
Specifically, in order to score RIOs, we consider the following factors in both relevant score function modelling 
and relevant label-creating processes: (1) Individual features of the query and item; (2) Inter-query-item 
dependency (Q-Is); (3) Inter-item dependence (I-Is). 

Learning-based Score Function. Based on the above discussions, we utilize a learning model to extract the above 
features, especially, to learn inter-query-item and inter-item dependencies then formulate the model 𝑆𝜃 . Finally, 
to implement, the proposed model is trained in a supervised-learning manner with a goal to minimize the 
distance between lists of relevant labels 𝒚 and predicted scores �̂� = 𝒔, where 𝒔 is the outcome of 𝑆𝜃 , for 

citywide OPQ. Recalling that 𝑆𝜃 assigns a score to each item (i.e., parking space), we use a mean square error 
(MSE) loss function and a Softmax loss to embed listwise relationship: 

ℒ = 𝑙𝑚(𝒚, 𝒔) + 𝜆𝑙𝑠(𝒚, 𝒔) +∥ 𝜃 ∥
2 

where 𝜆 is a hyperparameter, 𝜃 is the model parameter been regularized by L2 and dropout [4] is also applied 
to avoid over-fitting. 
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Results 

We mainly get the following results when conducting OPR task by conducting extensive experiments: 

1. Proposed method outperforms baseline models (from both the prediction and LTR area). 
2. Each part (graph and network structures) of our model contribute to the final result. 
3. Practically, proposed method saves more citywide on-street parking times than baselines. 

Experimental Setup  

To validate the mode, we take advantage of two data sets: on-street parking data from Hong Kong Island and 
San Francisco. We choose state-of-art models from both predicting and recommending areas then made some 
adoption to OPR. Basically, these baseline models can be categorized into three kinds of tasks: (1) Prediction-
only task including T-GCN [5], DCRNN [6], GAMCN [7] and STPGCN [8]; (2) Prediction-then-recommendation task 
which recommend based on the above prediction-only models; (3) Direct-recommendation task including 
listMLE [9] and ApproxNDCG [10]. As our proposed model is ranking sensitive, we select NDCG@n and MAP@n 
as evaluating metrics. 

Experimental Results  

Our proposed model outperforms all other models in both cities in terms of all the metrics and model sizes 
which demonstrates the advantage of the proposed model in handling OPR tasks. We also notice both large 
NDCG improvements of our prosed model from the prediction-only model and other direct-recommendation 
methods which means both initial feature extraction and later item scoring are important for the final 
recommendation results, the same conclusion can be gotten from all other metrics. Ablation and sensitivity 
analysis give explanations of these advantages. Because the ESGrsph uses the turnover events as history 
features can carry more information in each step, it thus can improve the reprehensive ability of the following 
model in the same time reduce the model size. We also design two unique metrics to measure the usage and 
efficiency at a citywide level: Absolute Waiting Time in Parking (AWTP) and Relative Non-waiting Time Ratio 
(RNWTR) by using which we find the proposed OPR-LTR model has largely decreased the waiting time and 
increased the parking efficiency of on-street parking. 

Conclusions 

This paper develops a practical task to directly recommend a parking space to drivers given a specific query, 
and we have demonstrated that such a task has great potential in saving drivers’ on-street searching time in a 
citywide manner, compared to the prediction-only and prediction-then-recommendation models. In model 
development, we highlight the importance of turnover events in parking recommendation, and hence an 
ESGraph-based data representation and an event-then-graph-based convolution network are developed. The 
ESGraph is proven to have better representation power and lower space&time complexity than the STGraph. 
Numerical experiments also demonstrate the outperformance of the proposed model, and especially, the 
proposed model could at most reduce the time in cruising for parking by 95.07% (HK) and 84.02% (SF). Future 
studies will be focused on designing a real-time parking recommendation system that can be used in the real 
world. Additionally, ESGraph can be applied to other applications, such as signal timing, system failure, etc, and 
we plan to develop more generalized graph networks tailored for smart civil infrastructure systems. 
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Introduction 

With the ever-growing population in the cities and urbanization, traffic systems have gained both in volume 
and in complexity. The growth of traffic volume also leads to more incidents and more severe peak hour 
congestions. Therefore, new challenges and requirements have been posed to the urban road networks and 
particularly to their control strategies to maintain a steady and even increase the overall throughput of the 
networks. In addition, to enhance the ideas of smart cities and Intelligent Transportation Systems (ITS), modern 
traffic control methods should be capable of learning towards antifragility against the traffic disturbances as 
well. 

While microscopic simulations and controls are expensive to compute in real time and thus may not be suitable 
for a large-scale real-time application at this moment, findings in Geroliminis and Daganzo (2008) have proven 
with empirical data the existence of Macroscopic Fundamental Diagram (MFD), which is a reproducible 
relationship between average flow and density on a regional level and insensitive to OD information. This makes 
real-time control strategies computationally affordable on a macroscopic level. Based on MFD and the indicated 
critical density, multiple control methods targeting a better overall performance of the road network have been 
proposed since then. Perimeter control is one of the methods that has attracted immense attention. By 
refraining the incoming vehicles from adjacent regions into a protected region, the traffic density remains below 
the critical density indicated on MFD for the protected network and thus increasing the trip completion rate. 
Geroliminis et al. (2013) proposed an optimal perimeter control approach using a Model Predictive Control (MPC) 
algorithm and proved its effectiveness regarding trip completion within a determined duration in comparison 
with a greedy controller. 

Nowadays, with the abundance of data collected through various approaches, such as loop detectors, video 
cameras, mobile network, etc., an emerging amount of research work has been shifting towards      data-driven 
approaches in the field of transportation, particularly the application of deep-RL, e.g., traffic light control (Wei 
et al, 2019), delay management (Zhu et al, 2021), etc. And for perimeter control, there are also some recent 
works: Zhou and Gayah (2021) and Chen et al. (2022) that illustrate better performance of a RL algorithm. The 
benefits of RL compared with other classical controllers based on control theories are its flexibility in complex 
environments and the capability of dealing with multivariate nonlinearities. RL can also be in the form of online 
training by nature, meaning the algorithm learns and adjusts its decisions with streaming data from the real 
world. 
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Introduction 

Activity-based behavioural models (and more broadly agent-based models) employed for travel demand 
modelling have gained traction in the last years and the number of dedicated tools and applications is growing 
accordingly. Still, the inherent complexity and the large amount of input data required are major barriers to 
their wider adoption by practitioners and researchers [1]. On the other hand, traditional modelling approaches, 
such as four-step models, are prone to higher aggregation and reliability on historic demand patterns, which 
makes them less fit to address future challenges and disruptive trends such as teleworking or automation [2], 
[3]. Yet, a very high number of existing transport models are built with traditional tools and are not easily 
transferable. Nevertheless, a limitation of existing activity-based models is that they lack sufficient details in 
modelling the interactions at the supply side, which is problematic while framing how automation and advanced 
traffic management systems may affect future road network performance. This happens despite advanced 
traffic simulation models exist and have been widely validated and adopted to simulate scenarios involving 
automation and advanced traffic management systems [4]. To favour the adoption of disaggregate demand 
modelling tools while leveraging existing models and extending the capabilities of such models in supply 
modelling, we propose a methodology to integrate an activity-based model, which is able to produce a 
disaggregate demand, with a dynamic traffic assignment (DTA) model, capable to produce the resulting 
multimodal performance from the traffic supply. This way, existing DTA models may be expanded with the 
addition of an activity-based demand model (and vice-versa). The method is applied to a case study for the city 
of Tallinn – Estonia, for which two models have been built and calibrated, i.e., SimMobility MT as an activity-
based tool and Aimsun as a traffic simulator. This work builds on [5], in which the integration is achieved by 
employing a simpler and more limited static traffic assignment (STA) tool. 

Methodology - The modelling architecture 

The proposed method involves the existence of two models: one able to produce daily activity schedules (DAS) 
for each traveller/agent and one assigning trips to a multimodal transport network, to produce skim (travel 
time) matrixes. A sketch of this framework, referring to our case study, presented later, is shown in Figure 1. 
This iterative feedback loop among two large-scale models has been defined as L0 in [6], and, although it has 
been criticised for its simplicity, our proposed approach allows the integration of existing models ex-post, with 
no need to build (and calibrate) a whole new modelling architecture. 

Figure 39: The integrated framework applied to our case study, consisting of the integration of a demand modelling tool 
(SimMobility) and a microscopic traffic assignment tool (Aimsun) 

 

Source: From [5]. 
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Methodology - The iterative algorithm 

The proposed method is designed to integrate the two different models, assuming that their parameters, i.e., 
behavioural parameters in the demand model and the traffic parameters in the supply model, are properly 
calibrated. This is particularly important as one of the foreseen applications is to expand the applicability of the 
current traffic assignment model without the need to rebuild them in a different ad-hoc implementation. 
However, the simple solution of iterating between the two models is expected to almost never reach a stable 
equilibrium between demand and supply. To understand the goodness of the current equilibrium at each 
iteration, we introduce a measure of error (MoE) metric defined as the difference between the kernel density 
areas of the distribution of (travel times multiplied by the number of trips), formulated as 

∆𝐴 = ∫ | 𝑘𝑖 − 𝑘𝑖−1|𝛿(𝑡𝑜𝑑 ∙ 𝑛𝑜𝑑)          ∀𝑜, 𝑑, 

where 𝑘𝑖  is the kernel density for iteration 𝑖  corresponding to the distribution of 𝑡𝑜𝑑 ∙ 𝑛𝑜𝑑  for each origin-
destination (𝑜𝑑) pair, while 𝑡 and 𝑛 are, respectively, the travel time and the number of trips for each pair 𝑜𝑑. 
This MoE can be visualised as in Figure 2.  

Figure 40. Areas whose difference results in the MoE; note that 𝑖 + 1 is the number of the current iteration 

 

Source: From [5]. 

The MoE can be employed in an iterative algorithm that perturbs the solutions of each model and steers the 
overall solution toward an equilibrium. The algorithm consists of the following steps: 

— A first round of iterations between the activity-based and the traffic assignment (TA) models defines 
the bi-dimensional search space, where one dimension is the MoE and the other is the kernel density. 
The activity-based model produces daily activity schedules that are then fed to the TA model as an OD 
matrix. The TA in turn produces skims that are fed back to the activity-based model. One run of each 
model corresponds to one iteration and produces one value of the MoE. 

— The search space is discretised through quantiles of the skim matrixes; a finite number of simulations 
is performed to identify the most promising quantile. 

— The surroundings of the identified quantile are evaluated to find the best-performing one (measured 
via the MoE). 

— The skim matrix is perturbed to match the most promising quantile and a few additional iterations are 
run to assess the equilibrium point and its stability. As per the definition of quantile (i.e. cut points 
dividing the range of a probability distribution), each cell in the skim matrix assumes the border value 
between the region within the quantile and the region outside of it, in the area defined by the minimum 
and maximum tod values from the first round of iterations.  To the methodology itself, it does not 
matter if quantiles or other discretization measures are exploited to explore the defined search space. 

— The equilibrium of the found solution is assessed to ensure that the equilibrium reflects an actual 
correspondence between the generated demand and supply (rather than just a local optimum). 
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Results 

We perform experiments on a case study involving two models calibrated for the city of Tallinn, Estonia. The 
following two models have been employed. 

— The activity-based behavioural model is SimMobility MT (using the pre-day demand module), the 
theoretical background of which is rooted in nested-logit theory and exploits logsum to relate different 
levels of the choice tree [7]. SimMobility takes as input a synthetic population [8] and skim matrices 
for all the modes of transport. The tool then computes the cost of each movement and compares it 
against the ones of the other alternatives. Further details on such a model, including the calibration 
procedure, are presented in [9]. 

— The dynamic traffic assignment is Aimsun [10], using a mesoscopic modelling approach. The calibration 
was carried out against detector data to perform a value GEH < 5 for 75 % of the entries. Aimsun 
takes in input aggregated DAS and produces skim matrices (through calibrated volume-delay functions 
[11]). The experiment involves both an STA (Wardrop’s first principle) and a DTA (with stochastic route 
choice). The methodology has been extensively tested on STA, and the presented results will show how 
the dynamic component influences equilibrium. Besides, the applicability of DTA in this context will be 
proved. 

Figure 41. Kernel areas whose difference defines the proposed MoE 

 

Source: From [5]. 

The results achieved with our proposed algorithm are illustrated in Figure 3, where the first 5 iterations are run 
without any perturbation, but then the skim matrix is perturbed to match a 0.335 quantile before running 
iteration 6. The 0.335 value is chosen after a discrete exploration of the search space bounded by the first 5 
iterations’ MoE. As it can be seen, the improvement is noticeable and the match between the outputs of the two 
simulations is very close and fairly stable. While graphically it is easy to see the improvement, The results of 
the achieved equilibrium have been validated in [5], to ensure that the perturbation of the skim would not result 
in unrealistic results. 

Current work and conclusions 

Current developments are focused on the assessment of the DTA model integration, which allows 
improvements, such as accounting for spillover effects of the queues that an STA cannot frame or framing 
interactions between single vehicles. The results are expected to allow thorough comparisons between the STA 
and DTA, highlighting whether the spillover component of traffic congestion is impactful enough to disrupt the 
proposed methodology or if instead, the proposed approach is applicable as is to the integration of activity-
based models and DTA. We will compare the equilibrium points found through STA and DTA and assess their 
difference, as a way to frame the overall impact of the dynamic component. To further extend the applicability 
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of this iterative approach shall allow researchers and practitioners alike to expand their current available models 
by adding “ex-post”, with no additional changes, an activity-based component to their DTA (or vice versa). 
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Introduction and Literature Review 

The headway between vehicles is an important traffic flow characteristic affecting safety, level of service, driver 
behavior, and capacity of a transportation system. Furthermore, it can be used to generate realistic vehicle 
dynamics in microscopic simulation models, as well as for gap acceptance analysis (1). Research has been 
conducted on headway distribution for decades, and many models have been proposed to describe their 
characteristics; however, selecting the most suitable model for a particular traffic condition remains an ongoing 
research topic (2). In addition, most reported studies on headway concentrate on mixed vehicular flows without 
examining the variation in headway between different vehicle types (3). Finally, many of the previous studies 
used headway data collected from a highway without separating data by lane type (4). 

This study aims to identify the characteristics of vehicle headways by using naturalistic traffic data separated 
by vehicle type and lane-position. Four types of headways are analyzed based on different combinations of 
leading and following vehicles: Car-Car (i.e., passenger car to passenger car – C-C), C-Heavy Vehicle (HV – mainly 
truck), HV-C, and HV-HV. Comparing each vehicle type's specific headway statistically is undertaken to 
determine whether there is a significant difference between them. The study focuses on answering the following 
four questions: (I) what are the differences between the characteristics of the headways if classified by 
leading/following vehicle types? (II) Which distribution model is most appropriate for a particular type of 
headway if such headways are made lane-specific? (III) What are the behavioral characteristics of drivers and 
preferred time headway for different vehicle types? and (IV) Is there a statistical difference between different 
vehicle types preferred time headway? This paper identifies qualitative differences between vehicle type-
specific headways and distributions and provides a base for practical applications, especially to improve 
microscopic traffic simulation models in a naturalistic congested expressway setting with limited right of way 
and challenging geometric features. 

Methodology and Data Description  

The data analyzed in this paper is from the eastbound approach of the I-695 urban freeway (expressway) in 
Washington, DC, USA. The data is collected through the Third Generation Simulation (TGSIM) trajectory data. 
Vehicles in this study are classified into two types: Cars (which include sport utility vehicles – SUVs) and Heavy 
Vehicles (which includes trucks and buses). The headway data is then divided into different groups based on 
the type of the following and leading vehicles. The median value and standard deviation of the vehicle headways 
are calculated. The range of mean headway in lanes 1 (right-most lane), 2 (middle), and 3 (left-most merging 
lane) are 19.2, 20.8, and 21.2 m, respectively. Flow are ranging from 900 passenger’s car per hour per lane 
(pc/h/ln) to 3180 pc/h/ln. 

In this study, the Weibull, Gamma, Lognormal, and Inverse Gaussian distributions are applied to fit the observed 
headway data for each type under different lane positions. It is important to determine which distribution fits 
the data in an acceptable manner and to what extent the selected distribution “fits” the measured data 
(feasibility/acceptability of fit and degree of fit). For each lane and each vehicle type combination, the goodness 
of fit models on the distribution of total headways collected is examined.  The most compatible model (degree 
of fit) to the data is selected for further analysis and discussion and t-tests were utilized to make statistical 
comparisons between the distributions. In traffic engineering, the chi-square test and the Kolmogorov–Smirnov 
(K-S) test are commonly used. For each examined sample value x, the K-S test compares the proportion of 
values less than x with the expected number predicted by the hypothesized distribution. It uses the maximum 
difference over all x values and its test statistic. In other words, a smaller test statistic indicates a better 
performance from the examined distribution model. After determining the fittest distribution model for each 
headway type under all the traffic scenarios, the distribution model with the most traffic scenarios accepted 
becomes the recommended one for a particular headway type.. In order to find the relation between the time 
headway and speed, a regression approach is used to estimate coefficients of different regression equations 
which describe the relationship between one or more independent quantitative variables and a dependent 
variable. Finally, t-test is applied to compare the average values of the different data sets while determining 
the corresponding sample origin(s). 
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Results and Discussions 

Table 1 provides Goodness-of-fit statistics comparing different distributions and the results of different tests 
and estimated parameters. (for summarizing purposes, only Lognormal and Inverse Gaussian for C-C and C-HV 
headways are presented). When fitting distributions, Kolmogorov-Smirnov statistic, chi-square, Akaike's 
Information Criterion, and Bayesian Information Criterion statistics are considered. Figures 1 provides four 
classical goodness-of-fit plots for C-C headway for lane 1. 

Figure 42. Four Goodness-of-fit plots for various distributions fitted to C-C for lane 1 

 

Source: Authors’ elaborations. 

A statistical hypothesis test used to examine if a variable is likely to come from a given distribution is the Chi-
square goodness of fit test. All the goodness-of-fit statistics based on the CDF distance are in favor of the 
lognormal and Inverse Gaussian distribution. They are characterized by three parameters and supported by 
“better” AIC and BIC values. Results indicate that the Inverse Gaussian distribution provided better fit to the 
sample data collected. The K-S test also supports our conclusion drawn from visual comparisons of the curves. 
The relation between time headway and speed when the acceleration is less than 0.25 and 0.1 𝑚/𝑠2 are 
presented. It was observed that most of passenger car drivers choose headway 2s or less while most of heavy 
vehicle drivers choose more than 2.3s. In order to illustrate the relation between the time headway and speed, 
the results of a linear regression model is presented in this abstract. The model is applied on actual data and 
logarithmic data since logarithmic transformation allows dealing with highly skewed variables. There is a 
relationship between time headway and speed since the p-values from the result are very low. R-value from 
the result indicates negative correlation between the variables and shows substantial relationship. 

Table 2 shows t-test result of comparison between the two data sets and determines if they came from the 
same population (for summarizing purposes, only C-C vs C-HV for lane 1 is presented). Mean comparison is the 
central theme of many classical statistical procedures. The independent-sample t-test is used to test the 
equality of two means from independent populations with equal variances, when these conditions are not met, 
the Student’s t-test can be biased whereas Welch’s t-test is generally preferred when the variances are not 
equal. If the values are large, it indicates that the groups tested are incredibly different. In contrast, a smaller 
t-score suggests that the groups are similar. The p-value shows we can reject the null hypothesis (𝐻0) of no 
difference between the (true) averages of the two groups. Result shows there is a statistical difference between 
the two means. Here, the word "true" is used to refer to the averages you would get if you had access to all 
possible samples. 
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Table 8. Goodness-of-fit statistics comparing different distributions 

 Headway Type C-C C-HV 

Tests Distribution / Lane 1 2 3 1 2 3 

Kolmogorov-
Smirnov statistic 

Critical values*17 0.0535 0.0535 0.0535 0.0842 0.0930 0.1290 

Lognormal 0.022 0.031 0.064 0.105 0.067 0.069 

Inverse Gaussian 0.021 0.030 0.065 0.106 0.064 0.067 

Akaike's 
Information 

Criterion 

Weibull 3255.2 3322.9 3548.6 1761.8 1504.2 748.9 

Lognormal 3086.2 3220.6 3382.4 1699.1 1478.9 739.9 

Inverse Gaussian 3086.3 3220.3 3381.9 1697.9 1478.6 739.7 

Bayesian 
Information 

Criterion 

Gamma 3103.6 3233.7 3407.9 1719.0 1488.2 745.3 

Lognormal 3095.1 3229.6 3391.3 1706.3 1485.6 745.3 

Inverse Gaussian 3095.2 3229.2 3390.8 1705.1 1485.4 745.1 

chi-square 

Critical values*2 11.071 11.071 11.071 11.071 11.071 11.071 

Lognormal 11.57 29.45 43.98 45.75 22.88 9.91 

Inverse Gaussian 11.52 29.22 43.63 45.38 22.53 9.79 

Source: Authors’ elaborations. 

Table 9. Welch Two Sample t-test 

Data t df p-value 95% confidence interval Mean of x Mean of y 

C-C vs C-HV Lane 1 -8.91 256.6 2.2e-16 -1.0418, -0.6643 1.792759 2.645886 

Source: Authors’ elaborations. 

Conclusion 

Using video extracted headway data, , it was found that the space and time headways varied according to the 
follower and leader vehicle types. The headways were therefore divided into four categories (C–C, C–HV, HV–C 
and HV–HV) and the adaptability of several headway distribution models was examined. This study considered 
four common distribution models (Weibull, lognormal, inverse Gaussian, Gamma). The results of Maximum 
likelihood estimation (MLE), K-S, chi-square, AIC, and BIC tests further confirmed that these headway types 
follow Inverse Gaussian distribution. In addition, it was found that each type of headway can be influenced by 
the percentage of heavy vehicles and lane position. We quantified the parameters of speed and time headway, 
differentiating vehicles by type and by lane in order to provide a description of how drivers regulate speed and 
time-headway. Results show that the average C-C and C-HV, HV-C, HV-HV headways are about 1.84, 2.35, 2.82, 
and 2.91 seconds, respectively. Result shows drivers prefer to keep a large distance if there is a large vehicle 
ahead. In order to find a relation between the time headway and speed, a linear regression approach is 
presented to estimate coefficients of regression equations. It can be concluded from these models that there 

                                                        

 

(17) for 𝛼 = 0.05 
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is a relationship between time headway and speed since p-values from the result are very low. R-value from 
the result indicates a negative correlation between the time headway and speed. The t-test show that we can 
reject the null hypothesis (𝐻0) of no difference since the p-value is less than the usual significance level alpha 
= 0.05. There is a statistical difference between the means of headways. This result supports the argument 
that the headway analysis should consider vehicle type and that the mix–flow headway modelling is inadequate. 
Time headway shows that it is nearly independent of speed for speeds greater than around 10 m/s. In other 
words, in less congested conditions, when drivers do not tend to be hindered by surrounding disturbances, the 
time headway is stabilized at uniform values; these values are representative of the desired headways by the 
drivers following a given leader. Our research provides helpful information in modeling the desired time-
gap/headway which may be translated into useful intelligent cruise control vehicle design or calibrated 
microscopic acceleration models/car-following strategies. 
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Introduction 

Road congestion in urban areas has long been a major challenge for transport policy and traffic management 
(Christodoulou et al., 2020). One of the ‘silver linings’ of the Covid-19 pandemic was a decrease in transport 
demand and visibly lower congestion levels in most European cities. Nevertheless, transport activity is already 
showing a gradual return to year 2019 levels, with the lifestyles and work patterns adopted during the pandemic 
returning to normality. Some of the behavioural changes –such as remote work- may still partially continue, 
probably at a lower degree than in the height of the pandemic (but still more commonplace than before). The 
new patterns may- however- also to increased levels of car ownership and use (Christidis et al., 2022; Lopez 
Soler et al., 2021), resulting in a rebound in the levels of congestion. 

Monitoring congestion levels at urban level can provide insights as regards the evolution of transport demand. 
Particularly in a post-pandemic context, the analysis of daily congestion patterns can provide useful indicators 
on how changes in user preferences or the adoption of new policy measures can modify overall demand. From 
the user side, changes may be due to modified work patterns -such as tele-working- or modal preferences (e.g. 
increased active mobility choices). From the policy side, measures such pedestrianisation or the introduction of 
low emission zones can affect both the supply and demand of transport infrastructure. 

Data and methods 

For the analysis presented here, we used a database of TomTom congestion indicators on a daily level for 178 
cities in the EU, from 2019 to 2022 (Christidis and Ibanez Rivas, 2012; Christodoulou and Christidis, 2020). We 
combine the congestion data with detailed meteorological data at city level from the European Climate 
Assessment & Dataset (Squintu et al., 2021). The combination of the two datasets allows a direct analysis of 
the impacts of weekly variance, especially as regards weekdays compared to weekends, as well as an initial 
exploration of the impact of weather conditions. 

Congestion levels in a specific city tend to combine a general trend reflecting the overall evolution of demand, 
with strong weekly and seasonal effects, sprinkled with unique events that temporarily affect either the demand 
or the supply of transport infrastructure. These may include extreme weather effect, public transport strikes, or 
major sport events. A significant part of congestion level can be explained through recurring patterns, but non-
recurring events may lead to outliers that are important to monitor. 

We apply a hybrid modelling approach that allows us to identify the long-term trends in the evolution of 
congestion taking into account the factors that affect weekly and seasonal. This involves the combination of 
two machine learning approaches: a tree based algorithm that estimates the variation caused by specific 
conditions in the city at a specific time with an informed time series model that allows capturing the underlying 
trends in total demand. A particularly important variable that is addressed is the change in demand due to 
teleworking. For this we use the Google indicator, which allows the identification of a trend in each city (Google, 
2020). We use different scenarios on how this trend can continue in the future. 

Results 

Congestion levels were still lower in 2022 compared to those of 2019, for the majority of the cities covered. 
There is, however, a strong trend towards the recovery of past levels, mainly due to the gradual return to 
physical presence at work. The impact of remote work is visibly higher than in 2019, but the trend implied in 
the data suggests that it will be gradually less impactful. Other activities, such as retail and entertainment, 
appear to have returned to similar –or higher- levels than in 2019 (Figure 1). The observed trends suggest that- 
unless specific measures are adopted- congestion levels will return to higher levels. 
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Figure 43. Urban road congestion levels in the EU, change 2019-2022 

 

Source: Authors’ calculations, based on TomTom data. 

The variance of congestion levels across cities is high, but the overall pattern of their evolution reveals a clear 
trend. Figure 2 compares the average daily congestion level on weekdays (Monday to Friday) by month and 
year. The indicators reached their minimum in April 2020, at the height of the pandemic, and have been 
gradually recovering until June 2022. Comparing September-November in 2021 and 2022 shows a new 
decrease in congestion levels, probably caused by the increased fuel prices and the economic recession in the 
period. 

A main driver for the fluctuations in congestion levels is the presence in the workplace. Comparing the median 
of the weekly average of congestion on weekdays for the 178 cities covered by TomTom, with the corresponding 
median for the Google workplace indicator highlights the correlation and suggests that a possible continued 
increase in workplace presence may lead to higher traffic congestion levels (Figure 3). 

Figure 2. Comparison of variance of average monthly congestion across EU cities, 2020-2022 
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Figure 3. Comparison of evolution of congestion and workplace indicators, 2020-2022 

 

Discussion and conclusions 

Congestion levels depends on several factors that may affect both the long-term evolution in time and short-
term variability of the daily patterns. The level of congestion depends on the ratio of demand to capacity for a 
specific time period. A change in the underlying mean congestion level may reflect a shift in demand –through 
a change in either its total level or its timing- or a change in the capacity (e.g. modifications in the road network 
or in the alternatives to car use). 

From the policy perspective, it is important to be able to identify the underlying trend in the ratio between 
demand and supply, especially since it can reflect the impact of behavioural changes or the repercussions of 
policy measures. From the modelling perspective, the hybrid approach presented here permits addressing both 
long-term trends and short-term variation. 
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Introduction 

In Japan, with the aim of digitization and standardization of data, the spread of General Transit Feed 
Specification (GTFS) data is advancing among bus operators. While a lot of information is made public as open 
data, the data is not being utilized much in the operation of bus services. For example, some of the travel time 
between bus stops to make a timetable is set to uniform throughout the day, and a timetable reflecting the 
actual operation is not offered. As a result, there are buses that almost always run behind schedule. In response, 
Ota et al. (2018) have proposed a bus timetable improvement method using actual operation data, targeting a 
certain bus operator. However, as the timetable is generated based on the percentiles of the required time, it is 
considered that the improved timetable has a relatively high risk of early departure. Therefore, this research 
aims to improve the reliability of bus timetables and to reduce the effort required for the improvement of 
timetables by public transportation operators, proposing a timetable improvement method that can improve 
reliability without causing early departure as much as possible by using GTFS Real-Time data. 

Methodology 

Target Bus Operators and Data 

In this paper, the Yokohama Municipal Bus operating in Yokohama City, Kanagawa Prefecture, Japan is the 
target bus operator. The overview of the analyzed data is shown in Table 1. Yokohama Municipal Bus is a bus 
operator that operates approximately 10,000 buses per day on about 600 routes. Also, since Yokohama City is 
a municipality with the largest population in Japan, it runs relatively busy roads and has many passengers. In 
other words, chronic delays are likely to occur at many bus stops, but significant efforts are required to revise 
the timetable. The Vehicle Position of GTFS Real Time data (GTFS-RT data) used as the target data is collected 
using the API GET method once every 30 seconds. 

Table 10. Summary of Analyzed Data 

Target Transportation Operators  Yokohama Municipal Bus 

Data Source Public Transportation Open Data Center 

Target Period 2022-10-01 – 2022-11-30 

Frequency of GTFS-RT data acquisition Once every 30 seconds 

Record Size 30,783,038 

Calculation of departure time results 

To begin with, the distance from each starting bus stop to the location of the bus, as specified by the delivered 
bus location information, was calculated. The location information from the delivered GTFS-RT data was then 
converted into the distance from the starting point of each route. The conversion was performed using the 
geodesic algorithm proposed by Karney (2013). Additionally, for convenience, the time was converted into 
integers representing the elapsed seconds from 00:00am. A part of the results calculated in this manner is 
presented in Figure 1. In Figure 1, the operational records of 40 buses that were operated during the analyzed 
period are plotted, focusing on one trip_id. Additionally, Figure 38 shows a map overlay highlighting the 
chronically delayed section identified in Figure 38. 
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Figure 44. Yokohama Municipal Bus Route 202 

 

Figure 45. Yokohama Municipal Bus Route 202 Segment of Chronic Delays 

 

Afterward, each bus stop + 20m location was calculated as the departure time of that bus stop, as shown in 
Table 2. During the calculation, considering that the bus timetable is comprised of minutes, the time was 
rounded to elapsed minutes from 00:00 am by truncating any seconds. 

Table 11. Departure Time Calculation Results (Excerpts) 

trip_id date route_id stop_id stop_sequence departured_time 

20202_03202210011087AC01107 2022/10/26 20202 0826_02 2 583 

20202_03202210011087AC01107 2022/10/26 20202 2611_05 3 585 

20202_03202210011087AC01107 2022/10/26 20202 0014_02 4 586 

20202_03202210011087AC01107 2022/10/26 20202 2610_02 5 587 

By utilizing the calculated actual departure times, a new timetable was created. A timetable that is less likely 
to experience delays can be created by delaying departure times from the current timetable. However, such 
changes may result in buses arriving earlier than scheduled. In Japan, early departures by buses are prohibited, 
so buses that arrive early must wait at the bus stop until the scheduled departure time. To consider this trade-
off, the Allowable Waiting Occurrence Rate (AWOR) is used as an indicator that shows the maximum occurrence 
rate of buses requiring time adjustment, which operators can tolerate. Letting 𝑟 be an arbitrary AWOR, for a 
route that passes through 𝑛 bus stops, with 𝑋1, 𝑋2, 𝑋3, ..., 𝑋𝑛−1 representing the set of departure time actuals 
at each bus stop, the function 𝑄(𝑋𝑖 , 𝑟) representing the time that satisfies the AWOR for each bus stop. The 
function 𝑀(𝑋𝑖) represents the most frequent departure time at each bus stop. The new departure time 𝑇(𝑋𝑖 , 𝑟) 

is represented by the following equation: 
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𝑇(𝑋𝑖 , 𝑟) = {
𝑄(𝑋𝑖 , 𝑟), 𝑀(𝑋𝑖) > 𝑄(𝑋𝑖 , 𝑟)
𝑀(𝑋𝑖), 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

Results 

The newly calculated timetable, as a result of the calculation, shows a decrease in the number of buses that 
are generally delayed when comparing the average delay time, as confirmed in Figure 3. Furthermore, even 
when the AWOR is set to 0%, improvement in delays can be seen, indicating that some buses are not currently 
operated on schedule. 

Figure 46. Top 30 routes with eliminated delays when the AWOR is set to 10% 

 

When the AWOR is set to 10%, it is expected that the number of delayed buses, as represented by route_id 
10910 in Figure 3, will significantly decrease.  However, it should be noted that this decrease may lead to more 
buses requiring adjustment of their schedules. Nonetheless, Figure 4 shows the frequency of bus schedule 
adjustment for the route mentioned in Figure 3, and due to the use of the new timetable as the most frequent 
departure time at many bus stops, schedule adjustments can be controlled with a small number in the low 
percent range. In addition, Figure 5 shows the percentage reduction in delayed buses on the route mentioned 
in Figure 3. According to this figure, it is evident that even on routes where the decrease in delay time is small, 
on-time performance can significantly improve. For example, on route_id 6128, the reduction in average delay 
time is not significant at about -1 minute with AWOR set to 10%, but the percentage reduction of delayed buses 
is the highest among other routes, at about -20%. 

Conclusions 

In this study, a method for creating a schedule that reflects the operating performance of all routes of a 
targeted operator was presented by using GTFS data. The method demonstrated the ability to significantly 
reduce the number of delayed buses on some routes. Specifically, the method adopts either the earliest time 
that satisfies either the most frequent departure time at each stop or the time representing the ratio of buses 
that allow for permissible time adjustments (AWOR) as the new departure time. With AWOR at 10%, for example, 
the average delay time was reduced by a maximum of approximately 7 minutes compared to before 
improvement. Furthermore, even with AWOR at 0%, a decrease in the number of delayed buses was confirmed, 
revealing that some buses were not operated on time according to the current schedule. This method is 
considered to be an effective means for revising schedules, especially for bus routes in urban areas with high 
traffic volume and passenger volume. On the other hand, it is believed that improving the schedule by taking 
into account the availability of bus bays and other factors that allow for time adjustments can result in a better 
schedule. Additionally, the method presented in this study does not consider the work system of the drivers. 
Solving these issues is expected in the future. 
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Figure 47. The frequencies of bus schedule adjustment when the AWOR is set to 10% 

 

Figure 5. Percentage reduction in delayed buses when the AWOR is set to 0% and 10% 
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Introduction 

The problem of traffic congestion is a growing concern around the world, with traffic networks 
becoming increasingly congested every year. Despite the decrease in travel during the COVID-19 pandemic, the 
total distance travelled by vehicles has risen quickly, resulting in further congestion of traffic networks in both 
Europe and the US (INRIX, 2023). The impacts of traffic congestion extend beyond just delays and frustration 
for drivers. They also have far-reaching effects on the environment, the economy, and human health 
(Falcocchio, 2015). These potential impacts highlight the need to research and develop methods to alleviate 
traffic congestion and mitigate its negative global effects on people and the environment. This serves as the 
motivation for finding methods to decrease congestion in traffic networks. 

Congestion pricing is common approach for mitigating congestion in traffic networks. The concept was 
introduced by economist Pigou in 1920 (Pigou, 2013) and induces users to change their activity patterns, 
departure time, mode and route choices by imposing a tax on traffic networks in the form of a toll (de Palma 
and Lindsey, 2011). Consequently, the behaviour of users can be managed through a pricing scheme, which is 
typically designed to maximize social welfare. 

This paper proposes an adaptive and dynamic congestion pricing system using reinforcement learning (RL) 
algorithms specifically designed and trained for this purpose. The goal of this system is to reduce congestion 
and related problems, such as high travel times for users of the traffic network, by optimising the total system 
travel time. The approach involves first defining a modelling framework and simulating a traffic network 
environment. Different reinforcement learning algorithms are then applied to train models within this 
environment. The models will be quantitatively compared against two baselines: one with no toll and one with 
a toll set using random actions. 

Methodology 

The overall framework utilizes a simulator for the morning commute problem, which includes a traffic network 
regulated by an adaptive time of day toll with users who make departure time choices based on network 
conditions. The users learn and adapt to the traffic network’s experienced situations, which will change their 
mobility choices in a day-to-day manner based on the previous day. The users adapt their mobility choices 
differently depending on their own value of time as well as their values of schedule delays (early and late). For 
more details on the simulation framework, we refer the reader to Liu et al. (2022). 

Figure 1 shows the overall framework from a high-level perspective. The traffic network is at the centre and is 
influenced by changes from the regulator that sets the adaptive time-of-day tolls, which in turn affects the 
mobility choices of the users (modeled using a logit-mixture model). The traffic network simulates network 
congestion based on the mobility choices made by the users (modeled using a trip-based Macroscopic 
Fundamental Diagram model). The users pay toll payments to the regulator depending on when and how far 
they travel and base their own mobility choices on their experience of the realized network conditions. If the toll 
is more expensive at a certain time than the value of arriving at the desired time for each user, the users will 
change their departure time accordingly. The control policy, which is learned through reinforcement learning, 
takes an observation from the traffic network as input and outputs an action consisting of changes to the toll 
profile parameters which the regulator uses to impose the adaptive time of day tolls for the next day on the 
traffic network. This means that the policy makes relative changes to the toll profile parameters for each day 
based on the observation from the previous day. 
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Figure 48. Overall framework used to train and test models 

 

Source: Authors’ elaborations. 

The time-of-day toll is set by a toll profile, which is a custom Gaussian distribution based on the three toll 
profile parameters, amplitude, mean and standard deviation. The users have 15 different 15-minute departure 
time windows to choose from and the toll imposed is based on the departure time window and the distance 
travelled. 

The reinforcement learning algorithms used to learn the policy are Proximal Policy Optimization (PPO), which 
was introduced by Schulman et al. (2017) and is an on-policy algorithm, and Twin-delayed Deep Deterministic 
Policy Gradient (TD3), which was introduced by Fujimoto et al. (2018) and is an off-policy algorithm. 

The observation space consists of the index of the day (one-hot encoded) and the number of users of the traffic 
network in each departure time window. The action space is set up to allow relative actions that change the 
parameters of the toll profile for each day with three dimensions: A change to the amplitude of the toll profile 
between -2.0 and 2.0, a change to the mean of the toll profile between -3.0 and 3.0 and a change to the 
standard deviation of the toll profile between -2.0 and 2.0. The reward function is set with the objective of 
optimising the total system travel time, which Pandey et al. (2020) found utilises the traffic network to full 
capacity at all times. 

The training of models is done in episodes of 30 days, whereafter the simulation environment is reset to the 
original state with random starting toll profile parameters. The starting departure time choices used when 
training the models are the departure time choices from the equilibrium state of the simulation environment 
without a toll. This is done to ensure that training episodes reach the equilibrium state before 30 days. The 
testing is done across 10 different episodes of 30 days with the mean and standard deviation computed for 
the last 10 days in each episode to allow the simulation to reach the equilibrium state, where users no longer 
change their departure time choices significantly. 

The metrics used for testing model performance are: travel time, travel time cost, social welfare and consumer 
surplus for each user. 

Results 

Experiments are done with no toll, random actions for setting the toll, different observation spaces and a 
different action space. Table 1 shows the results of testing no toll, random actions and the proposed RL 
approach described in the previous section. 

The RL policies significantly improve the performance measured by travel time and travel time cost per user 
when compared to the no toll and random actions cases. 

Experiments have also been done with different observation spaces, a different action space and a change in 
capacity of the traffic network from 4500 to 4000. The models are able to achieve comparable performance 
to the performance reached with the RL algorithms in Table 1. The experiments with a change in capacity of 
the traffic network further show that the RL policies generalize well to new scenarios. 
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Figure 49. Results with the basic observation space 

Model  

(mean ± std.) 

Travel time 

[min/user] 

Travel time cost 

[DKK/user] 

Social welfare 

[DKK/user] 

Consumer surplus 

[DKK/user] 

No toll 26.66 ± 0.01 26.84 ± 0.01 -24.57 ± 0.01 -24.57 ± 0.01 

Random actions 22.93 ± 1.63 23.12 ± 1.63 -23.30 ± 1.15 -34.62 ± 6.47 

PPO (225 eps.) 20.17 ± 1.41 20.31 ± 1.44 -23.19 ± 1.12 -38.08 ± 5.21 

PPO (300 eps.) 20.49 ± 1.44 20.62 ± 1.46 -23.22 ± 1.23 -37.80 ± 5.55 

TD3 (225 eps.) 19.72 ± 0.32 19.82 ± 0.31 -23.72 ± 0.88 -45.03 ± 0.41 

TD3 (300 eps.) 19.70 ± 0.44 19.80 ± 0.43 -23.94 ± 0.88 -45.54 ± 0.85 

Contextual 
Bayesian 
Optimization 

19.07 ± 0.03 19.18 ± 0.02 -23.89 ± 0.12 -43.48 ± 0.66 

(1) The performance of models trained with the basic observation space for the final 10 days of each episode across 10 episodes 

Source: Authors’ elaborations. 

Conclusions 

The experiments show that the proposed RL approaches are successfully able to achieve significantly better 
performance than the baseline policies without toll and with random actions. Furthermore, the RL policies 
learned were empirically shown to be able to adapt to new and unseen scenarios e.g., a change in traffic network 
capacity. 

The improved performance is measured by travel time and travel time cost per user. Future work should 
investigate the effect of the objective and explore reward functions which include metrics such as social welfare. 
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Introduction 

This presentation addresses user equilibria under bounded rationality (BRty).  Under such a behavioural 
assumption, travellers or users do not always choose fastest or cheapest paths to reach their destinations.  
Because of personal reasons, ambiguous preferences, perception errors, inaccurate information, etc., they 
choose paths that are within a threshold of being fastest or cheapest instead.  Psychologists and economists 
have provided evidence and reasons for such behaviour, particularly in the context of day-to-day choices (see 
Conlisk, 1996, for a review). 

In transportation, user-equilibrium (UE) distributions under BRty are called boundedly rational user-equilibrium 
(BRUE) distributions—see, e.g., Lou et al. (2010).  In computer science (see, e.g., Roughgarden, 2005), BRUE 
distributions are referred to as “approximate Nash equilibria” instead.  Generally, the set of all possible BRUE 
distributions, referred to herein as the “BRUE set”, is infinite and shown to be non-convex in Lou et al. (2010).  
The latter is true even when travel-time functions are well-behaved. To avoid dealing with these two issues, 
this presentation takes a statistical and computational approach.  It is statistical because the approach infers 
characteristics of BRUE distributions from a finite sample of distributions randomly selected from the BRUE 
set.  In practice, characteristics of interest include performance indicators such as network delays and travel 
times on individual streets.  The approach is also computational because it involves computing or generating 
random BRUE distributions.  This presentation focuses on methods for doing the latter.  Such methods involve 
solving optimization or variational inequality problems with randomly perturbed travel times. 

Our Approach 

When demands are fixed, there are two equivalent ways of defining BRUE distributions.  In one, the rationality 
thresholds are stated in an additive form.  The thresholds are in a multiplicative form in the other.  Because 
these two definitions are equivalent, results based on one definition can typically be derived from those based 
on the other.  This presentation addresses BRUE distributions with additive threshold constants. 

For the elastic-demand case, our survey of the literature does not find any definition for BRUE distributions.  
Under perfect rationality (PRty) and mild assumptions, the travel time at equilibrium for all travellers of an OD 
pair is unique and, consequently, determines its travel demand.  The same is not true under BRty.  Boundedly 
rational (BRal) travellers for the same OD pair typically experience different travel times at equilibrium.  
Therefore, it is not clear which of these travel time, if any, determines the demand for each OD pair.  In our 
proposed definitions, demands are determined by “de facto” travel prices (or travel prices in effect) instead. 

BRUE distributions reduce to perfectly rational user-equilibrium (PRUE) ones (i.e., ones that satisfy Wardrop’s 
first principle) in two ways. One way is by setting all threshold constants to zero.  Perturbing path or link 
travel-times is the second way.  To illustrate the latter, consider a 4-node network in Figure 1 that has (1,4) 
as the sole OD pair with 6 units of demand.  In the figure, the travel-time function is next to each link and 𝑥 
represents the link’s flow.  Three paths, labeled as 𝑝1, 𝑝2, and 𝑝3, connect the OD pair.  They correspond to 
1 → 2 → 4, 1 → 3 → 4, and 1 → 2 → 3 → 4, respectively. 

Figure 50. 4-node network 
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Source: Adapted from Braess (1969). 

Let 𝒇 = (𝑓𝑝1 , 𝑓𝑝2 , 𝑓𝑝3) denote a (flow) distribution.  Then, the PRUE distribution for the 4-node network is 

𝒇𝑃𝑅𝑈𝐸  ~ (2.62, 2.62, 0.76), where the travel times of all three paths are the same and approximately equal 
86.46 time-units.  (The network delay associated with 𝒇𝑃𝑅𝑈𝐸 is 518.76 time-units.)  Let the (additive) 
threshold constant equal 5 time-units (or, approximately 5.78% of 86.46).  Then, one BRUE distribution is 

𝒇𝐵𝑅𝑈𝐸~(2.78,2.48, 0.74).  To verify, let 𝒄(𝒇) = (𝑐𝑝1(𝒇), 𝑐𝑝2(𝒇), 𝑐𝑝3(𝒇)).  Then, (𝒇𝐵𝑅𝑈𝐸) 

~ (87.99, 84.63, 86.10).  Observe that 𝑝2 is the fastest with a travel-time of 84.63. The travel-times for 
paths 𝑝1 and 𝑝3 are, respectively, 3.36 and 1.47 time-units longer.  Thus, travel-times of the remaining two 
(flow-bearing) paths are within 5 time-units of 84.63 and, consequently, 𝒇𝐵𝑅𝑈𝐸 is a BRUE distribution with an 
(additive) threshold of 5 time-units. 

To perturb path travel-times, let 𝜖𝑝 denote the perturbation amount for path 𝑝 and 𝝐 = (𝜖𝑝1, 𝜖𝑝2, 𝜖𝑝3).  Then, 

a perturbed travel-time is of the form �̃�𝑝(𝒇, 𝝐) = 𝑐𝑝(𝒇) + 𝜖𝑝.  When 𝝐 = (0.0, 3.36, 1.89), �̃�𝑝(𝒇
𝐵𝑅𝑈𝐸 , 𝝐) =

87.99 for every 𝑝, i.e., 𝒇𝐵𝑅𝑈𝐸 is also a PRUE distribution with respect to �̃�(𝒇, 𝝐).  Note that the preceding 𝝐 is 
not unique. Also, 𝝐 need not be nonnegative.  For this case, 𝒇𝐵𝑅𝑈𝐸 is a PRUE distribution with respect to �̃�(𝒇, 𝝐) 

when 𝝐 = (𝑐𝑝1(𝒇
𝐵𝑅𝑈𝐸) − �̂�, 𝑐𝑝2(𝒇

𝐵𝑅𝑈𝐸) − �̂�, 𝑐𝑝3(𝒇
𝐵𝑅𝑈𝐸) − �̂�) and �̂� ∈ [84.63, 87.99].  This is because 

�̃�𝑝(𝒇
𝐵𝑅𝑈𝐸 , 𝝐) = �̂� for all three paths. 

Sample Results and Findings 

For OD pair 𝑤, let 𝑐𝑚𝑛
𝑤 (𝒇) = min{𝑐𝑞

𝑤(𝒇)|𝑞 ∈ 𝒫𝑤} denote the travel time of a quickest path and 𝒫+
𝑤(𝒇) =

{𝑝 ∈ 𝒫𝑤|𝑓𝑝
𝑤 > 0} be the set of flow-bearing paths.  Then, a definition of fixed-demand BRUE (FD-BRUE) 

distributions with additive threshold constants is below. 

FD-BRUE with Additive Constants:  A vector 𝒇 ∈ ℱ(𝒅) is a FD-BRUE distribution with a vector of additive 
constants 𝜼 ≥ 0 if the following hold for all 𝑤 ∈ 𝒲:  

𝑐𝑝
𝑤(𝒇) ≤ 𝑐𝑚𝑛

𝑤 (𝒇) + 𝜂𝑤 , ∀𝑝 ∈ 𝒫+
𝑤(𝒇). 

Given 𝝐, let 𝜖𝑚𝑛
𝑤 = min{𝜖𝑝

𝑤|𝑝 ∈ 𝒫𝑤} and 𝜖𝑚𝑥
𝑤 = max{𝜖𝑝

𝑤|𝑝 ∈ 𝒫𝑤} be the minimum and maximum 

perturbation amount, respectively.  Also, 𝑐𝑚𝑥+
𝑤 (𝒇) = max{𝑐𝑞

𝑤 (𝒇)|𝑞 ∈ 𝒫+
𝑤(𝒇)} denotes the longest or slowest 

travel time among the flow-bearing paths.  Then, the following theorem substantiates the claim made in the 
4-node example above. Also, an 𝝐 that satisfies the two conditions in the theorem is said to be “compatible” 
with 𝜼. 

Theorem 1: A vector 𝒇 ∈ ℱ(𝒅) is a FD-BRUE distribution with 𝜼 if and only if 𝒇 is a FD-PRUE distribution with 

respect to �̃�𝑝
𝑤(𝒇, 𝝐) for some 𝝐 such that, for every 𝑤 ∈𝒲, (a) |𝜖𝑝

𝑤| ≤ 𝜂𝑤 , ∀𝑝 ∈ 𝒫𝑊, and (b) 𝜖𝑚𝑥
𝑤 − 𝜖𝑚𝑛

𝑊 ≤ 𝜂𝑤 . 

Define ℱ𝒟-ℬℛ𝒰ℰ(𝜼) and 𝒇𝑈𝐸(𝝐) as, respectively, the set of all possible FD-BRUE distributions with 𝜼 and a 
FD-PRUE distribution with respect to �̃�(𝒇, 𝝐).  Then, the set of all such distributions can be defined as follows: 

ℱ𝒟-𝒫ℛ𝒰ℰ𝜖(𝜼) = {𝒇𝑈𝐸(𝝐)│𝝐 is compatible with 𝜼}. 
Then, the following holds: 

Corollary 2: ℱ𝒟-ℬℛ𝒰ℰ(𝜼) = ℱ𝒟-𝒫ℛ𝒰ℰ𝜖(𝜼). 

For the two corollaries below, one provides new necessary and sufficient conditions for BRUE distributions.  
The other associates the latter to variational inequality problems.  

Corollary 3: A vector 𝒇 ∈ ℱ(𝒅) is a FD-BRUE distribution with 𝜼 if and only if there exists a 𝒖 ∈ ℝ+
|𝒲|

 such 
that the following (path-based) KKT conditions hold for some 𝝐 compatible with 𝜼:  

𝑐𝑝
𝑤(𝒇) + 𝜖𝑝

𝑤 = 𝑢𝑤 , ∀𝑝 ∈ 𝒫+
𝑤(𝒇),

𝑐𝑝
𝑤(𝒇) + 𝜖𝑝

𝑤 ≥ 𝑢𝑤 , ∀𝑝 ∈ 𝒫0
𝑤(𝒇).

 

Corollary 4: A vector 𝒇 ∈ ℱ(𝒅) is a FD-BRUE distribution with 𝜼 if and only if it solves 𝑉𝐼[�̃�(𝒇, 𝝐), ℱ(𝒅)] for 
some 𝝐 compatible with 𝜼, i.e., 𝒇 satisfies the following inequality:  

�̃�(𝒇, 𝝐)𝑇(�̂� − 𝒇) ≥ 0,∀�̂� ∈ ℱ(𝒅). 

Below is a procedure to randomly sample a BRUE distribution from ℱ𝒟-ℬℛ𝒰ℰ(𝜼). It can be repeated many 
times to generate a random collection of BRUE distributions.   In the procedure, 𝒰[𝑎, 𝑏] denotes a uniform 
probability distribution between two real numbers, 𝑎 and 𝑏, where 𝑎 < 𝑏, and the notation “𝑥 ∼ 𝒰[𝑎, 𝑏]” 
means that 𝑥 is a random number with a 𝒰[𝑎, 𝑏] distribution. 
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Procedure 

Step 1: For all 𝑤 ∈ 𝒲, let 𝛼𝑤 ∼ 𝒰[−𝜂𝑤 , 0].  Given 𝛼𝑤, let 𝜖𝑝
𝑤 ∼ 𝒰[𝛼𝑤 , 𝛼𝑤 + 𝜂𝑤], ∀𝑝 ∈ 𝒫𝑤. 

Step 2: Solve 𝑉𝐼[�̃�(𝒇, 𝝐), ℱ(𝒅)] to obtain 𝒇∗.  Then, 𝒇∗is a FD-BRUE distribution with 𝜼. 

To illustrate, consider the 9-node network shown in Figure 2 below.  It has four OD pairs: (1, 3), (1, 4), (2, 3), 

and (2, 4). Travel demands for them are 𝑑(1,3) = 12.5, 𝑑(1,4) = 25, 𝑑(3,4) = 37.5, and 𝑑(2,4) = 50. Because of 
symmetry, every OD pair has 24 acyclic paths from its origin to its destination.  For every link, the travel-time 

function is of the form 𝑡𝑖𝑗(𝒙) = 𝑡𝑖𝑗
0 (1 + 0.15(𝑥𝑖𝑗 𝑐𝑎𝑝𝑖𝑗⁄ )

4
), where 𝑡𝑖𝑗

0  and 𝑐𝑎𝑝𝑖𝑗 are the free-flow travel-time 

and capacity, respectively.  Values of the two preceding parameters are in Hearn and Yildirim (2002). 

Figure 51. 9-node network 

 

Source: Hearn and Yildirim (2002). 

Four vectors of additive constants are used for the tables and figures below.  They include =

0.05𝒄𝑚𝑛(𝒇
𝑈𝐸(𝟎)), 0.10𝒄𝑚𝑛(𝒇

𝑈𝐸(𝟎)), 0.15𝒄𝑚𝑛(𝒇
𝑈𝐸(𝟎)), and 0.20𝒄𝑚𝑛(𝒇

𝑈𝐸(𝟎)), where 𝒇𝑈𝐸(𝟎) denotes an 

unperturbed FD-PRUE distribution and 𝒄𝑚𝑛(𝒇
𝑈𝐸(𝟎)) is the vector of (equilibrium) travel times for each OD 

pairs at 𝒇𝑈𝐸(𝟎) .  For convenience, the latter is also referred to as UE(0) distribution and the four choices of 𝜼 
are denoted as 05%UE(0), 10%UE(0), 15%UE(0), and 20%UE(0), respectively. 

Let 𝑁𝐷 be the network delay associated with a distribution randomly selected from ℱ𝒟-ℬℛ𝒰ℰ(𝜼).  Then, 𝑁𝐷 
is a random variable with mean 𝐸[𝑁𝐷] = 𝜇 and variance  𝑉[𝐷] = 𝜎2.  To estimate 𝜇, 𝐾 distributions are 
sampled from ℱ𝒟-ℬℛ𝒰ℰ(𝜼) using Procedure 1.  (Thus, 𝐾 is the sample size.)  Table 1 below provides two 
estimates of 𝜇, one for 𝐾 = 35 and 𝐾 = 100 for the other.  Also provided are the margins of errors at a 95% 
confidence level or 𝛼 = 0.05.  For all four choices of 𝜼 mentioned above, the estimates are similar for both 
sample sizes.  However, the margin of error for 𝐾 = 100 is significantly smaller than the one for 𝐾 = 35 for 
all four choices of 𝜼.  Thus, estimates with larger samples are more reliable. 

Table 12. Estimates of μ and margins of errors at 95% confidence level 

𝜼 𝐾 = 35 𝐾 = 100 

05%UE(0) 3904.28  7.87 3899.03  5.15 

10%UE(0) 3860.68  19.21 3858.57  11.62 

15%UE(0) 3801.37  29.14 3816.78  18.24 

20%UE(0) 3835.75  42.23 3814.71  23.15 

Source: Lawphongpnich and Yin (2023). 

Below, Figure 3 displays two histograms of network delays associated with BRUE distributions with 𝜼 = 
20%UE(0), one histogram is constructed with 𝐾 = 35 and the other with 𝐾 = 100.  Although they follow a 
similar pattern, the two histograms in the figure are dissimilar visually in terms of bar heights.  As before, it 
can be argued that the histograms with 𝐾 = 100 are more reliable.—see, e.g., Lawphongpanich and Yin 
(2023). 
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Figure 52. Two histograms of network delays associated with BRUE distributions where η = 20%UE (0) 

 

Source: Lawphongpanich and Yin (2023). 
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Introduction 

Increasing urbanisation, inner-city congestion and growing mobility needs demonstrate the necessity of 
rethinking existing mobility concepts. Leveraging the advancements in technology, the employment of advanced 
air mobility (AAM) services presents a promising new mode of transportation. For on-demand inner-city point-
to-point services, airport shuttle services, intercity flights (Bauhaus 2022, Shamiyeh 2018, Rajendran 2020) as 
well as use cases in goods transportation in a medical or agricultural context (Xu 2020), it has become a highly 
discussed topic. Recently, multiple companies have promised market ready products to be released in the next 
two years (Lilium 2022, Volocopter 2023) – the first operating air taxi shuttle service is planned for the Olympics 
in Paris in 2024 (Bloomberg 2022, Stonor 2022). However, besides technical viability the question of economic 
feasibility for specific operations including potential demand and vertiport locations must be answered, thus 
enabling a beneficial integration of AAM into pre-existing mobility infrastructure. 

Methodology 

In a first step, a survey is conducted both on-site at the Frankfurt Airport and online to assess demand, 
willingness to pay and requirements of potential user groups. Based on the survey results, user groups are 
defined and corresponding personas are drafted that reflect their preferences and use cases in AAM concepts, 
such as vacationers or business customers. To quantify the attractiveness of districts which could be integrated 
into an air taxi service network, a scoring system is developed ranking these for each user group. The scoring 
considers demographic and economic metrics, information on relevant points of interest, e.g. large company 
sites, as well as mobility demand data of each district. Potential districts are identified for each of the user 
groups and visualised with heat maps of the region (see Figures 1 and 2). The resulting districts of interest are 
thereafter analysed in greater detail. Prospective vertiport locations are evaluated on the basis of a catalogue 
of requirements, which includes infrastructural and economic criteria. In addition, a traffic simulation model for 
the Rhine-Main region is being enhanced and complemented by air taxis as an additional mode of transport. 
For this, the original traffic model data of the region is used within the simulation software PTV Visum (PTV 
2023) and a complementing simulation framework is built around this. In order to adequately depict the new 
mode of transport, a separate network for air taxis is integrated into the simulation model, including intermodal 
connection points to the existing modes. Based on research and survey data, resistance and utility functions  

∑_g▒〖β*c_ijmg 〗     (1) 

with c being the costs per effort (positive)or utility (negative)of using an edge g between two districts (pair i, j) 
with mode m, are defined. Those functions quantify the time benefits and costs associated with the air taxi 
service in order to gauge the respective utility. Ultimately, the simulation serves as a complementary tool for 
the evaluation of potential vertiport locations as the demand distribution and passenger flows can be simulated 
on a macroscopic level. As a result, multiple future scenarios are evaluated including different vertiport network 
designs and sizes as well as their economic impact. 

Results 

Preliminary results of the project indicate that the potential of districts varies depending on the user group. 
While the Taunus-region to the north-west of Frankfurt displays high scores for most of the persona user 
groups, vacationer and commuter demand clusters in the Darmstadt-Offenbach metropolitan areas to the south 
of Frankfurt. In the case of the business client persona, the highest scored districts coincide with the Heidelberg 
metropolitan area where large industrial companies are located. Under these circumstances, additional 
emergent use cases can be considered such as a non-public-corporate-case that connects a private, corporate-
owned vertiport to an urban vertiport network. Another emergent use case can be considered for the “poorly 
connected” user group persona that connects areas of further distance to the Frankfurt am Main airport via 
regional airports in the nearby vicinity, leveraging pre-existing infrastructure to enhance mobility in the region. 
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Conclusions 

Advanced Air Mobility is an innovative and highly discussed topic in the mobility sector. This project provides a 
data-driven approach towards AAM with the goal of establishing a methodology that can be easily applied to 
further cities and regions. As described, the first results are promising in identifying specific use cases for AAM 
in the Rhine-Main-Region, with the next step being the consideration of economic scenarios and business cases. 
The project will be finalized by the end of August 2023 with a final project report to be published around that 
time. 
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Introduction 

Tokyo road network has been drastically changed in the last decade to accommodate traffic demand much 
more smoothly and efficiently. Especially, the expressways of Tokyo Metropolitan Region (TMR) has been 
developed three major ring roads and almost completed to form the ring-radial network. The connectivity of 
expressway network will provide many route choice options for many Origin-Destination (O-D) patterns and the 
needs for effective and flexible traffic management become much more important. 

In practice, the traffic operation on the expressway network in TMR is taken by three expressway companies, 
Metropolitan Expressway Co., Ltd. (MEX), East Nippon Expressway Co., Ltd (NEXCO-E) and Central Nippon 
Expressway Co., Ltd (NEXCO-C). As each company covers the part of the ring-radial network, as shown in Figure 
1, the cooperative scheme is highly needed to achieve flexible traffic management. 

Figure 53. The ring-radial expressway network in TMR 

 

The traffic simulation testbed which covers TMR network and will be continuously updated along the network 
evolution will be a valuable tool to assist the planning of effective traffic management. So far, MEX and Nippon 
Expressway Research Institute Co., Ltd. (NEXCO-RI) have separately developed their own traffic simulation 
testbeds. MEX developed RISE system (Munakata et. al, 2009) which works with the real-time traffic 
management system and predicts near future conditions for every five minutes. NEXCO-RI developed ENS 
system (Hirai et. al, 2015) which covers whole inter-urban expressways in Japan to assess the effects of 
planned network evolution and/or the impacts of traffic regulations. 

This research aims to develop the interoperable traffic simulation testbed of TMR expressway network by 
utilizing RISE and ENS data platform. Since the both RISE and ENS have an affinity by adopting the same traffic 
simulation model (SOUND, 2023), the main objective of the development is to integrate the data collected by 
each company and to prepare the cooperative operation scheme over those companies. In this paper, the data 
flow and the functional components of the testbed are outlined and followed by the description of automatic 
calibration of time-varying O-D travel demand and bottleneck capacity. Basic studies on typical weekdays and 
holidays will be demonstrated in the full paper to validate the reproducibility of the simulation model. 

Data flow and functional components 

Figure 2 illustrates the data flow and the functional components of TMR expressway simulation testbed. The 
red boxes are the components which work for the ‘demand side’ while the green works for the ‘supply side’. 
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Figure 2. Data flow and the functional components of the testbed 

 

As to the demand side, electric toll collection (ETC) data, which records both entry and exit toll gates with the 
time stamps, is fully utilized to generate the daily O-D matrices. It is collected by each expressway company 
and integrated with anonymized ID by NEXCO-RI. The ‘missing link connection’ joins two conjunctive ETC trips 
inferred that the vehicle runs through the surface road sections which are included in the testbed to connect 
the ‘missing links’ of TMR expressway network. The ETC trip data is aggregated into daily ETC O-D matrices with 
15 minutes time slots. 

Since the O-D matrix at this stage spreads over the whole Japan, the ‘TMR O-D clipping’ cuts off the sub-matrix 
at the boundary of TMR (TMR O-D matrix). The boundary assignment ratio and the departure time offset are 
prepared by using ENS with the whole Japan expressway network. 

As the penetration of ETC is rather high but not 100%, it is still needed to expand the ETC O-D matrix into the 
full. The first ‘traffic simulation with TMR ETC O-D matrix’ is executed to obtain the O-D component of each link 
throughput volume. The O-D component is aggregated and used to calculate the link choice probability for each 
O-D trip. 

The ‘O-D fitting’ component imports the ETC O-D matrix and modify it by the numerical search to minimize the 
square error of the estimated link throughput to the observed throughput from detector data. The link choice 
probability mentioned above is used for the estimation of throughput with O-D matrix. The details of the 
numerical search will be explained in the full paper. 

Figure 3 is an example of the O-D fitting of one weekday. The plot shows the correlation of 15 minutes 
throughput at 1053 fitting sections on TMR network. The liner regression of the left plot (before fitting) has 
0.977 slope, which is close to the ETC penetration ratio of MEX (0.98 in Dec. 2022), and fairly high correlation 
determination (R2=0.942). The right plot (after fitting) shows further improvement of those values as 0.994 and 
0.982. The average absolute error reduces 78.6  36.2 [vehicle/15min]. 

Figure 54. Comparison of the traffic volume correlation before/after the O-D fitting 
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As to the supply side, the historical traffic sensor data is investigated. The ‘traffic jam event extraction’ detect 
a traffic jam event heading to a certain section and lasting for more than 20 minutes. The jam event extracted 
with its location, duration and the volume and speed for every 5 minutes, as shown in Figure 4. 

The ‘bottleneck capacity analysis’ calculates the parameters of the bi-level bottleneck capacity model which is 
implemented in SOUND. The bi-level model has the breakdown flow (BDF) capacity and the queue discharging 
flow (QDF) capacity. Once the traffic demand higher than BDF arrives at a bottleneck link, a traffic jam forms 
heading to the downstream of the link. SOUND monitors the jam breakout and gradually reduces the bottleneck 
capacity from BDF to QDF when the jam lasts for a certain minutes. In this study, BDF is set to the average of 
maximum flow rate during +/- 15 minutes at the breakdown time of each jam events, and QDF is set to the 
average flow rate after 30 minutes after the maximum. Those parameters are prepared for weekdays and 
holidays, as shown in Figure 4. 

Figure 55. Discharging flow rate during the jam events at a bottleneck 

 

Future works 

The basic studies on typical weekdays and holidays will be presented in the full paper. 
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Introduction  

Urbanization has occasionally been linked to negative consequences. An efficient transportation system is a 
critical component of economic growth and traffic congestion has remained to be one of the most ubiquitous 
challenges of urbanized cities worldwide. Congestion on road networks is defined as a condition that occurs as 
the number of road users increases and is characterized by slower speeds, longer travel time, and increased 
vehicular queuing (Manpreet and Alok, 2020). Mobility within urban road networks has been a complex 
undertaking of any city. To address this issue, some strategies and sustainable ideas have been implemented, 
with one of the most successful being the use of "Intelligent Transportation System" (ITS). One of the primary 
goals of many ITS components, according to the Sustainable Transport and Mobility Handbook, is to improve 
mobility by reducing delay and travel time (Vanderschuren and Mckune, 2011). 

One of the pioneer applications of ITS is in the control of traffic signals. Traffic light system in urban arterial 
networks plays an essential role to the operation of the transportation systems. The majority of traffic signal 
studies concentrate on estimating delays and queue lengths caused by the implementation of a signal control 
strategy at individual intersections as well as a sequence of intersections (Darma, et.al., 2005). As a result, it is 
understandable that traffic signals receive so much attention (Fusco, et.al., 2017). Traffic control by signals has 
become a significant traffic management tool in the face of increasing traffic in urban areas to reduce the 
consequences of this increase: delay, stop, noise, fuel consumption, and so on (Sampson, et. al., 2019). In 
general, three (3) traffic signal control configurations are currently used in urban areas: pre-timed (or static) 
based signal control, actuated signal control, and the adaptive-based signal control (Boillot, et.al., 2006). 
Connectivity has been one of the most recent innovations in ITS and one of its sub-categories is the “vehicle-
to-infrastructure (V2I)”. In recent years, the development of V2I communication technologies provides new 
opportunities to further improve transportation efficiency (Ban, et.al, 2017).  GLOSA (or Green Light Optimal 
Speed Advisory) System is one of the products of V2I. The GLOSA system aims to reduce traffic congestion by 
reducing average stop time at traffic lights, as well as fuel consumption and harmful CO2 emissions (Vetrano 
and Fusco, 2018). 

This paper emphasizes GLOSA system's potential as a tool for addressing traffic signal optimization. GLOSA 
serves as an advisory to drivers, informing them of the speed they must maintain to reduce waiting time. 
Several simulations run in SUMOPy software on each peak-hour period using recent actual traffic count data.  

Methodology 

Different case scenarios were created to determine which of the traffic signal configurations will produce the 
optimal results based on traffic parameters such as average waiting time, travel speed, travel time, and fuel 
consumption. SUMOPy was used to run all the network scenarios. This software is an open-source traffic 
simulation software which has the capability to run micro-simulation and complex models. SUMOPy includes 
Python scripts which enable users to direct use of tools that are available as Python scripts. With SUMOPY, 
users can import maps (from OpenStreetMap), distribute trips, import/model demands (such as traffic counts, 
OD Matrices), perform modal split (depending on the type of vehicle classification), execute trip assignments, 
even introduce new transport mode, export simulation results into a schematic map or .csv file, etc.  

Meanwhile, Via Aurelio Saffi Corridor in the Metropolitan City of Bologna was selected as the pilot study. The 
said corridor consists of several signalized intersections that serve as primary link between the City Center of 
Bologna and its neighboring zones. A traffic count survey was conducted along key intersections along this 
corridor during morning and afternoon peak-hour. Volume counts were classified as cars, buses, HGV (heavy 
goods vehicle), motorcycle, and taxi. Existing traffic signal plans were observed also. 

Design methodology worked on in this paper starts from creating a scenario, modelling both transport supply 
and demand, assigning route, and running the simulation. The course of action starts by creating a working 
directory which will contain all the related files on the scenario. Importing OSM files can be easily done in the 
SUMOPy that includes all the incorporated attributes of the imported maps. All modification needed for the road 
network can be done in NetEdit, which is an included package for SUMOPy. Through NetEdit, users have the 
means to modify the attributes related to the road network (number of lanes, road hierarchy, traffic light signals, 
etc.). Upon modelling the transport supply, demand was modelled as well. Turnflow modelling was performed 
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by applying flow on each determined flow based on the gathered actual traffic counts. These turnflows were 
encoded by getting the Origin Edge ID, Generating Flow, Destination Edge ID, Turn Flow. Two time-periods were 
considered: morning and afternoon peak-hour. In this paper, four (4) different scenarios were considered based 
on traffic signal plans: static scenario, actuated (baseline) scenario, GLOSA scenario, and modified GLOSA 
scenario. At the same time, traffic light signals (TLS) were modelled in NetEdit. This can be done by selecting 
which node contains a signalized intersection and configuring its corresponding traffic signal plan. Figure 1 
shows a sample signal plan for an intersection containing an actuated traffic signal. For GLOSA, all vehicles 
(except for buses) were considered to have a GLOSA device. SUMOPy allows users to modify essential 
parameters related to GLOSA such as the GLOSA range (distance), GLOSA Min. Speed, and GLOSA Max. Speed 
Factor. GLOSA range denotes the distance where GLOSA system may be applied to an approaching vehicle 
meaning at a corresponding GLOSA range drivers will receive information or message through either an on-
board unit (OBU) or by a roadside unit (RSU) installed near the traffic light. While GLOSA Min. Speed is the 
minimum speed GLOSA can advise the driver to lessen its waiting time. Max. Speed Factor is a multiplier to a 
driver’s speed assuming the driver will overspeed to reach the traffic lights before it turns yellow. The only 
difference between GLOSA and Modified GLOSA situations is the GLOSA range. A GLOSA scenario has a range 
of 300m, but the Modified GLOSA scenario has a range of 400m. Glastra (2020) mentioned that to further see 
the potential of GLOSA a minimum range of 300m before the approach of a signalized intersection must be 
assigned. 

Figure 56. Actuated Traffic Signal Plan 

 

After finishing modelling the supply and demand, route assignment was done based on the turnflows. Routing 
was done by considering turn probabilities highlighting a greater percentage for through direction since the 
considered study area is a corridor. With this, a turn flow ratio of 2-96-2 was assigned for right turn – through 
– left turn direction. Once the route assignment is done, all generated trips with their corresponding route 
assignment will be displayed and a microscopic simulation can be performed taking note of the time that the 
traffic flow corresponds and assigning a random integer to seeds to generate random sequences and random 
decisions during the simulation. To further evaluate the performance of each traffic signal plan, different traffic 
parameters were evaluated: average waiting time, average speed, and average time loss.  

Results 

Figure 57. Average velocity of vehicle during afternoon peak-hour for GLOSA Scenario 

 

As discussed, visual results of the simulation can be presented by a schematic map. Figure 2 shows the results 
for average velocity during morning peak hour for GLOSA scenario and slower speed was obtained along the 
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Via Aurelio Saffi corridor. However, results show improvement for a Modified GLOSA scenario compared with 
the other three traffic signal plans. Table 1 shows the summary of results for the simulation runs while 
considering the previously mentioned traffic parameters. Several simulation runs were performed to validate 
the consistency of results. By performing these simulations, it was also validated that as the GLOSA range 
increases the performance of signalized intersections improves when it comes to the mentioned traffic 
parameters. 

Table 13. Summary of Simulation Results 

 

 

Parameter 

Morning Peak-Hour Afternoon Peak-Hour 

Average 

waiting 

time (secs) 

Average 

Speed 

(km/hr) 

Average 

time loss 

(secs) 

Average 

waiting 

time (secs) 

Average 

Speed 

(km/hr) 

Average 

time loss 

(secs) 

Baseline 

Scenario 

84,267 12,539 248,467 86,411 12,651 295,877 

Static 

Scenario 

73,642 13,116 250,972 98,240 12,327 295,427 

GLOSA 

Scenario 

63,532 13,298 213,429 69,538 12,839 257,266 

Modified 
GLOSA 

Scenario 

57,140 12,604 163,460 62,148 12,886 215,040 

Conclusion 

A decrease of ~25% with the average waiting time, increase of ~7% in average speed during morning peak 
hour are remarkably impressive results upon the application of GLOSA in compared with the baseline scenario 
(actuated). Meanwhile for the afternoon peak-hour, a decrease of ~20% on average waiting time, increase of 
2% on average speed for GLOSA. Time loss while performing each trip was also observed in simulation results. 
During morning peak-hour, ~15% and ~35% in time loss was obtained using GLOSA and Modified GLOSA, 
respectively, compared with the baseline scenario. During the afternoon peak-hour, a time loss of ~13% and 
~28% were observed upon implementing GLOSA and Modified GLOSA respectively. It can be concluded that 
using GLOSA system will help road users to have an efficient travel and safety as well. With the application of 
GLOSA, drivers will be notified on what speed can they take to lessen their waiting time in the approach of 
intersection. It is recommended to use an actuated traffic light system with the application of GLOSA system 
for urban arterial networks. As observed with the results of simulations, drivers' time loss decreases when using 
GLOSA and even more when using the Modified GLOSA. It is also worth noting that the greater the GLOSA 
distance, the more desirable time loss can be achieved. 

This paper demonstrated the potential of the GLOSA system as a tool for reducing delays and waiting time at 
signalized intersections. However, it should be noted that communication between vehicles and infrastructure 
is a critical factor in achieving GLOSA's goal (or connectivity). During the simulation, it was also observed that 
the number of vehicles stops decreased, which is due to the vehicle speed becoming a control parameter of the 
system. Aside from the evaluated traffic parameters, GLOSA also shows a promising result of significantly 
lowering fuel consumption and CO2 emissions per vehicle. This is perfectly aligned with the sustainable goals 
of any city in the world today. 

As a recommendation for future work, a city-wide simulation of application GLOSA system can further 
emphasize its possible impact. Since the majority of road users (or drivers) have their mobile phone with wireless 
connection, achieving GLOSA in a city-wide setting would be also possible. However, availability of updated 
traffic-related data is still a concern to achieve this goal. 
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Introduction 

Graph neural networks (GNNs) are considered the cutting-edge technology for traffic forecasting as they can 
capture spatial dependencies. However, they still have limitations, including when it comes to origin-destination 

(OD) traffic forecasting. This is particularly challenging as the destination is unknown until the user arrives, and 

data can be highly sparse (Zhang et al. (2021), (Wang et al.(2019). We decided to work on the ST-ED-RMGC 
model developed by (Ke et al, 2021) which is the state-of-the-art in OD prediction model. While their work was 
based on ride-hailing data, we investigated its applicability to bike-sharing data. The integration of contextual 
data can take many forms. We have chosen to follow the approach of (Tong Liu et al., 2020), who integrated 
weather data into a traffic forecasting model. Specifically, they concatenated the weather data with historical 
sequences before passing them through an attention mechanism. We aim to characterize the impacts of 
atypical scenarios to integrate them into a simulation tool and generate data. Several factors affect the bike 
sharing demand such as weather conditions, calendar, public transport network and accessibility, or even socio-
demographic factor (E. Eren, V.E. Uz, 2020).  In this paper, we identify a set of scenarios poorly captured by the 
algorithm and propose integrating contextual data in the ST-ED-RMGC model to improve the prediction such 
cases. We also highlight inter-modal patterns between traffic intensity and bike-sharing demand. 

 To do so, we use multi-source data from various providers of mobility data related to the city of Lyon, France, 
including Bike-sharing transport data provided by the operator JCDecaux, public socio-economic data from the 
French Institute of Statistics INSEE, weather data from Meteo France, and traffic data collected via loop 

detectors, provided by Lyon Metropole. Data   from   December 1st, 2019, to Mars 15th 2020 have been used 
as a test dataset. By integrating contextual data into the ST-ED-RMGC model, we aim to address some of the 
limitations of GNNs and contribute to developing more accurate traffic forecasting models that can be 
integrated into decision-making tools for transportation planning. 

Methodology 

We leverage a bike-sharing system (BSS) trip dataset, reporting the trips between pick-up/drop-off bike stations, 
jointly with departure/arrival timestamps. Since we work by OD defined at the Traffic Analysis Zones (TAZs) 
level, we needed to group BSS stations and aggregate the related trips in terms of the selected segmentation 
of the city of Lyon in TAZs. We defined a set of weather-related and traffic-state indicators, detailed below, to 
identify scenarios of low forecasting accuracy of the considered method. We then propose including, as input 
features, variables related to the indicators above to improve the forecasting accuracy of the ST-ED-RMGC 
prediction model. 

— Spatial aggregation: BSS stations have been grouped by IRIS zones which is a segmentation in TAZs defined 
by INSEE allowing to keep homogeneous socio-economic information of buildings and of population within 
the zone. Then IRIS zones were re-grouped to contain more data in the OD exchanges. Until we have 50 
zones, we iteratively aggregate two zones if they represent the minimum of the image of a function f over 
the set of adjacent zone pairs. The function is : 

 𝑓(𝑧𝑜𝑛𝑒𝐴, 𝑧𝑜𝑛𝑒𝐵) =  
𝑠𝑢𝑟𝑓𝑎𝑐𝑒 𝑜𝑓 𝑧𝑜𝑛𝑒 𝐴 + 𝑠𝑢𝑟𝑓𝑎𝑐𝑒 𝑜𝑓 𝑧𝑜𝑛𝑒 𝐵

𝑐𝑜𝑚𝑚𝑜𝑛 𝑝𝑒𝑟𝑖𝑚𝑒𝑡𝑒𝑟 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑧𝑜𝑛𝑒𝐴 𝑎𝑛𝑑 𝑧𝑜𝑛𝑒 𝐵
 

— Traffic state indicator:  we decided to construct a baseline scenario for training and testing the ST-ED-
RMGC in an ideal setup. As rainfall could represent a significant factor of forecasting accuracy decrease, 
such datasets were built from an external weather data source, filtering out days with precipitations. We 
propose to establish a link between atypical road traffic and poor prediction of bike-sharing use. To do so, 
we evaluate the forecasting accuracy of bike-sharing OD demand for which we have recorded atypical road 
traffic in the origin, and for the same period. Here is how we define atypical road traffic: 

o Considering a zoneA, and the variable “Flow”, we have defined a standard deviation 

𝜎𝐴
𝑓𝑙𝑜𝑤(𝑤𝑒𝑒𝑘𝑑𝑎𝑦, ℎ𝑜𝑢𝑟), which computes the standard deviation (std) on the set of flows on the 

zone for a same ‘weekday’ (from monday to sunday) and a same hour. As for the loop occupancy 
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rate, we defined 𝜎𝐴
𝑙𝑜𝑜𝑝 𝑟𝑎𝑡𝑒(𝑤𝑒𝑒𝑘𝑑𝑎𝑦, ℎ𝑜𝑢𝑟)  in the same way. We also define means 

𝜇𝐴
𝑓𝑙𝑜𝑤(𝑤𝑒𝑒𝑘𝑑𝑎𝑦, ℎ𝑜𝑢𝑟) and 𝜇𝐴

𝑙𝑜𝑜𝑝 𝑟𝑎𝑡𝑒(𝑤𝑒𝑒𝑘𝑑𝑎𝑦, ℎ𝑜𝑢𝑟) in the same way. For each of these means 
and standard deviations that we will more simply call 𝜎 and 𝜇 , we define k-atypical values every 
value which are out of the range [𝜇 − 𝑘𝜎; 𝜇 + 𝑘𝜎] , with a 𝑘 a coefficient. The associated 
baseline.includes values that are not considered as k-atypical. We define a subset "high" 
corresponding to values that are above the upper limit of the range. We also define a subset 'low' 
corresponding to values that are below the lower limit of the range. 

For example: Considering the atypical subset with k set to 2. Let the tuple (zone A, Tuesday 2019-
02-04 07:00) be identified as atypical because the flow and loop occupancy rate fall outside a 
2𝜎  range from the mean value of all Tuesdays at 7am. The associated baseline will be all the OD 
demand with the origin A and at the date among dates at the same weekday and the same time 
which are not atypical for zone A: [2020-12-03 07:00, 2019-12-10 07:00, …, 2020-01-28 07:00, 
2020-02-011 07:00, 2020-02-018 07:00, …, 2020-03-010 07:00] 

— Weather indicators: we define scenarios of days with 5 classes of daily cumulative rainfall intensity 
aggregated by hour (dr) in mm per hour per day, and 2 classes of daily cumulative wind intensity 
aggregated by hour (dw) in m/s per hour per day. 

— Considering contextual data in ST-ED-RMGC: The original input is a feature vector X composed by N (number 
of OD selected) rows, and 4 columns. A row represents a sequence of 4 historical data, which are used to 
forecast the next time-step (eg. the next hour). Let 't' be the period, M(t,d) the OD demand matrix at period 
t and day d, ki and li respectively the row index and the column index of the i-th OD. Let Si(t,d) be the 
sequence of historical data used to predict the time step Mki,li (t,d) of the i-th OD: 

𝑆𝑖(𝑡, 𝑑) = [𝑀𝑘𝑖,𝑙𝑖(𝑡, 𝑑 − 7),𝑀𝑘𝑖,𝑙𝑖(𝑡, 𝑑 − 1),𝑀𝑘𝑖,𝑙𝑖(𝑡 − 2, 𝑑),𝑀𝑘𝑖,𝑙𝑖(𝑡 − 1, 𝑑)] 

We propose to concatenate contextual data related to the past to the input sequences. Contextual data 
are weather data and road traffic data that we can add as inputs of the model. Contextual data are 
temporally variable as they change every hour, but also spatially variable as the intensity of road traffic 
metrics such as flow and loop occupancy rate are spatially dependent. By concatenating weather data to 
the historical sequence, we are considering its temporal variability. By concatenating traffic state metrics 
of each origin to its associated origin-destination sequences, we are considering its temporal and spatial 
variability. 

Results 

MAPE (Mean Average Percentage Error) is the metric used to evaluate the forecasting accuracy.  

Table 14. Accuracy prediction on atypical traffic state datasets 

 

— Traffic states indicators (Table 1): our work highlights a decrease of forecasting accuracy toward baselines 
when the traffic flow and the occupancy rate on the loop are both atypically high and atypically low. 
Forecasting accuracy is worse when the flow and occupancy rates are atypical. This result emphasises a 
link between bike-sharing demand and traffic intensity in a zone and a limit of the ST-ED-RMGC on that 
type of scenarios. The dataset std 2.5 seems to indicate that a particularly low loop rate occupancy and 
flow is more easily predictable for the model, However, this could be explained by the fact we have 
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evaluated only very few data (10 tuples) that would correspond to particularly low flow –which are 
generally well predicted, or zero flow which are not considered in the MAPE metric.  

— Weather indicators (Table 2): The table describes the set of considered weather scenarios along with the 
related performance metrics. As for the 5 classes on the gradation of dr, the accuracy of the model is 
negatively affected (lower MAPE) as the intensity of dr increases. The MAPE increases from 7% for a low 
dr (dr in ]0,1[) to 30% for a high dr (dr>5) compared to the baseline. Additionally, we found that the accuracy 
of OD demand prediction is worse (MAPE 4% higher) on windy days (dw > 100) when using a dataset 
excluding rainy days compared to the opposite scenario. These results underscore the significance of rain 
as a major obstacle to accurate forecasting. 

          Figure 58. Accuracy prediction on weather scenarios 

 

— Adding contextual and intermodal information on sequences in input: the production and analysis of results 
concerning the integration of contextual data are in progress, and we have strong reason to believe that 
their integration will have a major interest in the improvement of prediction accuracy with respect to 
atypical situations. These results will be presented at the conference. 

Conclusion and future works 

This paper proposes integrating contextual information into an ST-ED-RMGC model to improve bike-sharing OD-
based travel demand forecasting accuracy. We have defined a library of weather and traffic indicators as 
proxies to detect perturbation scenarios in a large-scale multi-modal transport dataset and studied their impact 
on the forecasting accuracy of the initial framework, not integrating any contextual information about the travel 
demand of other transport modes and weather-related historical data. We have evaluated the impact of these 
contextual data in terms of decrease of the forecasting accuracy of the initial methodology. The results show 
potential for improvement by better capturing contextual information through integrating an attention 
mechanism module. Our study contributes to the ongoing efforts to enhance the accuracy of transport 
forecasting models by incorporating a wider range of relevant data sources. 
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dimension reduction: with COVID-19 and Olympic-Paralympic case study 

T. Seoa 
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Introduction 

Urban-scale traffic is a very large and complex phenomenon. Typically, vehicular traffic flows occur over large 
areas of an entire city with resolution on the order of 10 to 100 meters, and occur throughout the year with 
resolution on the order of minutes to hours. It is difficult to intuitively recognize and interpret the overall state 
of such a large and detailed phenomenon. This difficulty in interpretation poses challenging issues in traffic 
science and engineering. This is not only a problem for humans, but also for statistical and machine learning 
methods in the form of a curse of dimensionality. 

In general, dynamic network traffic state can be quantified as a vector of flows, densities, and speeds for all 
links (or enough locations) at a given time. However, this vector is difficult to interpret due to the high-
dimensionality of the vector and non-linearity of traffic phenomena. For example, the Euclidean distance 
between two vectors does not have essential meaning on traffic because it does not distinguish the direction 
of traffic. It would be desirable to have a method to compute the intrinsic similarity and distance between 
traffic states. 

To overcome the difficulties caused by this high dimensionality, the Macroscopic Fundamental Diagram (MFD) 
is used by the transportation research community (Geroliminis and Daganzo, 2007). It represents the state of 
a road network in terms of two-dimensional state quantities: the network average flow and density. Under 
idealized conditions, this allows correct and concise recognition of the state of the traffic system and enables 
simple and efficient traffic control through area inflow control, for example. 

However, there are several problems with the low-dimensional representation of traffic phenomena by MFD. 
First, MFD can represent essentially different traffic phenomena as the same state quantity. For example, a 
morning peak and an evening peak, during which the direction of traffic flow are completely opposite, may have 
the same average network flow and density and be indistinguishable on MFD. Furthermore, in order to obtain 
well-defined MFD, the network should satisfy some homogeneity conditions. 

MFD can be interpreted as a model-based dimension reduction method. On the other hand, data-driven 
dimension reduction methods may provide a more appropriate (in terms of data representation) low-
dimensional representation of traffic phenomena. With similar motivations, data-driven clustering methods 
have been widely applied to traffic phenomena to understand their features (e.g., Wang et al, 2012; 
Saeedmanesh and Geroliminis, 2017; Zhang et al., 2022). However, to the author's knowledge, continuous 
dimension reduction methods (e.g., principal component analysis) have not been widely applied to network 
traffic flows to understand their nature. Because traffic phenomena are inherently continuous, continuous 
dimension reduction methods may have substantial advantages. 

The purpose of this study is to propose a novel approach to intuitively recognize and interpret large-scale traffic 
phenomena. The approach consists of a model-based dimension reduction method (MFD) and a data-driven 
method called Uniform Manifold Approximation and Projection (UMAP) (McInnes et al., 2018), a relatively new 
method. The approach is then applied to actual traffic data obtained in Tokyo in 2019 (ordinally state) and 
2021 (with COVID-19 and Olympic-Paralympic Games) to derive some insights on ordinally traffic as well as 
very special traffic and comparison between these two. 

Methodology and Data 

UMAP is a non-linear dimension reduction method that computes low-dimensional representation of given data 
based on manifold learning. It is known that the method is capable of representing global structure of the data 
while preserving the local structure well. Its computational cost is very low. 

The summary of the method is as follows. Let 𝒙𝑡 be a vector of traffic data collected on time 𝑡, 𝑋 be a set of 
𝒙𝑡  for all 𝑡 . Then, 2-dimensional vector can be obtained as 𝒖𝑡 = 𝑈𝑀𝐴𝑃𝑋(𝒙𝑡) using UMAP (represented as 
function 𝑈𝑀𝐴𝑃𝑋 for dataset 𝑋) or 𝒎𝑡 = 𝑀𝐹𝐷(𝒙𝑡) using MFD (represented as function 𝑀𝐹𝐷 which computes 
the network averages). Finally, the distributions of 𝒖𝑡 and 𝒎𝑡 are investigated. 

We apply MFD and UMAP to traffic data obtained in Tokyo. Specifically, we use the following datasets: 
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— 5-min flow and density measured by traffic detectors at Tokyo Metropolitan Expressway. The total number 
of available detectors is 1425. 

— 5-min flow measured by traffic detectors at major arterial roads in Tokyo. The total number of available 
detectors is 626. 

— Data collection periods: from July to September in 2019 and 2021. The total number of 5-min time slots 
(i.e., the size of 𝑋) is about 25000. The data in 2021 is thoroughly affected by COVID-19. Olympic Game 
was conducted from 2021-07-23 to 08-08 and Paralympic Game was conducted from 2021-08-24 to 09-
05. The traffic regulation for the Games is summarized at 
https://www.2020games.metro.tokyo.lg.jp/special/eng/traffic/, but actual impact is not clarified. 

See Figure 44 for the illustration of the traffic data. Unfortunately, speed data is not available in arterial road. 
Thus, MFD cannot be computed on it; therefore, for arterial road, only UMAP was computed. 

Figure 59. Network traffic states on highway (up) and major arterial (bottom) on morning and evening peaks 

 

Source: Author elaborations using graphical data provided by Geospatial Information Authority of Japan, Mr. Takara Sakai, and Mr. Yutaro 
Ishikawa. 

Results 

MFD and UMAP on the highway are shown in Figure 2. Each dot represents 𝒎𝑡 or 𝒄𝑡 on specific 𝑡, and the color 

represents the time-of-day of 𝑡. The shape of MFD can be considered as standard for highways. The shape of 
UMAP can be expressed as "distorted donut with a gap at 6 o'clock position". In fact, this donut-like shape has 
very clear physical interpretation. As seen from the color, 𝒄𝑡  on a certain (week)day moves on a 
counterclockwise trajectory on this diagram during the day. Furthermore, on weekend or holiday, a day's 
trajectory does not pass the lower-right region in the diagram. This means that a qualitative difference exists 
between traffic patterns in weekdays and weekends, and UMAP is useful to quantify it. This difference was not 
observed in MFD. 



 

130 
 

Figure 60. 2-dimentional representations of network traffic state using MFD (left) and UMAP with annotations (right) on 
the highway 

 

Source: Author’s elaborations. 

Figure 3 shows further details on UMAP. It was confirmed that MFD's network average density is well correlated 
to UMAP-representation; it means that the network average density is very useful variable to represent the 
network state, from both of model-based and data-driven perspectives. On the contrary, no clear relation was 
observed between average flow and UMAP. By comparing 𝒄𝑡 from 2019 and 2021, slight differences were 
observed before and during COVID-19. 

Figure 61. 2-dimentional representations of network traffic state using UMAP and MFD's network average density (left) 
and UMAP in 2019 and 2021 (right) on the highway 

 

Source: Author’s elaborations. 

UMAP on the arterial roads is shown in Figure 4. You can see a remarkable pattern consists of multiple donut-
like shapes. Similar to the highway result, each donut-like shape corresponds to a trajectory of within-day traffic 
for a certain period: ordinally weekday in 2019, ordinally weekend in 2019, day during COVID-19, and day 
during the Games. See the bottom of Figure 4 for trajectories of typical days. These results suggests that 
UMAP can recognize qualitative differences of traffic patterns in an intuitive way. 
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Figure 62. 2-dimentional representations of network traffic state using UMAP on the arterial roads (top: all results, 
bottom: trajectories of typical days) 

 

 

Source: Author’s elaborations. 

Conclusions 

The key insights from this study are as follows. First, the UMAP results showed similar donut-like shapes at the 
two different locations. We could hypothesize that this is a universal phenomenon in transportation. Second, 
UMAP is capable of distinguishing and quantifying the qualitative differences in traffic pattens, such as weekday 
and weekend, before and during COVID-19 pandemic, and with and without the Games. Especially, the results 
on arterial roads would be remarkable because of its intuitiveness and simpleness; to the authors' knowledge, 
this kind of results have not been reported in the literature. Third, MFD's network average density is meaningful 
to represent the network state, from both of model-based and data-driven perspectives. Finally, traffic patterns 
on highway were not significantly affected by COVID-19 or the Games. On the other hand, ones on arterial were 
significantly affected by the both of COVID-19 and the Games differently. The future works includes in-depth 
investigation of the results and application to traffic prediction and control. 
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Introduction 

Traffic congestion is one of the major concerns of modern society because it causes extra delays that not only 
have negative consequences on the environment but also hinder the ability of high-priority vehicles, such as 
ambulance vehicles, to travel efficiently. In recent years, technological advances with connected and 
autonomous vehicles (CAVs) have opened new opportunities to increase both efficiency and safety (Stevanovic 
and Mitrovic, 2019). Also, the emergence of wireless communications and advanced video and LIDAR sensing 
technologies has led to the development of flying vehicles, which promise to enable unmanned flying vehicles 
of the future (Kuru, 2021). Many researchers have worked on the problems of integrating these futuristic 
technologies into transportation system (Rothfeld et al., 2018; Postorino and Sarné, 2020). 

As one of new concepts, urban air mobility (UAM) promises to seize this opportunity by using a new generation 
of vertical take-off and landing (VTOL) aircraft for urban transportation services. However,  before this new 
UAM is fully introduced into the market these concepts will require further investments in infrastructure (e.g., 
vertiports – platforms in urban environments where the VTOL aircraft can land, take off, and park), clearly 
defined flying rules (in an urban environment), and proper integration with the other transportation modes, if 
they are ever going to be used massively (Dunn, 2018; Vascik and Hansman, 2019).  Additionally, while regular 
long-distance flights follow strict and clearly defined Federal Aviation Administration (FAA) rules, flying VTOL 
aircraft in urban areas is not currently regulated and this can be a major issue. Our previous work proposed a 
sub-concept of UAM, Urban Surface and Air Mobility (USaAM) that enables origin-to-destination travel by using 
the same vehicle for various transportation modes (Gavric et al., 2023).  The USaAM utilizes hybrid vehicle that 
can operate as a regular surface car on the existing road network and as a VTOL aircraft in urban airspace, 
without the need for communication with conventional cars. Also, our previous research defined rules for low-
altitude flights by defining a layered flight-level structure to address the vertical and lateral separations (Gavric 
et al., 2023). 

In this paper, we propose a novel extension of the USaAM concept by incorporating a high-level communication 
manager that provides priority to Flying Vehicles (FVs), including emergency vehicles and others who deserve 
higher trip priority. Additionally, we address the downwash effect generated by VTOLs (while taking off and 
landing), acknowledging need for a larger roadway surface area that must be free of other vehicles during FV 
landing or take-off operations. Furthermore, we embed the dynamics of FVs with newly proposed reservation 
system into custom-made simulation environment. 

The paper is structured as follows: first, we provide background information on the USaAM concept and its 
limitations. Next, we detail our proposed methodology for integrating flying operations into surface traffic, 
including the use of the communication manager and simulation of the downwash effect. Finally, we present 
our results and engage in a thorough discussion before concluding remarks. 

Background of Urban Surface and Air Mobility Management 

Our prior research introduced Urban Surface and Air Mobility (USaAM) concept that enables seamless origin-to-
destination travel with the same vehicle (Gavric et al., 2023). Specifically, these vehicles, which we refer to as 
Flying Vehicles (FVs) can operate as a regular surface car on existing road network and as a VTOL aircraft within 
urban airspace (Gavric et al., 2023). In our earlier work, we detailed the characteristics and components of FVs, 
as well as our proposal to manage their usage via a system akin to the FAA's regulation of long-distance flights. 
The USaAM concept requires designation of certain urban corridors, with sufficient space and unobstructed 
airspace, as take-off and landing segments for urban flight routes. We also introduced a limited number of 
Street Flight Levels (SFLs) to facilitate the vertical separation of potentially conflicting FVs. 

To further explain USaAM, a representative USaAM trip is shown in Figure 1. For example, a FV starts driving 
from a parking lot, followed by a drive through a residential area (where it is not allowed to fly). Then, once it 
reaches an FV-eligible road, the FV drives shortly on a surface road before taking off, once certain conditions 
are met. Once the FV starts flying above the eligible arterial, it flies between urban waypoints at high speeds, 
and then descend above another FV-eligible arterial road, where it can land too. The landing usually happens in 
front of a traffic signal, if there is a gap on the surface street that is large enough. Alternatively, the signal 
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controller can be actuated to enable a special phase that assists with the landing, as explained previously 
(Gavric et al., 2023). After landing, the FV drives again through residential streets to its final destination. It is 
worth noting that not every trip will have all of these segments. Some trips will have origin and destination on 
arterial streets, thus, their driving time could be significantly shorter. 

Figure 63. Overview of Urban Surface and Air Mobility Concept 

 

Source: Authors’ elaborations. 

Methodology of Autonomous Urban Surface and Air Mobility Management 

A multiagent mobility system proposed in this research utilizes a reservation-based strategy wherein FVs 
(agents) seeking to perform landing or take-off contact FV Operations Manager (FVOM) responsible for the 
relevant link to reserve a trajectory that ensures their safe take-off or landing among other surface vehicles. 

Reservation-based flying operations 

Landing and take-off operations in autonomous USaAM are solved in reservation-based fashion similar to one 
that was originally introduced by others, for the purpose of controlling traffic at surface intersections (Dresner 
and Stone, 2008). The FVOM decides whether a FV will be granted the reservation to land or take off or not. A 
typical interaction of FV and FVOM is as follows: 

- A FV announces its impending take-off/land intention to the FVOM. The FV communicates its 
intended/predicted climbing/descending time, velocity, acceleration, and destination. 

- The FVOM then ‘simulates’ the FV landing/take-off trajectory, checking for conflicts with the paths with 
any surface vehicles. If any of the nearby surface vehicles are about to enter the area reserved by the 
FV, their requests are denied and they are instructed either to slow down or make a complete stop, if 
necessary. In that way, the area reserved for the FV is kept clear of all surface vehicles.  Also, a similar 
procedure is used to keep any surface vehicles away from FVs trying to take-off. 

- The FV can only take-off/land once its request for such an operation has been approved by the FVOM.  
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Figure 64. Diagram of the FV landing/taking off reservation system 

 

Source: Authors’ elaborations. 

Surface Operations  

Traffic management at the street level includes a set of control algorithms for lane changing, car-following, 
and intersection control. The following text provides a brief overview of these operations.  To maintain 
consistency with traditional driving principles, we suggest keeping right-side driving and traditional lane 
assignment. At the upper, flying levels, we recommend limiting each direction to a single ‘lane’ or path per flying 
level, which will decrease the number of conflict points and potentially hazardous situations. To minimize the 
risks of collisions, all vehicles can change their paths only at the surface level, and outside of intersections. The 
utilized lane changing procedure is explained elsewhere (Stevanovic and Mitrovic, 2019). Furthermore, conflicts 
at the intersection are resolved by utilizing fixed signal timings. 

Simulation Platform 

For this study, we propose extension of our previous work (Gavric et al., 2023) by developing a modelling 
platform, within the NetLogo, that allows the simulation of vehicle operations both on the urban surface and in 
the air. The developed platform, coded within NetLogo environment through a series of custom-made codes 
written in Scala (Java-compatible language), is shown in Figure 3. 

Experiments 

Experiments are conducted by using the three-intersection network shown in Figure 3. Three levels of surface 
traffic demand and five levels of FV penetration rates, ranging from 1% to 5% of the total traffic demand, 
were used. It should be noted that each scenario is simulated for multiple random seeds and a full hour of 
simulation time, resulting in a total of 75 runs. The first part of the performance assessment is based on 
conventional traffic metrics, such as the average vehicle delay and the number of stops and the analysis 
includes two distinct groups of vehicles: regular vehicles and FVs. In addition, to assess the effectiveness of 
flying operations in the USaAM, a comprehensive evaluation is conducted by utilizing newly developed 
performance metrics for this purpose. 

Figure 65. Developed simulation platform 

 

Source: Authors’ elaborations. 
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Results 

The application of our simulation model through numerous experiments is expected to yield interesting results 
demonstrating that the number of denied requests to take-off are reduced (when compared to our previous 
study) as priority is given to FVs. Also, the results are expected to show that traffic demand on surface is highly 
influenced by implementing reservation-based flying operations on the surface traffic. 

Conclusions 

The goal of this research is to present an upgrade to a novel concept, called Urban Surface and Air Mobility 
(USaAM), which proposes the use of FVs both on urban surface streets and airspace in reservation-based 
fashion. In this research we upgrade the first-of-its-kind modelling platform to implement reservation-based 
flying operations into the USaAM simulation environment. We introduce reservation-based take-off and landing 
operations to increase the efficiency for FVs, such as emergency FVs and other high-priority FVs (e.g., delivery 
of medical supplies or other high-value goods). 
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Introduction 

Dynamic network loading (DNL) models have been widely used in transportation planning and operations to 
evaluate long-term and short-term traffic states in urban areas. More recently, DNLs are also used in real-time 
to predict traffic conditions in support of making control actions. Most DNL models formulate and solve the 
problem using densities and flows as the variables of interest. 

DNL models express the propagation of travel demands in the network using traffic flow models. Macroscopic 
DNL models commonly describe the aggregate traffic dynamics on a link using variables of density and flow 
rate in a continuous stream. These models are often based on the Lighthill, Whitham and Richards (LWR) 
kinematic wave theory. Examples include the cell transmission model (Daganzo, 1994) and its modifications 
(e.g., Gomes et al., 2006; Srivastava et al., 2015), the link transmission model (Newell, 1993; Yperman, 2007; 
Himpe et al., 2016; Raadsen et al., 2016), dynamic programming methods (Daganzo, 2005), the Lax-Hopf 
algorithm (Mazaré et al., 2011) or wave tracking (Henn, 2005). These approaches require triangular or concave 
fundamental diagram (FD) functional forms, suffer from discretization errors (Raadsen et al., 2016) or are not 
applicable to large scale networks. Whereas their solution is defined in terms of density and flow, in some 
applications, travel times may be of primary interest. However, their calculation requires tracing densities and 
speeds in the network, which is not trivial. 

To facilitate travel time calculations, this study explores their dynamics in the network. The theoretical 
foundations for a traffic model based on link travel time dynamics are presented and its equivalence to the 
LWR density-based model is established. Based on this theory, a DNL model that uses travel time as 
independent variable is proposed and implemented. The DNL describes the traffic states at the link boundaries 
using the travel time dynamics and a spillback model. It does not require tracking the states within the link. A 
node model describes the flow distribution at interactions. 

Methodology 

We begin the derivation of the model by defining the travel time dynamics for a single link. Let 𝑁(𝑥, 𝑡)  be the 
cumulative flow at point 𝑥 and time 𝑡.  Figure 66 shows the cumulative flow curves at two points: the entrance 
and exit of a link, which are denoted with – and + signs, respectively. In the figure, travel times on the link are 
the time difference between points of equal cumulative flow on the two curves.  These travel times are time 
dependent and may be defined based on the entry time to the link (forward travel time, 𝜏+(𝑡) ) or the exit time 
(backward travel times, 𝜏−(𝑡)). 

The link inflow and outflow are expressed by the time derivatives of the cumulative curves. We denote these 

as 𝑓−(𝑡) and 𝑓+(𝑡), respectively. Finally, we note that link travel times are bounded from below by 𝜏𝑚𝑖𝑛 , which 
is the travel time achieved with the free flow speed. Using these variables, the forward travel times dynamics 
is given by: 
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This forward travel time dynamic was used in delay-function models. However, its use within a DNL is difficult 

because it depends on the future unknown outflow 𝑓+(𝑡 + 𝜏+(𝑡)). 
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 Figure 66 Cumulative flow curves and travel times on a single link 

 

We now focus on the backward travel times. In this case, the travel times dynamics are given by: 
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Equation (2) above holds as long as 𝑓−(𝑡 − 𝜏−(𝑡)) > 0. If the entry flow 𝑓−(𝑡 − 𝜏−(𝑡)) = 0, then, the outflow 

𝑓+(𝑡) entered the link later, at the moment that again 𝑓−(𝑡 − 𝜏−(𝑡)) > 0 is again positive. In the case that 
downstream traffic conditions do not affect inflows. 

Flows are transferred between links by nodes that represent bottlenecks and are the source of delays in the 
network. Each node maintains sets of its incoming and outgoing links, and similar sets of routes. These are 
defined by: 
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Where, nL / nL  are the sets of upstream and downstream links for node n, respectively.  +

i
f  and  

n
f  are vectors 

of the flows entering and exiting the node, respectively. That is, they are the outflows on the links entering the 

node and the inflows on the links that exit the node. if
  is exit flow on link i that enters the node. jf   is the 

entry flow to link j that exits from the node. 
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f  are the corresponding vectors or flows on routes entering and exiting the node. Without loss of 

generality, we assume that they are ordered by the entry or exit links that they use through the node. Thus, r+

i
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and r +

j
f  are vectors of the routes that enter the node through link i, and those that exit the node through node 

j, respectively. 

The mapping of flows on links entering the node to flows on links exiting the node is given by: 
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Where, the first matrix in the multiplication is the link-route incidence matrix for the links exiting from the node. 
Similarly, the last matrix is a link-route incidence matrix for the links entering the node. The dimensions K1 
through KJ are the numbers of routes that use the exiting links. Similarly, M1 through MI are the numbers of 



 

138 
 

routes that use the entering links. The matrices T are mapping from the routes on links that enter the nodes to 
those that exit the nodes. P are the fractions of the flows on links that stem from the relevant routes, such that 
for every entering link, the values of p for all routes that pass through it sum to 1.  

The relationship between the links’ inflows and outflows in a node is given by: 

  
n n

f f            (4) 

The corresponding relation among route flows is given by: 

r+ r-

n n n
f = T f            (5) 

We assume that entry capacities are associated with links in the network. In some cases, the flows calculated 
for these links may exceed their entry capacities. Then, the exit flows on the links entering the node need to be 
adjusted so that the capacity constraints are respected. This may be done by multiplying them by a factors α 
that captures the priority policy for these links. For example, the factor may reflect a policy where the proportion 
of vehicles on the various routes are kept. With the priority policy, the node updates as follow: 
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If the priority factors do not maintain the proportions of flows on the various routes, these proportions P are 
adjust accordingly for the next time step. These proportions are also shared with downstream nodes so that 
they can also update their routes proportions accordingly. 

Results 

The model was calibrated, against the Transmodeler (TSM) microscopic traffic simulation model on a section 
of the Ayalon Highway through the Tel Aviv metropolitan area in Israel, through minimization of the difference 
in counts and route travel times between the two models during the AM peak period. Calibration variables are 
the fundamental diagrams, link entry capacities and priorities. Calibrated RMSE values are 18.3 veh./5-min and 
1.752 min. RMSPE values are 0.103 and 0.168, respectively. 

The model was tested in three experiments showing various scenarios. In the first and second tests, the demand 
matrix was scaled and re-structured (keeping the total demand constant), randomly. In the third experiment, 
traffic incidents were introduced during the simulation. The experiments are summarized in Table 15. In each 
case the model results are compared with those of TSM.  

The experiments results are presented in 
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Table 16. The model’s fit to TSM are similar in most cases, which indicate to the explanatory power of the 
proposed model, which is robust to the demand level and distribution and the capacity reductions due to 
incidents.   

Table 15. Preformed Experiments 

  Factor Levels 

Experiment 1 OD scale 
60%, 65%, 70%, 75%, 80%, 85%, 90%, 
95% 

Experiment 2 Random OD change (by a uniform term 𝛼) U[1 ± 𝛼 | 𝛼 = 0.05, 0.1, 0.15, 0.2] 

Experiment 3 Incident (capacity reduction) 1, 2, 3, 4, 5 blocked lanes out of 5 
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Table 16. Performance measures of each scenario in case 1 

Experiment 1 

Demands scale 100% 95% 90% 85% 80% 75% 70% 60% 

RMSE – Counts 18.3 6.5 5.6 5.4 5.2 5.0 4.8 4.4 

RMSPE – Counts 10.3% 4.5% 4.4% 4.6% 4.3% 4.4% 4.6% 4.3% 

RMSE – Travel times 1.754 1.266 0.942 0.378 0.312 0.300 0.330 0.360 

RMSPE – Travel times 16.8% 13.9% 12.6% 6.1% 5.2% 5.1% 5.6% 6.2% 

Experiment 2 

Perturbation factor 𝜶 0.05 0.1 0.15 0.2 

RMSE – Counts 14.7 16.0 16.2 18.8 

RMSPE – Counts 0.070 0.080 0.083 0.091 

RMSE – Travel times 1.7 2.0 2.3 2.4 

RMSPE – Travel times 0.158 0.178 0.193 0.215 

Experiment 3 

Blocked lanes 𝑵 1 2 3 4 5 

RMSE – Counts 16.1 15.5 19.4 26.6 24.0 

RMSPE – Counts 0.066 0.069 0.091 0.141 0.139 

RMSE – Travel times 1.3 1.7 1.7 1.8 2.6 

RMSPE – Travel times 0.129 0.151 0.153 0.174 0.199 

Conclusions 

This paper sets a theoretical foundation for the travel time dynamics in traffic networks. Travel time dynamics 
in space and time are established and Equal Travel Time curves are derived. The relations between the classical 
dynamic models that are based on density and travel time dynamics were presented. Then, a simulation model 
based on link’s travel times dynamics was developed. 
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Introduction 

There are various levels of autonomous shuttle buses (AS) as a concept of shared CCAM (Connected Cooperative 
Autonomous Mobility).  Depended on the degree of autonomy, an autonomous shuttle bus with low degree of 
autonomy (SAE level 3) is supposed to travels in a special lane (a.k.a segregated lane).  A highly automated 
shuttle bus (SAE level 4) is expected to have full control over all functions and travel in mixed traffic which 
shared the road with other road users (motorized and vulnerable ones.  The ASs can communicate with each 
other and share information about the surrounding environment. Communication is neither limited to be only 
between cars, nor between cars and infrastructure (Bucchiarone et al., 2020) (Ainsalu, 2018) and it can involve 
communication between all traffic participants in order to reach the highest level of service as well as of safty. 
Our motivation to introduce at the Technical Hochschule an autonomous shuttle bus (TH-AS) is inspired by a 
preliminary survey of citizen participation in the city life, revealing the students' opinion at the university of 
applied sciences Aschaffenburg. The preliminary results show that a shuttle bus that connects all three 
campuses leads to safer roads, less congestion, saving time for search of parking slots and less stress for the 
students to attend the education units on time. TH-AS challenges are divided in social and research challenges. 
TH-AS will travel through the city and sharing the same road with public transportations and taxi drivers which 
consider the TH-AS as a competitor. Some people will less trust the AS and have anxiety sceptical attitudes 
towards the new installed technologies (Salonen & Haavisto, 2019). To collect the citizens’ opinion a 
questionnaire will be distributed and interviews performed in order to find the real attitude towards the new 
technologies. The research challenges are focused on TH-AS response time to anomalies in rea-time (Raiyn, 
2022).  The process of anomaly detection faces many challenges. It is needed to discover patterns which are 
not conform to a normal expected behaviour in the traffic data.  Anomalies cause discomfort to both TH-AS 
and users, thus they lead to a negative impact on traffic efficiency. In case traffic accidents occur or if there is 
a congestion, the traffic flow is abnormal. The anomalies are caused by traffic accidents, bad weather, 
construction work, special events, rush hours, parking/ recharge search, traffic light phase.  Furthermore, there 
are a number of other challenges faced by TH-AS, such as noise and interference, which are further sources of 
anomalies in traffic flow. The deep learning approach is proposed to find these patterns and can be applied to 
all roads with usually normally traffic. Since TH-AS is traveling in mixed traffic, manoeuvre recognition is 
proposed in order to take into account on the behaviour of all surrounding vehicles (Weidl et al., 2018). Adaptive 
decision support is proposed to resolve the arising changes of identified abnormalities and to ensure safe driving 
of the TH-AS. 

Related work 

In smart cities, an autonomous shuttle buses are becoming a part of everyday life with goal to improve the 
public transportation. Esterwood et al. (2021) conducted a survey on how individual differences can influence 
trust, attitude, and the intention to ride AV buses.  Tsigdinos et al. (2022) proposed identified transforming 
concepts of the future urban road, which can be categorized into five categories, namely, efficiency, safety, 
liveability, accessibility, and smart technology. To understand the driving behavior, Flötteröd et al. (2021) 
analyzed real autonomous shuttle bus data. Our contribution in this study is creating smart infrastructure to 
establish communication between smart intersections, autonomous shuttle buses and drones to improve the 
traffic flow efficiency and safety.  The novelty lies in their potential to transform the way of human thinking to 
navigate their surroundings and make rea-time decision based on dynamic Bayesian networks. 

 Methodology 

The technical university of applied sciences (TH) Aschaffenburg plan to introduce TH-autonomous shuttle bus 
(TH-AS) to serve the students that travel between the three university campuses as illustrated by Figure 1. The 
TH-AS will also serve on demand, outside the daily lecture breaks, by offering an alternative to public 
transportation for both people and goods. It will provide bus stops on demand for the local residents and 
especially the elderly citizens to simplify their daily life. Additional benefit of the TH-AS is in reducing the urban 
road congestion in Aschaffenburg, where the traffic demand exceeds the road capacity in rush hours, which is 
often characterized by slower speeds, longer trip times, delays and increased queuing. Reducing the road 
congestion has strong impact on the noise reduction and on climate change, such as better air quality by 
reducing the carbon dioxide emissions.  The smart intersection at TH-AS is already equipped and recently 
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updated with various internet of thing devices, such as smart cameras, Lidars, GPS, and sensors to sense the 
environment (Hetzel et al. 2021). The road segments between the two roundabouts (2.1 km in each direction) 
will be equipped with Road Site Units (RSU) for continuous monitoring of the traffic flow. The received data is 
analyzed by monitoring and control unit (MCU). MCU is processing various format of data based on deep learning 
scheme (DL). Complimentary to the RSU, an unmanned aerial vehicle (UAV), also known as (a.k.a) drone, plays 
a significant role for the planned TH-AS to ensure redundancy of data for traffic safety reasons. Moreover, 
drones have been used to map and measure the smart intersection. Drone technologies can help to reduce the 
risks of weather made errors while guaranteeing the safety of operation.  Besides the drone’s safety monitoring 
of the road in a designed air corridor and the TH-AS’s designated optimal lane for vulnerable road users (VRU. 
i.e. pedestrian, bicycles and scooter), drones have been considered as the large moving step toward the smart 
city’s sustained growth. 

Figure 67. TH-AS concept 

 

Data Collection 

TH-AS operates and performs tasks under its own power on an operations’ platform. Some features of TH-AS 
are sensing the surrounding environment, collecting information, and managing communication with other 
traffic participants. TH-AS uses a combination of cameras, sensors, GPS, radar, LiDAR, and an on-board 
computer. These technologies work together to map the vehicle’s position and its proximity to everything around 
it. TH-AS support various types of communication, such as, vehicle-to-vehicle, vehicle-to-infrastructure, and 
vehicle–to-mobile device communication. The overall system intelligence utilizes advanced deep learning model 
(DL) in machine learning for the classification and visibility detection of the fog weather. The use of DL is to 
provide better accuracy in terms of an image dataset and performs multiple iterations of layers, such as 
convolution, max pooling and flattening, on the images to classify them correctly for the needs of maneuver 
recognition and route’s safety. 

Data preparation 

TH-AS receives data from various devices in different formats, and this can lead to problems with data quality. 
In the preparation phase on the cloud operation platform, data are converted to a desired format, then the 
dataset is cleaned, and inconsistent, invalid, and corrupt data are removed. Our algorithms can deal robustly 
with up to 10% missing data. 

Data Processing 

These raw data have been processed using various techniques to extract relevant features, machine-learning 
algorithms have been applied to recognize road anomalies and cognitive models have been developed to 
recognize maneuvers of the surrounding objects, which behavior might have an impact on a possible collision 
risk, hazard avoidance and safety. Moreover, for trustworthy systems, explanations will be provided, which are 
feasible due to the qualitative structure of the developed cognitive hierarchical models (Weidl et al., 2018). The 
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proposed deep learning model is supposed to deal with the quality of raw data. The quality of raw GNSS 
measurements (also called observables) is affected by several factors that originate from satellites, signal 
propagation and receivers. The signal transmitted by a satellite propagates through the atmosphere, where it 
is subject to delays caused by ionospheric and tropospheric media. At ground level, a multipath effect, namely, 
the multiple reception of signals that are reflected from obstacles such as buildings surrounding the receiver, 
can occur, causing one of the largest sorts of errors. Furthermore, weather conditions, such as fog, cloud, heavy 
rain and snow reduce the quality of raw data that are received by camera or GNSS. 

Data evaluation 

The multiple statistical measures, such as the mean and the standard deviation of a variable, variance, mean 
absolute error (MAE), root mean squared error (RMSE), relative absolute error (RAE) and their interactions with 
other features, help to distinguish between normal and abnormal traffic flow and to explain the reasons for 
any differences. 

Discussion and conclusions 

The dataset has been collected at a public intelligent intersection (i.e. equipped with sensors) at TH 
Aschaffenburg, Germany, which is located between the three campuses of the University of Applied Sciences 
Aschaffenburg (Goldhammer et al. 2012). The dataset describes the transition between waiting and starting 
movements of cyclists (see Figure 2). To reduce the waiting time, it is proposed to manage the intersection by 
dynamically changing the traffic light to green based on demand dependent on traffic flow density. Additionally, 
the traffic light can be removed at the intersection to prioritize the performance of the TH-AB shuttle bus. For 
this purpose, we want to explore the potential of using Reinforcement Learning in the context of traffic flow 
optimization with traffic lights or instead of traffic lights (in the simulation) based on the exchanged information 
between communicating vehicles & infrastructure (C2X). It is important to note that any changes made to the 
intersection's management should be carefully planned and executed to ensure the safety of all road users. We 
will design and conduct further studies and analysis before implementing any changes to the intersection's 
management. Additionally, it may be beneficial to consider the potential impacts of these changes on the 
surrounding area and its residents. 

Figure 68. Transition between waiting time and start movement 
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Introduction 

Different from the actuated and adaptive signal control, the fixed-time signal control often partitions an entire 
day into several time-of-day (TOD) periods according to traffic flow fluctuations and signal timing plan of each 
TOD period remains unchanged. The TOD-based fixed-time control is considered as a cost-effective means and 
is thus widely used to adapt to traffic demand variations within the day in many countries. Identification of TOD 
breakpoints play an important role in the overall performance of fixed-time controlled intersections. 

TOD breakpoints identification has motivated many research efforts. Conventionally, TOD breakpoints were 
identified solely using single performance index such as traffic volume, velocity (1 - 2). Later, multiple indices 
were studied to achieve a better TOD scheme to make up for the one-sidedness of single performance index 
especially under oversaturated conditions (3 - 4). There are mainly two categories of breakpoint identification 
methods, i.e., heuristic search approach (5) and clustering approach (6 - 7). The former requires a lot of 
validation works on various parameters such as window size for greedy search method, while the latter are not 
capable of incorporating the temporal information of operational indices. 

In recent years, License Plate Recognition (LPR) systems have been used increasingly in many Chinese cities to 
ensure public security and enforce traffic law. LPR cameras are often installed at the stop-lines of signalized 
intersections to record individual vehicles’ license plate numbers and stop-line crossing time on a basis of lane. 
Therefore, LPR data are ideal sources to provide refined performance measures for TOD breakpoints 
identification. 

Hence, by taking advantage of rich information provided by the LPR data, this study proposes a Change Point 
Analysis (CPA) method for TOD breakpoints identification to overcome the drawbacks of the existing methods. 
First, we choose traffic volume and control delay as operational indicators to avoid the one-sidedness of single 
performance index; then, the TOD breakpoints identification problem is transformed into a change-point 
identification problem relating to time-series. A statistical method, the E-Divisive with Medians (EDM) method, 
is first adopted for change-point analysis to TOD breakpoints identification. The proposed method was validated 
with empirical data and the results indicate that the proposed method can properly identify the TOD breakpoints. 

Methodology 

The proposed approach mainly includes two steps, i.e., calculation of operational indicators and identification of 
TOD breakpoints based on EDM method. In the first step, two operational indicators including control delay and 
traffic volume are calculated based on LPR data. In the second step, the TOD breakpoints can be identified 
based on the time-series datasets of the calculated control delay and traffic volume in the first step. 

Calculation of operational indicators 

Suppose 𝑇 is the objective time period of a day (e.g., 7:00~24:00) and 𝑡 is the analysis period (e.g., 15 min), the 
whole objective time period can be divided into 𝑛  parts, where 𝑛 = ⌈𝑇/𝑡⌉ ; then, traffic volume series 
{𝑄1, 𝑄2, … ,𝑄𝑛} can be calculated by aggregating the vehicles of each analysis period; moreover, intersection 
control delay series {𝑑𝐼

1, 𝑑𝐼
2, … , 𝑑𝐼

𝑛}  can be obtained based on traffic volume and original signal timing 
parameters, using the model of Highway Capacity Manual (2010). Hence, two time series {𝑄1, 𝑄2, … , 𝑄𝑛}, 
{𝑑𝐼

1, 𝑑𝐼
2, … , 𝑑𝐼

𝑛}  can be obtained, which indicate intersection traffic flow and intersection control delay, 
respectively. 

Identification of TOD breakpoints based on CPA method 

Given the two time series {𝑄1, 𝑄2, … , 𝑄𝑛}, {𝑑𝐼
1, 𝑑𝐼

2, … , 𝑑𝐼
𝑛}, a E-divisive median (EDM) method is applied to each 

time series dataset. two subsets of traffic flow, 𝐴𝑄
𝜏 = {𝑄1, 𝑄2, … ,𝑄𝜏}, 𝐵𝑄

𝜏−𝑛 = {𝑄𝜏+1, 𝑄𝜏+2, … , 𝑄𝑛} and two 
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subsets of control delay, 𝐴𝑑
𝜏 = {𝑑1, 𝑑2, … , 𝑑𝜏}, 𝐵𝑑

𝜏−𝑛 = {𝑑𝜏+1, 𝑑𝜏+2, … , 𝑑𝑛} can be divided by the 𝜏-th analysis 
period. 

The inner difference between subsets given a candidate breakpoint is calculated and the inter-group difference 
for two datasets of flow and delay is also calculated to represent the statistical divergence on both sides of the 
breakpoints, which is denoted by the Distance Components (DISCO) statistic. Thus, for any analysis period, the 
change point can be identified as period, �̂�, with the maximal DISCO statistics, as shown in Eq. (1), 

(�̂�|𝑠) = 𝑎𝑟𝑔𝑚𝑎𝑥 
𝑝𝑞

𝑝+𝑞
[2𝐷𝐴𝜏𝐵𝜏−𝑁 − 𝐷𝐴𝜏 −𝐷𝐵𝜏−𝑁], (1) 

To accurately identify the change points, a permutation test is then adopted to test the change point obtained. 
Both traffic volume series and control delay series are verified by permutation test, and the change point is 
valid only when both traffic volume series and control delay series meet the required significance level of the 
permutation test. Here, the significance level is set as 5%, and the times of permutations is set as 10000. 

In the case that the change point meets the significance level demand, each of the two sub-sequence divided 
by the first change point, can be used to identify change points iteratively. Change points can be obtained based 
on the same method mentioned above, and this iteration stops when the specific change point can’t meet the 
significance level demand of the permutation test. Then, a final change point collection can be obtained, which 
indicate the TOD breakpoints of the time period of a day. 

Evaluation of the proposed method 

The proposed method was validated using an empirical case. In this study, the intersection of Middle Tongjiang 
Road and Hanjiang Road of Changzhou City, China, is selected as the test site, and LPR detectors are installed 
at each lane. Empirical data from 7:00 to 21:00 on a weekday (January 9, 2019) and a weekend (January 12, 
2019) were used in the empirical evaluation; The analysis period is set as 0.15 hour, and the original TOD 
scheme is illustrated in FIGURE 1 as a comparison. 

Figure 69. Original TOD schemes of the empirical case 

 Weekday (January 9, 2019) Weekend (January 12, 2019) 

7:00~9:00 

  

9:00~16:30 

  

16:30~19:00 

  

19:00~21:00 

  
 

 

Here, we choose variation coefficient as the performance indicators to describe the similarities between TOD 
periods, and calculated as, 
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𝑐𝑑,𝑚𝑒𝑎𝑛 =
∑ 𝑐𝑑,𝑖
𝑛
𝑖=1

𝑛
, 𝑐𝑄,𝑚𝑒𝑎𝑛 =

∑ 𝑐𝑄,𝑖
𝑛
𝑖=1

𝑛
 (2) 

where, 𝑐𝑑,𝑚𝑒𝑎𝑛 , 𝑐𝑄,𝑚𝑒𝑎𝑛 indicates the average variation coefficient of control delay, traffic flow, respectively; 

and 𝑐𝑑,𝑖 , 𝑐𝑄,𝑖  is the variation coefficient of control delay and traffic flow of TOD period 𝑖, (1 ≤ 𝑖 ≤ 𝑛) , 
respectively. 

Figure 70. Verification results 

 

As shown in FIGURE 2, the proposed method can achieve a TOD scheme which close to the original one. Hence, 
TOD scheme can be estimated when original TOD scheme is not available. Besides, the proposed method 
achieves better results in weekday, as the 𝑐𝑑,𝑚𝑒𝑎𝑛 value is decreased from 0.2494 to 0.2170 and the value of 
𝑐𝑄,𝑚𝑒𝑎𝑛 decreased from 0.2541 to 0.2359, which indicates that the operation evaluation indexes are more 
homogenous. Moreover, there is no significant difference for weekend considering control delay as the gap is 
around 0.001, while the value of 𝑐𝑄,𝑚𝑒𝑎𝑛 declined 0.0378. The case of weekend also proves the necessity of 
multiple indices as single index cannot evaluate the differences in many cases. 

CONCLUSION 

This paper proposes a change point analysis method for TOD breakpoints identification solely using LPR data. 
The performance of the proposed method is tested using an empirical case and the results indicate it can 
properly identify the TOD breakpoints, which can be further applied in signal control optimization. 
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For future research, firstly, various validation through simulation test, e.g., oversaturated condition, are required 
to evaluate the performance of the proposed method, using traffic performance indicators such as control 
delay, queue length. Furthermore, it is also necessary to compare the method with classic heuristic search 
approach and clustering approach, to evaluate the accuracy and calculation speed. 
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a Department of Civil and Environmental Engineering, National University of Singapore 

Introduction 

Connected Vehicles (CVs) have enjoyed increasing popularity in transportation thanks to their benefits in 
improving traffic operations, particularly traffic signal control [1-3]. However, detailed vehicle trajectory data 
can contain sensitive information about personal driving behaviors and human mobility patterns [4, 5]. For 
example, driving behavior data may be used for discriminatory pricing in insurance. Moreover, human mobility 
patterns are highly unique and can be used to accurately infer travelers’ identities, personal profiles, and social 
relationships [6, 7]. 

Privacy research in transportation aims to protect location privacy. Most existing works concentrate on privacy-
preserving trajectory data publishing, which assumes a central trusted party that owns the trajectory data of 
users.  To the best of our knowledge, very few works have investigated privacy-preserving traffic operations 
using data from individual CVs distributed across the transportation network.  For example, Qin et al. [8], Sun et 
al. [9], Tsao et al. [10] developed privacy-preserving transportation operation algorithms with a minimum 
reduction of system performance. However, these studies mainly focus on protecting vehicle path information 
at the network level. In contrast, detailed vehicle trajectories at intersections are rarely considered when being 
used for traffic signal control. Indeed, with the aid of traffic flow theory, vehicle path information can be easily 
reconstructed from trajectory data at local intersections, even though the data is unlinked and anonymized. To 
the best of our knowledge, only a few studies have considered the privacy issue of CVs for traffic control at the 
intersection level, e.g., PrivacySignal for intelligent transportation system proposed by Ying et al. [11] and 
privacy-preserving digital twin-based traffic control proposed by Lai et al. [12]. Although these methods can be 
effective in protecting privacy, they fail to consider specific requirements of transportation modeling and thus 
may sacrifice control performance when applied to traffic operations. 

To fill these gaps, we propose a privacy-preserving traffic signal control method using data provided by 
connected vehicles with various penetration rates. The contribution of this study is three-fold. First, we propose 
a privacy-preserving data-aggregation mechanism that aggregates CV data to calculate key traffic quantities 
in a privacy-preserving manner with triple protection. Second, we develop a simple but effective linear 
optimization model for CV-based real-time traffic signal control, which utilizes only the aggregated information 
as the outcome of the data-aggregation mechanism. Third, we implement a two-stage stochastic optimization 
model to handle the noises brought by differential privacy, which has been shown to improve the trade-off 
between privacy and control performance. 

Methodology 

Scenario, Parties, and Adversary Model 

We consider an isolated signalized intersection with four links. As shown in Fig. 1(a), there are four parties of 
the CV-based real-time traffic control system: 1) Connected vehicles (CVs) that can transmit their data at a 
specific frequency or upon request. 2) CV data center (CV-DC) that can aggregate and store data shared by CVs.  
3) Traffic signal control center (TSCC) that optimizes signal timings with data sent by CV-DC. 4) Traffic signal 
light (TSL) that executes the signal timings sent from TSCC. 

We consider an adversary model with three types of attack: 1) Collusion. A group of CVs may collude to infer 
the sensitive information of the other CVs during vehicle-to-vehicle communication. 2) Data leakage. The CV-
DC is untrusted and may be subject to an attack leading to data leakage. 3) Result inference. The TSCC may 
also be attacked, and the aggregated data transmitted to the TSCC may be intercepted to infer sensitive 
information about individual CVs.  
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Figure 71. Framework of Privacy-Preserving CV Data-Aggregation Mechanism for Traffic Control System 

 

CV information preprocessing 

The state of CV i at the studied intersection can be described by  {{𝛼𝑘,𝑖}𝑘∈𝐾 , 𝛿𝑖 , 𝑝𝑖 , 𝑡𝑖} (Fig. 1b), where 𝛼𝑘,𝑖 = 1 

indicates the CV is in stream 𝑘 and 0 otherwise. Variable 𝛿𝑖 = 1 indicates the vehicle is stopped and 0 otherwise. 
Variable 𝑝𝑖 is the current position (veh) measured from the stopline, which can take a negative value if a CV 
passes through the stopline. Variable 𝑡𝑖 is the (expected) arrival time to stopline (s). Given the above state 
variables, each CV will leverage the privacy-preserving aggregation mechanism to share the following private 

data on request for calculation: {𝜂𝑘,𝑖 , 𝑃𝑘,𝑖 , 𝑇𝑘,𝑖}𝑘∈𝐾, where 𝜂𝑘,𝑖,𝑗 = 𝛼𝑘,𝑖𝛿𝑖 , 𝑃𝑘,𝑖 = 𝛼𝑘,𝑖𝛿𝑖𝑝𝑖, and 𝑇𝑘,𝑖 = 𝛼𝑘,𝑖𝛿𝑖𝑡𝑖. Note 

that we allow all CVs to participate in the aggregation in each stream, which enhances privacy without affecting 
the calculation results. 

Privacy-Preserving CV data aggregation mechanism 

In this mechanism (Fig. 1c), we aggregate individual CV data to obtain key traffic variables. We implement triple 
protections to ensure privacy. Protection 1 is via sharing only key parameters. We only require CVs to share 
key parameters of their trajectories upon request rather than real-time locations and speeds (i.e., complete 
trajectories). Therefore, the travel path and OD at the macro level, as well as the detailed spatiotemporal 
trajectories at the micro level, cannot be reconstructed as long as key parameters are protected. Protection 2 
is secure multi-party computation (SMPC) [10]. The SMPC enables data owners to jointly compute a public 
function in the absence of a trusted third party, while keeping data private with data owners. We implement 
SMPC via additive data sharing, whereby CV 𝑖  randomly divides its data 𝑦𝑖  into 𝑁  shares 𝑦𝑖 = ∑ 𝑠𝑖𝑗𝑗  and 

transmits 𝑠𝑖𝑗 to CV 𝑗. CV 𝑗 collects all messages from other CVs and send 𝑆𝑗 = ∑ 𝑠𝑖′𝑗𝑖′   to the CV-DC. Such a 

mechanism ensures that both other CVs and the CV-DC will not be able to reconstruct the data of CV 𝑖 even if 
they collude. Protection 3 is via differential privacy (DP). Existing studies have demonstrated that an adversary 
may obtain private information by analyzing the changes in the query results [13]. To address this issue, we 
adopt differential privacy (see Definition 1) to provide a strong and provable privacy guarantee such that 
modifying one data element would result in statistically indistinguishable changes in the query results. 

Definition 1 (𝜖-Differential privacy [13]). A randomized mechanism 𝒜:𝒟 → 𝒳 satisfies 𝜖-differential privacy, if 
for any neighboring databases 𝐷 and 𝐷′ that differ on one record (e.g., adding or removing one record), and 
any possible output set 𝑆 ∈ 𝒳, 𝑃𝑟[𝒜(𝐷) ∈ 𝑆] ≤ 𝑒𝜖𝑃𝑟[𝒜(𝐷′) ∈ 𝑆] holds. 

We adopt a commonly used Laplace perturbation (LAP) mechanism to achieve 𝜖-Differential privacy, whereby 
all CVs jointly add noises following Laplace distribution to the aggregated traffic variables. Specifically, we 
obtain 𝒢𝑘 = ∑ 𝑒𝑇𝜂𝑘,𝑖𝑖 + 𝑍𝐺,𝑘 , 𝑃𝑘 = ∑ 𝑒𝑇𝑃𝑘,𝑖𝑖 + 𝑍𝑃,𝑘 , and 𝑇𝑘 = ∑ 𝑒𝑇𝑇𝑘,𝑖𝑖 + 𝑍𝑇,𝑘, where 𝑒 = [1,1,⋯ ,1]𝑇 with the 

appropriate dimension, and 𝑍𝐺,𝑘 , 𝑍𝑃,𝑘, 𝑍𝑇,𝑘 are Laplace noises.  

Traffic Signal Control Optimization 

We consider a four-phase signalized intersection as an example. We adopt a rolling-horizon optimization 
scheme for real-time signal control (Fig. 2a). We solve an optimization model at the end of each phase group 
(i.e., every half cycle) to optimize the signal timings over the entire cycle.  

Objective: We aim to minimize the total delay of all CVs. We use 𝑔𝑘
𝑠 and 𝑔𝑘

𝑒 (decision variables) to denote the 

green start time and green end time of stream k, respectively. Then, the expected delay of a queued 𝐶𝑉𝑖 (𝑖 ∈ 𝐼𝑘) 
is 𝒹𝑖 = 𝜏𝑖 − 𝑡𝑖 , where 𝜏𝑖 is the expected stopline through time. By Fig. 2(b), we can get 𝜏𝑖 = 𝑔𝑘

𝑠 + 𝑙𝑘
𝑠 + 𝑝𝑖ℎ𝑘 , 

where 𝑙𝑘
𝑠  is the start-up lost time of stream k; ℎ𝑘  the average queue discharging headway of stream k at 

stopline. Thus, the total delay of queued CVs of stream k reads as 
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∑ 𝒹𝑖
𝑖∈𝐼𝑘

= (𝑔𝑘
𝑠 + 𝑙𝑘

𝑠)∑ 1
𝑖∈𝐼𝑘

+ ℎ𝑘∑ 𝑝𝑖
𝑖∈𝐼𝑘

−∑ 𝑡𝑖
𝑖∈𝐼𝑘

= (𝑔𝑘
𝑠 + 𝑙𝑘

𝑠)𝜂𝑘 + ℎ𝑘𝑃𝑘 − 𝑇𝑘  

where 𝜂𝑘 , 𝑃𝑘 , 𝑇𝑘  are the aggregated variables (stochastic due to DP) as the outputs of the privacy-preserving 
data aggregation mechanism. Hence, our objective function can be written as 

min∑∑ 𝒹𝑖
𝑖∈𝐼𝑘𝑘∈𝐾

=∑(𝜂𝑘(𝑔𝑘
𝑠 + 𝑙𝑘

𝑠) + ℎ𝑘𝑃𝑘 − 𝑇𝑘)

𝑘∈𝐾

 

Figure 72. Rolling optimization scheme and calculation of the objective 

 

Constraints: In addition to the phase sequence constraints required by NEMA, here we add the following 

constraint to ensure no residual queues, 𝑔𝑘
𝑒 − 𝑔𝑘

𝑠 + 𝑦𝑘 − 𝑙𝑘
𝑠 − 𝑙𝑘

𝑦
≥ 𝜆𝑘(𝑔𝑘

𝑠 − 𝑟𝑘
𝑠)ℎ𝑘 , 𝑘 ∈ K, in which 𝜆𝑘 can be 

estimated by a maximum likelihood estimator [14], 𝜆𝑀𝐿𝐸 = ∑ 𝑝𝑖𝑖∈𝐼𝑘
∑ 𝑡𝑖𝑖∈𝐼𝑘
⁄ = 𝑃𝑘 𝑇𝑘⁄ . The 𝜆𝑘 is calculated at 

the last green start time of stream k. Thus, we have 

(𝑔𝑘
𝑒 − 𝑔𝑘

𝑠 + 𝑦𝑘 − 𝑙𝑘
𝑠 − 𝑙𝑘

𝑦) ℎ𝑘⁄ ≥ (𝑔𝑘
𝑠 − 𝑟𝑘

𝑠)𝑃𝑘 𝑇𝑘⁄ , 𝑘 ∈ K 

Solution: The optimization model is a linear programming problem with uncertain parameters, which can be 
formulated into a scenario-based stochastic programming problem and solved efficiently.  

min∑ (𝒢𝑘𝑔𝑘
𝑠 + 𝐶𝑚𝑎𝑥𝓇𝑘)𝑘∈𝐾 +

𝜉𝐶𝑚𝑎𝑥

𝑀
∑ ∑ 𝓆𝑘,𝑚

𝑀
𝑚=1𝑘=𝐾 , 

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜    1) phase sequence constraints 2) 𝓇𝑘 ≥
𝒫𝑘

𝒯𝑘
(𝑔𝑘

𝑠 − 𝑟𝑘
𝑠) −

(𝑔𝑘
𝑒−𝑔𝑘

𝑠+𝑦𝑘−𝑙𝑘
𝑠−𝑙𝑘

𝑦
)

ℎ𝑘
, 𝑘 ∈ K 

3) 𝓆𝑘,𝑚 ≥
𝑃𝑘,𝑚

𝑇𝑘,𝑚
(𝑔𝑘

𝑠 − 𝑟𝑘
𝑠) −

(𝑔𝑘
𝑒−𝑔𝑘

𝑠+𝑦𝑘−𝑙𝑘
𝑠−𝑙𝑘

𝑦
)

ℎ𝑘
, 4) 𝓆𝑘,𝑚 ≥ 0, 𝑘 ∈ K and 𝑚 = 1,2,…𝑀 

Findings 

The proposed method is evaluated via a SUMO simulation with a four-leg intersection. Each link has one left-
turning lane, two through lanes, and one uncontrolled right-turning lane. The demand ranges from 3360 to 
6360 veh/hour for the entire intersection. Four different control methods are tested: actuated control 
(embedded in SUMO), Linear programming with SMPC (proposed  SMPC-LP), Linear programming with SMPC 
and DP (proposed SMPC&DP-LP), and stochastic linear programming with SPC and DP (proposed SMPC&DP-
SLP). Fig. 3 shows the performance of the four methods. 

We obtain the following findings from Fig. 3: 1) The proposed methods all outperform actuated control with 
penetration rates above 40%, which demonstrates the superiority of the optimization model. 2) The SMPC&DP-
LP and SMPC&DP-SLP perform worse than SMPC-LP due to the random noise of model parameters introduced 
by DP. 3) SMPC&DP-SLP considers the uncertainty of parameters via stochastic programming and achieves 
fewer stops and residual vehicles compared to SMPC&DP-LP. Overall, these methods provide an efficient trade-
off between privacy and control performance. 
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Significance 

This work is among the few pioneering works that address real-time traffic signal control based on CVs while 
achieving privacy guarantees, which provides a paradigm of the privacy-preserving utilization of CV data in the 
transportation field. The proposed privacy-preserving CV data aggregation mechanism is not limited to signal 
control but is also expected to advance the research on traffic state estimation and traffic/transportation 
network modeling. 

Figure 73. Performance of four methods: vehicle delay, stops, and residual vehicles 
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Unmanned aerial vehicle (UAV) service network design for urban monitoring 
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China 

This study examines the multi-depot location-routing problems of UAVs for urban monitoring (MDLRP-UM). 
MDLRP-UM appears in several service networks in urban environments, such as daily security patrols or 
monitoring the operation of infrastructures. The problem can be modelled as a mixed integer quadratically 
constrained problem (MIQCP), where we jointly optimize the service routes of the UAVs, the service intensity or 
frequency on each route, and the location of the depots to minimize the total cost. We propose an adaptive 
large neighborhood search (ALNS) heuristic to solve real-world large-scale problems, of which the efficiency 
and effectiveness are demonstrated by extensive numerical experiment. 
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Surrogate Model-based Framework for Urban Traffic Signal Optimization 

Considering Model Uncertainty 
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China 

Traffic signal optimization is important for urban traffic efficiency. Surrogate model (SM)-based optimization 
has become a popular approach for signal optimization. Existing studies mainly adopt a greedy strategy to 
exploit the optimal areas. However, misidentifying optimal areas caused by model uncertainty can mislead the 
searching algorithm to suboptimal areas. In this study, an SM-based framework is proposed considering model 
uncertainty. An active learning strategy is applied to adaptively select the infill samples at both optimal and 
uncertain areas of the SM. Four uncertainty measurement methods are proposed, whose uncertainty error is 
validated. Case studies on an arterial proved the efficiency of the proposed framework considering model 
uncertainty. 
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Including fairness considerations in traffic assignment models using linear 

programming 

V. Morandia 

a University of Brescia 

Road congestion is one of the major problems in the modern era as it causes queuing, pollution, higher logistic 
costs and increases road maintenance costs. At the same time, recent advances in sat-nav technologies are 
changing the way people drive. Alongside giving precious information about the network status in real-time, 
they could enhance the implementation of coordination mechanisms, called coordinated traffic assignment, 
aiming at suggesting paths to drivers to eliminate, or least reduce, congestion and, consequently, to reduce the 
total travel time in vehicular traffic networks. According to Morandi(2023), among possible congestion 
avoidance methods, coordinated traffic assignment is a valuable choice since it does not involve huge 
investments to expand the road network. Traffic assignments have been traditionally divided into to two main, 
based on the well-known Wardropian principles, perspectives: the user equilibrium and the system optimum. 
User equilibrium is a natural traffic assignment in which each user chooses the most convenient path in a 
selfish way. It guarantees fairness among users as, at equilibrium, all users with the same origin and destination 
will experience the same travel time. The main drawback that the whole network total travel time is not 
minimized paying the so-called Price of Anarchy is paid. Conversely, the system optimum is an efficient system-
wide traffic assignment where drivers are routed on the network minimizing the total travel time. Unfortunately, 
here users might experience travel times that are much higher than the others, affecting the compliance. 
Drawbacks in implementing one of the two assignments can be kept under control by hybridizing the two 
approaches, i.e. aiming at bridging users’ fairness to system-wide efficiency. In the last years, a significant 
number of attempts have been done to bridge fairness among users and system efficiency in traffic 
assignments. In the talk, we will go through the latest advances in terms of static coordinated traffic assignment 
models, as described in Morandi(2023), and in particular through linear programming models bridging user 
equilibrium and system optimum traffic assignment. 
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An agent-based electric vehicle charging demand modelling framework to assess 

the needs for the energy transition in transport 
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Introduction 

The transport systems are being electrified: from infrastructure management to intelligent transportation 
systems to electric vehicles, including heavy trucks, personal cars, and bikes. Electric vehicles (EVs) do not still 
have a very high market share; however, there is up to a 40% year-on-year increase in the registered EVs 
(International Energy Agency, 2020), and many countries are in the process of designing policies to phase out 
vehicles that use fossil fuels (Netherlands Enterprise Agency, 2022). The feasibility of the widespread use of 
EVs highly depends on the capacity of the charging infrastructure and the ubiquity of charging stations. 
However, to a large extent, the current charging infrastructure is not adequate to satisfy future demand, 
indicating the need for technical improvements and financial investments (Muratori, 2018; Gilleran et al., 2021). 
For cost-effective and efficient investments, the setup of charging infrastructure (e.g., location and capacity of 
charging stations) should be based on the expected demand considering local conditions such as population, 
income level, socio-demographics, and travel behaviour. For a realistic assessment, temporal (e.g., preferred 
time of charging, day or night charging) and spatial (e.g., preferred charging location, residence or workplace) 
aspects should also be taken into consideration. On the other hand, the adoption of EVs and the availability of 
the infrastructure may influence the travel behaviour of individuals. Current technology does not allow for 
successive long-range trips with limited charging time. Consequently, individuals may need to reconsider their 
daily activities and travel choices, e.g., by changing routes considering the availability of charging stations in 
congested electricity grids. 

Current models and frameworks for transportation fall short to address such complex situations and 
dependencies on other systems, such as the electric power infrastructure. Considering the steps taken by the 
European Union towards phasing out fossil fuel use and promoting a shift to electric transport (EEA, 2016), the 
need for models and frameworks capable of estimating spatiotemporal charging demand taking socio-
economic conditions and travel behaviour into consideration becomes even more imperative. It is especially 
important to make easy-to-use and openly accessible tools available, which can be used by public and private 
stakeholders to assess different scenarios for data-driven decision-making processes. To address these needs, 
the objectives of this study are: 1) developing an analysis framework that can determine spatiotemporal EV 
charging demand considering the travel and charging behaviours of individuals; and 2) making the developed 
framework accessible to public and private stakeholders as open-source software. The developed framework 
and software are novel in terms of enabling the estimation of EV charging demand by utilizing an agent-based 
modelling approach, which provides a detailed spatiotemporal distribution of the demand and allows various 
scenarios to be analysed at scale. 

Methodology 

The framework, which is designed to allow a detailed analysis even with limited data, is based on agents 
mimicking the behaviour of individuals commuting between home and work daily. Each agent has a home 
location, a workplace location, a commuting behaviour (i.e., time to work and time to home), an EV with certain 
characteristics (e.g., charge capacity, maximum range, etc.), a location indicating its current spatial position and 
a state that is dynamically updated during an analysis based on various state transition rules. 

There are three states defined by the framework that roughly correspond to different states of an EV: 

— Idle state indicates that the agent is located at a specific location (e.g., home, workplace) and the car is 
parked and not recharging; hence, subject to idle discharge. 

— Driving state indicates that the agent is travelling between two specific locations (e.g., from home to work) 
and the car is consuming the charge of its battery in driving mode. 

— Recharging state indicates that the agent is located at a specific location and the car is parked similar to 
the idle state, but it is connected to a charging station; hence, its battery is recharged. 
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The framework follows the state transition mechanism illustrated in Figure 1 to model the actions of an agent. 
From midnight to the time to leave home for work (i.e., time to work), an agent can be either in idle or in recharge 
state at home. This state is either assigned as the initial state at the beginning of the analysis if the analysis 
start time is within this period, or otherwise relayed from the previous day. Then, a state transition occurs to a 
driving state from home to work for a duration that corresponds to the required travel time. Once the agent 
arrives at work, it enters either an idle or a recharge state and stays in this state until the time to leave work 
for home (i.e., time to home). To decide which state to select, the framework first checks if the agent can 
recharge, i.e., if there is a recharge station available to use. If it is possible to recharge, then the framework 
checks if the agent wants to recharge. If the outcome is positive, then a recharge state is started. Otherwise, 
the state is set as idle. The selected state changes into a driving state when the analysis time reaches the time 
to home, and the agent travels back to home, where it can enter again either an idle or a recharge state 
following the same probabilistic logic that is applied when it arrived at work. This state continues until the time 
to work the next day, which completes a full transition cycle. 

Figure 74. Example state transition workflow for an agent 

 

Source: Authors’ elaborations (2023). 

Implementation 

An open-source research software is developed that implements the framework to enable the analysis of user-
defined EV charging demand scenarios and to produce detailed as well as aggregated reports of the analysis 
results. The software, EVDemand, has an object-oriented architecture that facilitates modification of the 
existing methodology and further development of additional features easily. The self-documented source code, 
which is written in PHP, is available at https://github.com/ITC-CRIB/EVDemand. 

To simplify the analysis, the software defines home and workplace locations by using regions (e.g., postcode 
zones). The number of agents commuting between the regions and the average commuting distance between 
the regions are required as input. To determine the time to work and time to home of each agent, a discrete 
intra-day commuting volume pattern is used for each commute direction. For each agent, first, discrete time 
periods (e.g., 08:00-10:00 and 16:00-18:00) are determined randomly for time to work and time to home 
considering the respective volume patterns, and then specific times within these periods are assigned randomly. 
This ensures a variation in the commuting behaviour of different agents, even if they commute the same route. 
For a more realistic analysis, the software also allows time to work and time to home of each agent to be 
modified slightly for each day by a small random delta time. At present, the travel duration is calculated by 
using the average commuting distance between the locations and a constant average speed. 

A set of car models can be provided as input and for each car model, charge capacity (kWh), maximum travel 
range at full charge (km), recharge time from zero charge to full charge (h), and idle discharge rate (%/h) can 
be specified. A car of an agent is based on a car model, but the software allows these parameters to be 
customised for each car. For example, a car can have a charge capacity different from its base model, e.g., to 
simulate long-term fatigue. For the designation of car models, three different options are provided: 1) a single 
car model for all agents, 2) random distribution of car models to the agents, and 3) random distribution of car 

https://github.com/ITC-CRIB/EVDemand
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models to the agents based on a predefined probability for each car model (e.g., 50% for Model A and 50% for 
Model B). The software keeps track of the battery charge level of each car. The initial charge capacity can be 
specified either as a constant value for all cars (e.g., 100%) or can be assigned randomly. A minimum charge 
percentage can be specified in case of random distribution to guarantee that the assigned values are greater. 

The software implements the logic illustrated in Figure 1. The location and state of each agent are updated 
regularly during an analysis period (e.g., 120 hours), which is divided into smaller time steps (e.g., 5 mins). The 
software allows each state to have a definite duration (e.g., idle at work for 8 hours) at the end of which a state 
transition occurs, or an indefinite duration which requires a temporal trigger to initiate a state transition (e.g., 
idle at work until time to home). Indefinite duration states are checked for state transition at the beginning of 
each time step; hence, their temporal resolution is equal to the analysis time step. In contrast, the state 
transition is checked during a time step for each state with a definite duration, and a new state is assigned to 
the agent if the elapsed time of the state reaches its defined duration within the time step. The software 
iteratively performs this check enabling multiple consecutive state transitions during a single time step, which 
results in an improved temporal resolution. Each agent has a state history, and the software keeps track of 
previous states in addition to the current state, which can be utilised to define complex state transition rules. 

An initial state is assigned to each agent based on the start time of the analysis. For this purpose, the software 
considers the time periods an agent is expected to be at home, at work, or commuting. For example, if the start 
time is later than the time to work of an agent, but earlier than the agent is expected to be at the workplace, 
then the initial state is set as driving from home to work. The elapsed duration of the state is also calculated, 
and the state variables are set accordingly. For example, if the start time is 5 mins after the time to work of an 
agent and if the total commute duration is 15 mins, then the elapsed duration of the initial driving state is set 
as 5 mins and the distance travelled is set as 1/3 of the travel distance. While assigning the initial state, the 
initial battery charge level is also controlled to ensure that it is sufficient to complete the assigned state. 

Currently, it is assumed that sufficient charging points are available at home and workplace locations, as these 
locations are only known as regions (e.g., postcode zones) that prevent the assignment of specific capacities. 
To describe different recharge behaviours, recharge behaviour functions are utilized that define the willingness 
of an agent to recharge given the current charge level of the car. Each behaviour function is defined by a list 
of charge percentage vs recharge probability values that are interpolated for intermediate charge percentages. 
This allows non-linear rechange behaviours to be described easily. The software has the following options to 
assign recharge behaviours to agents: 1) a single behaviour for all agents, 2) random distribution of behaviours 
to the agents, and 3) random distribution of behaviours based on a predefined probability for each behaviour. 

Conclusions and Discussion 

The developed framework to simulate the commuting and recharge behaviours of EV owners allows estimation 
of the spatiotemporal distribution of EV recharge needs, hence the required charging capacity. Because the 
framework allows alteration of physical (e.g., charge capacity) as well as physiological (e.g., willingness to 
recharge) parameters, it can facilitate the planning and development of local or regional infrastructure to serve 
the needs in an effective and cost-efficient manner. Various scenarios, including socio-economic incentives to 
motivate people to follow certain recharging behaviour (e.g., the low cost during night time, high cost in case of 
extended recharge at the workplace), can be easily tested by using the developed open-source software. 

The agent-based approach of the framework allows detailed analysis of the recharge needs of individuals but 
also enables the calculation of aggregated results for designated regions. The software implementing the 
framework can simulate a high number of agents and can scale up easily provided that sufficient computing 
resources are available. Therefore, it is suitable to perform simulations not only at a small scale (e.g., city level) 
but also at a large scale (e.g., country level). Depending on the precision required, the time step of the analysis 
can be altered to speed up the computation. The capability to simulate state transitions within each time step 
for states with definite durations helps to improve the accuracy in the case of large time steps. 

Although it is currently not utilised for analysis, the framework also allows all parameters related to agents 
(e.g., commute times, car properties, recharge behaviour, etc.) to be altered dynamically during an analysis. This 
capability, together with the state history of the agents, can be exploited to generate more complex simulations, 
during which the agent states can be altered based on previous actions of the agent, as well as the actions of 
other agents (e.g., commuting the same route). Because the framework is time-aware (i.e., knows the day of 
the week and time of the day), it can also be extended to simulate not only commuting during workdays but 
also travelling during the weekends and other holiday periods. The modular and object-oriented architecture of 
the software allows easy modification of the analysis logic by introducing additional actions (e.g., shopping) and 
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locations (e.g., shopping malls). Hence, it can be enhanced through additional analysis components in the future, 
also through the involvement and collaboration of all interested parties thanks to the open-source approach. 

Currently, we are working on two case studies to demonstrate the capabilities of the framework. The first case 
study is a regional study in the Overijssel province of the Netherlands located in the eastern part of the country 
with a population of 1.2 million people. The second case study, which is larger in extent, includes all provinces 
of the Netherlands that correspond to about 17.5 million people. For estimating the number of EV trips within 
these networks (i.e., the number of agents), we use a four-stage travel demand model (de Dios Ortuzar and 
Willumsen, 2011) based on MobiSurround (Tutert and Thomas, 2012). The four-stage transport model partitions 
the network into different postal code zones (neighbourhood level, so-called PC4 level), using land-use and 
socio-economic data to estimate the motive-dependent trip volume originating in each zone. Using a so-called 
deterrence function that aims to reflect an increased resistance to travel longer distances in general (de Dios 
Ortuzar and Willumsen, 2011), a gravity-based model determines the total commuter trips between all pairs of 
zones (origin-destination matrix) (Thomas and Tutert, 2013). We estimate, per origin-destination pair, the shares 
for cars, active modes (mostly cycling), and public transport (train); and utilise the shares for cars. These case 
studies will allow us to test the scalability of the framework and fine-tune the performance of the software 
implementation. 
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Introduction 

Local and regional authorities make a point of evaluating the impact and effectiveness of certain policy 
measures. A subject of public interest today is the modal shift towards more eco-friendly modes of transport, 
including vehicle electrification. It is essential to understand the extent to which today's mobility would be 
compatible with electric vehicles (EVs), and what adjustments need to be made to ensure a smooth transition 
to an increasingly low-carbon mobility. 

The use of Floating car data (FCD) is gradually spreading in mobility research. It provides valuable information 
and is therefore often used in addition to magnetic loop detectors or cameras to measure the flow and average 
speed of road traffic. Today, work is beginning on the adjustment of these data to predict traffic flows using 
machine learning models. However, these data could be used to go further in the analysis and understanding 
of mobility patterns on a given territory. Such data-based approaches are particularly promising to try and 
understand people’s behavior and traffic demand over a long period. They have the undeniable advantage of 
using real data, unlike studies based on traffic simulators data. 

It is clear that FCD present a bias as the tracked agents do not necessarily depict the mobility habits of the 
entire population on the analyzed territory. Yet, these approaches open the door to the characterization of the 
behavior of a non-negligible part of the population in a very precise and reliable way. This offers promising 
prospects for the analysis of the mobility of a pool of agents, even without statistical adjustment of our sample 
population. In our case, we will focus on the compatibility of agents to the possible adoption of EVs. 

The objective of this study is to predict the impact of a massive adoption of EVs on a given territory. To do so, 
we propose to use FCD as a proxy for mobility. A fleet of selected agents are tracked over a period of one 
month. The data recorded on their trips are then given as input to a microscopic mobility model to conclude on 
the compatibility of the agents with electromobility. An underlying question is what changes need to be made 
to the infrastructure, particularly in terms of number and distribution of charging stations to facilitate and 
encourage the transition to electromobility. 

Methodology 

The mobility data of more than 7000 agents is collected in March 2022 in the urban area of Lyon, France. These 
data are provided by Autoroutes Trafic18. They contain information on each stop such as its coordinates, its 
duration, the identifier of the agent who made the stop, the length and duration of the previous and next trips. 
To analyze the data in a consistent way, each agent is associated with a unique identifier. The study area is 
represented on the figure below. The red dots represent the public charging stations. Each agent resides in the 
study area, i.e., each agent spends the most time over the month in the study area. 

 

Source: Authors’ elaborations. 

                                                        

 

18 Autoroutes Trafic is a French company that develops connected vehicle travel data analysis solutions.  
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A first insight into the behavior of the agents corresponds to their monthly traveled distances. As represented 
on the figure below, all tracked agents travel between 50 km and 4000 km per month. 

 

Source: Authors’ elaborations. 

In this study, the following types of charging are possible for EVs: 

— Public charging stations (PCS): in one of the charging stations represented on the map above. The positions 
and electric powers of each charging point is available in the French national database19. 

— Home charging stations (HCS): hypotheses are made on the number of home charging stations and their 
distribution among agents. Each agent is assigned as home the area in which he/she spends the most time. 

— Workplace charging stations (WCS): Similar hypotheses are made concerning the number and distribution 
of charging stations in workplaces. Each agent is assigned the second zone in which he/she spends the 
most time as his/her workplace. 

Assumptions are also made about battery capacity, the threshold batteries states of charges (SOCs) at which 
agents seek to recharge their vehicles, and an average coefficient of electricity consumption per distance 
traveled. 

The mobility of each agent is then simulated according to the trips recorded in the FCD database, and it is 
assumed that each agent has adopted electromobility and is using an EV. A trip is allowed and completed only 
if the battery SOC is sufficient. In cases where the agent stops more than 30 minutes and wishes to recharge, 
he/she can do so in the following cases: 

— If the agent stops in an area where a public charging station is available. 

— If the agent is in his home area and has a home charging station. 

— If the agent is in his workplace area and has a workplace charging station. 

All agents who are unable to complete a trip assigned to them by the FCD due to insufficient battery SOC are 
then labeled as incompatible with electromobility, for the chosen set of hypotheses. As a result, an overall 
incompatibility rate for the simulation is defined as follows: 

휀 =  
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑔𝑒𝑛𝑡𝑠 𝑖𝑛𝑐𝑜𝑚𝑝𝑎𝑡𝑖𝑏𝑙𝑒 𝑤𝑖𝑡ℎ 𝐸𝑉𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑔𝑒𝑛𝑡𝑠
 

Results 

For a given set of parameters and hypotheses, different simulations are run for various numbers of HCS and 
WCS. As represented in the Figure below, the minimum incompatibility rate 휀 is naturally reached for maximum 
values of HCS and WCS.  

                                                        

 

19 https://www.data.gouv.fr/fr/datasets/fichier-consolide-des-bornes-de-recharge-pour-vehicules-electriques/ 
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Source: Authors’ elaborations. 

If our entire agent fleet switches to EVs, this incompatibility rate does not go below 15% with our simulation 
parameters. The reason is that very long-distance drivers would need customized solutions: alternative engine 
type, higher battery capacity, additional PCS, etc. 

As it is and with individual HCS and WCS (only PCS are shared), we notice that HCS seem to have a more 
percussive impact on the decrease of the incompatibility rate. This can be explained by the fact that agents 
park more often in their home area than in their workplace area. Today, with the current infrastructure, the 
incompatibility rate would probably be around 20% for the selected agents. 

For the following, we assume the current network infrastructure. The analysis of the charging stations usage 
leads to the electrical power demand. It is detailed for each type of charging on the figure below. It appears 
that the highest power demand corresponds to home charging, although we assume 3 kW HCS and 7 kW WCS. 
The electric power of PCS is given by the French national database. As expected, there is a daily phase shift 
between the peak power demand on HCS and WCS. For all types of charging, the power demand on weekends 
is lower than on weekdays. This is even more striking for WCS. 

 

Source: Authors’ elaborations. 

 

Conclusions 

This study proposes to use actual travel data from a fleet of agents to conclude on their compatibility with 
electric mobility. Different hypotheses are made regarding the network charging infrastructure, the recharging 
behavior of the agents and the capacity of their EVs. An overall metric, the incompatibility rate, is introduced to 
track the number of agents that would need additional efforts to be compatible with EVs. To understand the 
behavior of agents from the perspective of the charging infrastructure, the power demand of the different types 
of charging stations is monitored over time. 

The following steps of this work are: 

— A sensitivity analysis on the parameters to understand which ones have the most impact on the 
incompatibility rate. 
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— A transposition of these results in terms of incompatibility rate as a function of the EV penetration rate. 

— An analysis of the results in the context of a mutualization of charging stations, especially at work. 
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Introduction 

The planning of battery electric buses (BEB) for urban public transport is a crucial topic for many cities around 
the world. The local bus operators are experts in the planning process of daily operations, but the BEBs have 
very different requirements and constraints for their operation. And although many cities have transitioned a 
fair number of vehicles to electric drives, the know-how for optimal energy-efficient planning is still limited. 

There are a multitude of approaches to simulate energy demand for electric vehicles based on traffic 
simulations (Papa et al. 2022). Many researchers choose the open-source solution SUMO (Validi et al.) to 
generate trajectories. The authors of (Maia et al.) implemented an energy model for SUMO and integrated it 
into the codebase.  In (Koch et al. 2021) a model is proposed which can predict the energy demand based on 
the Worldwide harmonized Light vehicles Test Cycle (WLTC). (J. Macedo et al. 2013) proposed an architecture 
to couple SUMO and MATLAB to model energy demand of electric vehicles. (Sagaama et al.) propose a more 
accurate energy model for EVs with focus on recuperation.  Other investigations for private vehicles where done 
in (Schlote et al. 2012), (Kurczveil et al. 2014) and (Topić et al. 2020), but all the mentioned approaches rely on 
the speed profiles provided by the traffic simulation tool. 

With the detailed analysis of tracking data for battery electric buses (BEB) in this paper we saw major 
differences in the acceleration patterns. And since the energy consumption from the simulations can only 
correspond to the actual energy demand of a bus if the speed profile has the same characteristics as the actual 
bus, it is worthwhile to optimize the acceleration behavior in the simulation (Ranta et al. 2016). Due to the 
randomness of the traffic, the speed curve generated in the simulation tool will never be the same as in real 
life as was found in (Ranta et al. 2016), but the goal is to achieve a speed profile that is as realistic as possible. 
(Validi et al.) also found that some major differences in the energy prediction stem from inaccurate modelling 
of acceleration and deceleration. In (Xu et al. 2021) and (Zhang et al. 2020) improved movement patterns for 
electric vehicles are developed. 

Those findings motivated the presented methodology to calibrate the SUMO traffic simulation for realistic 
movement patterns and calculate the energy demand with a powertrain model. The powertrain model is 
described in (Würtz et al. 2023), which enables a very detailed prediction of the energy demand for all vehicles 
during the whole day operation. In this paper, an approach is presented which enables the validation of new 
routes for battery electric buses in a traffic simulation environment (SUMO).  This allows the optimization of 
battery sizes and charging infrastructure for new bus networks as described in (Würtz et al. 2022). 

Methodology 

The described approach of this paper consists of a feedback loop between the traffic simulation and the 
evaluation against tracking data from real buses. For this paper the Open-Source Traffic Simulation SUMO 
(Behrisch et al. 2014) was chosen. As shown in Fig. 1 the speed values from the tracking data obtained from 
electric buses operated in Göttingen, Germany is used to calibrate the vehicles parameters like acceleration and 
deceleration as well as the driver behavior represented by a car-following model. We chose the EIDIM Model 
developed in (Salles et al. 2022), since it provides the best customizability from the available built-in models. 
For the calculation of the powertrain energy demand the model developed in (Würtz S. 2023) is used since it 
allows for accurate energy values and can incorporate detailed information about passenger load, vehicle types 
and the topology. 
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Figure 75. Overview of the Methodology. Tracking Data is used to calibrate the vehicles and driver behavior within SUMO. 
The Output is used to predict the energy demand for specific bus routes. 

 

This approach forms the basis for the virtual testbed for BEB planning, since it enables the planner to setup 
new bus routes and get reliable data about the required energy demand on a second-by-second basis, which 
enables the planning of battery size as well as location and dimensioning of charging infrastructure. 

Results 

To evaluate this virtual testbed for BEBs we chose an existing route in Göttingen, where we have tracking 
data for the bus as well-as the actual energy demand. 

Figure 76. Analyzed bus line with the color indicating the vehicle speed. Left: Speed profile from SUMO simulation. Right: 
Speed profile from the actual bus 

 

In Fig. 2 the route is shown on a map indicating the speed throughout the route after the proposed optimization. 
Except for a deviation on the upper right part where the simulated bus strictly adheres to the speed limit of 
10km/h the speed profile is very similar. In Fig. 3 we show the different histograms of speed values for the 
simulation runs. In blue the data from the tracked bus is shown the other histograms show different stages of 
the optimized vehicle behavior. 

The default vehicle behavior has two major peaks around 30km/h and 50km/h which correspond to the speed 
limits on most streets, this is still true when we adjusted the acceleration and deceleration parameters for the 
electric buses. This shows that the default SUMO model has an extreme driving behavior with very fast 
acceleration and deceleration. One major improvement was possible by calibrating the EIDIM car-following 
model, which mostly eliminated those peaks in the histogram, further improvements can be achieved by 
optimizing the behavior around traffic lights (GLOSA) and the speed at turns and junctions (junction_speed). 
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Figure 77. Left: Histogram of the different simulated bus trips and the actual measured bus trip. Right: The energy 
demand according to the energy prediction model for the tracking data, default behavior of sumo and the final optimized 

version of the simulation 

 

A final improvement which also improves the computability is the usage of ballistic calculation of the vehicle 
trajectories compared to the Euler method implemented within SUMO. 

To put all of this into perspective it is important to understand the impact of this on the energy demand. In Fig. 
3 on the right side the computed energy demand is shown for the tracking data (35,748 Kilojoule), the default 
SUMO model (41,285 Kilojoule) and the described optimized vehicle model (34,120 Kilojoule). The default model 
produces an error of 15% while the improved model has an error of 4.5% which is a significant improvement.  

Conclusion and Outlook 

This paper has the goal to propose an approach to enable reliable planning of BEBs in a traffic simulation which 
acts as the virtual environment. It was shown that the defaults for the vehicle trajectories from the traffic 
simulation SUMO, introduce significant errors.  With some fine tuning and optimization of the vehicle behavior, 
reasonable results can be obtained from the traffic simulation. This can be used for planning of new bus 
networks considering many aspects, like energy demand, impact of traffic on delays and the resulting charging 
times at terminal stations. 

In future works we want to investigate the impact of traffic within the virtual environment and consider a 
custom Car-Following model to address the needs for accurate energy prediction better. Another improvement 
can be expected by applying the optimization to the whole bus network instead of a single route. 
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Introduction 

Electric vehicles (EVs) have been widely recognized as an auspicious way to curtail the green house gas 
emissions produced by road transportation. As a result, many governments have promulgated incentive policies 
to promote the mass adoption of EVs. International Energy Agency (2021) reports that EVs on the world's roads 
at the end of 2020 have reached 10 million, following a decade of rapid growth, and simultaneously, electric 
car registrations have increased by 41% in 2020, despite the pandemic-related worldwide downturn in car sales 
dropped by 16%. 

However, there are several obstacles that hinder the adoption of EVs on a larger scale. Among them, the range 
anxiety maybe the most momentous challenge, which reflect the fear of running out of energy before reaching 
the destinations or charging stations, since the driving range of EVs is often unstable, which can be affected by 
multi-factors (Xu et al. 2020). In practice, an efficient way to popularize the EVs, especially for the long inter-
city trips, is to reasonably plan fast-charging stations over the traffic network. This motivates us to investigate 
the optimal planning problem of fast-charging stations, that is, determing where to build the fast-charging 
stations and how many charging plies to be installed in each fast-charging station. 

The planning problem of fast-charging stations have been studied in several context, in which the charging 
demands of EVs are the crucial ingredients. In practice, the distribution of uncertain charging demands is often 
unknown, which has posed challenges to the stochastic modeling approach. Instead, massive amount of data 
is routinely available in transportation networks, for which the distributionally robust optimization and chance-
constrained programming approach are more suitable. Wu and Sioshansi 2017 employs the sample average 
approximation approach to deal with the uncertain charging demands, where the distribution of the charging 
demands is no longer required.  Instead, it only uses the data of charging demands to formulate the planning 
model. Zhou et al. 2020 develops a distributionally robust optimization planning model based on Φ-divergence, 
where the potential distributions of uncertain charging demands are estimated using their available data. 

In this study, we leverage a data-driven paradigm to establish a chance-constrained programming model for 
the planning of fast-charging stations on the basis of the multicommodity flow mode. We separate the original 
planning model into multiple disjoint sub-components corresponding to the O-D pairs in the transportation 
network, which are facilitate to be implemented in a decentralized manner using parallel machines. We apply a 
scenario-based approach as well as a big-M coefficients generation algorithm to reformulate the programming 
model into tractable one, then use the Dantzig-Wolfe decomposition method to find its optimal solution, where 
the master problems and subproblems are one-to-one. Each possesses a moderate scale of decision variables, 
which makes it conducive to improve the computational performances. 

Methodology 

We consider a traffic network , where  is the set of nodes and  is the set of edges. We denote 

 be the set of O-D pairs, which is indexed by . For an O-D pair , we denote its origin and destination by 

 and , respectively. We denote the set of edges between O-D pair  be . It should be mentioned 

that   includes not only the edges in , but also the virtual edges generated by accounting for the limited 

driving ranges using the expanded network approach (MirHassani and  Ebrazi 2013).  Based on the 
multicommodity flow model, we formulate the following model for the planning problem of fast-charging 
stations  

                                                                             (1) 

               (2) 
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                                            (3) 

                                                                                 (4) 

                                                                           (5) 

                                                                                    (6) 

                                                          (7) 

where  and  are the cost for building fast-charging station and installing charing piles, respectively; 

 is the uncertain charging demand between O-D pair ; is the upper bound for the charging plies in each 

fast-charging station;  is a binary variable that represents whether a fast-charging station is built at node 

;  is a integer variable that represents how many charging piles are installed in each fast-charging station;  

 is a continuous variable that represents the proportion of charging demands between O-D pair  allocated 

from node  to node . This model aims to minimize the total cost for planning the fast-charging stations. 

Constraint (2) is the flow-conservation conststraint; Constraint (3) is the chance-constraint which guarantees 
the probability that the EVs successfully get charged in a fast-charging station at least reaches a specified 

service level . Constraint (4) bounds the number of charging piles installed in each fast-charging station; 

Constraints (5)-(7) restrict the decision variables. 

The uncertain charging demands between O-D pairs are difficult to be accurately evaluated in reality. Thus, we 

resort to a scenario based reformulation. We denote  be the finite set of all possible scenarios of , which 

can be obtained by applying the sample average approximation to the available data of uncertain charging 

demands. We denote the realizations of  by . We further introduce an auxiliary binary 

variables  to reformulate Constraints (3) into their linear counterparts, where  if fast-charging 

station at node  satisfies the allocated charging demands in scenario , that is, the th chance constraint is 

satisfied, and otherwise. Then, a tractable reformulation can be expressed as follows: 

                                                                                                                   

                                                                                                                                                         

                                                      

                                             

                                                    

where  is a big-M coefficient that is obtained by a generation algorithm used in Zhang et al. 2020. 

In order to improve the computational efficiency, we separate the problem into Q sub-components with respect 
to to the Q O-D pairs, then apply the Dantzig-Wolfe decomposition to find the optimal solution of each sub-
component. At last, we obtain the optimal solution of original problem by  synthesizing the optimal solutions of 
the sub-components. Our method is different form the existing works, in which the master problem and the 
sub-problem is one-to-one for each sub-component, while the existing works employs one master problem and 
several subproblems. 
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Results 

We test the proposed model in a hypothetical 25-node network shown in Figure 1. The number labelled in each 
edge represents its length. Every node is considered as origin, destination and candidate site for the fast-
charging stations, yielding totally 600 O-D pairs and 25 candidate sites. We suppose that the EVs start their 
trips with fully charged batteries. We investigate 10 scenarios of charging demands between O-D pairs. In each 

scenario, the charging demands between each O-D pair are equal, that is,  

Figure 78. The 25-node network 

 

Source: Authors’ elaborations. 

The solving algorithms are coded in Matlab R2017b calling YALMIP (version: R20210331) using CPLEX 12.10 
on a Windows machine with Intel(R) Core(TM) i9-11950H and 64 GB RAM. The building cost of the fast-charging 
stations and the installing cost of the charging piles are set to be 100 and 10, respectively. The upper bound 
for the charging plies is set to be 800. 

To evaluate the performance of Dantzig-Wolfe decomposition, we consider one service levels 0.4, four driving 

ranges 8，9，10 and 11. We compare the cpu time between the CPLEX solver and our Dantzig-Wolfe 

decomspotion. Note that there are totally 600 subcomponents in our model, it is impossible to put all of the 
runtime in one table. Thus, we perform four curcial indexes of the runtime for the 600 componments, which 
include the maximum, the median, the average and the minimum. 

Figure 79. Results of scenario-based reformulation in 25-node network with α=40% 

 Performance of CPLEX Performance of Dantzig-Wolfe decomposition 

Driving 
Range 

Runtime (in Sec.) Runtime of MP（in Sec.） Runtime of SP（in Sec.） 

Max. Med. Ave. Min. Max. Med. Ave. Min. Max. Med. Ave. Min. 

8 42.14 12.90 15.40 0.09 0.21 0.14 0.15 0.12 0.32 0.20 0.21 0.14 

9 48.81 10.72 14.36 0.11 0.29 0.19 0.19 0.16 0.33 0.25 0.25 0.18 

10 52.84 10.45 13.77 0.10 0.73 0.23 0.23 0.20 0.62 0.29 0.29 0.22 

11 57.13 9.07 10.92 0.14 0.37 0.27 0.27 0.24 0.47 0.33 0.34 0.27 

Source: Authors’ elaborations. 
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Table 1 illustrates the simulation results. We observe that Dantzig-Wolfe decomposition significantly reduces 
the runtime for the planning model when compared with the CPLEX solver. We can also observed from Table 1 
that for the driving range impacts the runtime of CPLEX significantly. The reason is that longer driving range 
can induce more virtual edges in the expanded network, which means that more decision variables are 
encountered in the planning model. On the contray, the Dantzig-Wolfe decomposition method is insensitive to 
the increase of decision variables, because we decompose the original planning model into Q sub-componments, 
each of them has a moderate size, which increases the computational efficiency of Dantzig-Wolfe 
decomposition. 

Conclusions 

We establishes a chance-constrained programming model for the planning problem of fast-charging stations. 
By applying the sample average approximation to the available data of uncertain charging demands, we get 
several scenarios of the charging demands. Then, we propose a scenario-based tractable reformulation of the 
chance-constrained programming model. We then utilize the Dantzig-Wolfe decomposition to find the optimal 
solution. At last, we present a numerical example to test the efficiency of the proposed methods. By comparing 
the runtime, we show that our method is more efficient than the CPLEX solver. 
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In this study, we propose an analytical model based on queuing theory and the continuous approximation 
method to efficiently estimate waiting and detour times associated with public charging for electric vehicles in 
a city-wide context, which directly influences the level of service of charging infrastructure system. The model 
considers spatial heterogeneity and evaluates three different scenarios for assigning electric vehicles to 
charging stations: (i) nearest station assignment; (ii) optimal station assignment within a search area; and (iii) 
optimal station assignment within the entire area. We verify the adequacy of the model through a comparison 
with Monte Carlo simulation results. In addition, we identify optimal scenarios under various circumstances 
through sensitivity analyses. 
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Introduction 

The demand estimation and prediction problems have been studied intensively in the literature for several 
decades. However, due to the complexity and difficulty to observe directly the (origin-destination) OD flows 
along all possible routes in the network, the problem still entails significant challenges. Dynamic OD estimation 
methods are usually categorized as offline, which refer to the manual estimation (or calibration) of a set of 
time-dependent OD matrices given a set of available time-series of link traffic counts, and online approaches, 
used in the context of real-time traffic management and route guidance. Online approaches aim at predicting 
future OD flows given real-time traffic information from the network as it becomes available, providing fast 
estimates for recent time intervals with predictions for future time intervals (Antoniou et al., 2016). 

Online dynamic OD demand estimation is a very challenging problem due to the non-linearity and observability 
issues associated with the demand estimation problem (Castiglione et al., 2021). The Kalman filter (KF) 
algorithm (Kalman, 1960) has been commonly used to estimate online dynamic demand (e.g., Antoniou et al., 
2007; Liu et al., 2020). The algorithm solves a least-square problem in an incremental way, allowing for the 
update of the unknown time-dependent OD flows as additional traffic data become available. Krishnakumari et 
al. (2020) propose a data-driven method to estimate OD flows without the need for an iterative dynamic 
network loading using link speed and flow measurements and deriving path travel times. 

Current advances in data-driven methodologies using deep neural networks have been tested at large in traffic 
supply forecasting (cf. among others, Yu et al., 2017; Cheng et al., 2018; Fang et al., 2022) seeking to explore 
spatial-temporal dependencies inherent to traffic. Yet graph neural networks (GNNs), which seem to be the 
most suitable representation of a traffic network, have not been as extensively investigated for demand 
forecasting (cf., Jiang & Luo, 2021). When real-time intelligent transport systems (ITS) systems require the use 
of simulators to test ad-hoc response plans for traffic control centre20 to swiftly react to an unplanned event, 
demand prediction tasks are still addressed using traditional methodologies, such as KF. Hence, a big gap is 
faced between advances in deep learning (DL) and real-world real-time implementations in ITS involving data-
driven demand forecasting.  

In this paper, a preliminary proof of concept is presented where a GNN architecture is used to predict aggregated 
demand generated at origins (in the OD pair matrix). Synthetic data, created offline in simulation, has been 
used to test several configurations in a controlled experimental DL setting. Based on Zhang et al (2019) good 
results in traffic supply forecasting, a spatial-temporal graph attention network (ST-GAT) architecture is used 
for our experiments. This type of GNN architecture has been adapted to predict in a supervised way the demand 
at time t (in all origins generating vehicles) using traffic data from the previous hour (t-1) from all sections 
aggregated in 15-minute intervals and modelling centroids as part of the graph adjacency. 

The data used for the DL experiments comes from a network21 with around 3000 sections and 500 centroids 
developed and calibrated at mesoscopic traffic flow resolution. A three-hour peak afternoon period (from 15:15 
to 18:15) with a total demand of 213,859 vehicles was selected from the network, and a demand warm-up of 
30 minutes was included. The original time-dependent origin-destination (OD) matrix based on 15-minute 
intervals is considered as the base demand matrix (with a total of 27,787 OD variables along all the time 
intervals) for the experiments. Demand perturbations were then applied by changing the vehicle generation 
modifying an exponential random seed. As a result, twenty-three perturbations were generated, and simulations 
were run in Aimsun Next (Aimsun, 2022) to extract traffic counts (vehicles/15min.) and travel times at all 
sections to be further used as input to the supervised ST-GAT experiments.  

                                                        

 

 

 
21 We cannot disclose the name of the network used due to privacy related issues. 
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The data was processed by adding all demands generated at each origin and time and the formats were 
converted to the requirements of the GNN (built on PyTorch Geometric22). The graph dataset composed of 184 
samples was split into train, validation, and test sets as described below for each experiment. In our 
experiments, ‘true’ demand is the aggregated demand per origin at time t used in the test samples of the 
dataset23. Note that supervised DL algorithms need a test set with ‘true’ (or reference) labels to evaluate their 
task performance. As we are testing the adequacy of the DL approach and not its applicability in simulation, 
our evaluation reports the results from the DL experiment. 

The ST-GAT architecture proposed by Zhang et al. (2019), cf. Figure 80 has been adapted to the demand 
prediction task. Zhang’s architecture consists of two main blocks: 1) the spatial block comprises the GAT to 
model the geometry of the network; and 2) the temporal block uses a Recurrent Neural Network (RNN) block 
with two layers of Long-Short Term Memory (LSTMs) to model the flow as a vector of time features from the 
previous hour in 15-minute intervals (i.e., t-60, t-45, t-30, t-15 as a time feature vector and t as the class to be 
predicted) across the whole network. 

Figure 80. ST-GAT architecture used in the experiments 

 

Source: Zhang et al. (2019). 

Our experimental design varies from Zhang’s in the geometry of the network which includes centroids and all 
sections as nodes (instead of only sections with detectors), and their adjacency as edges of each graph. We 
furthermore model the type of nodes (sections, origins, destinations) as a one-hot encoded vector, and include 
travel times and base demand in the last experiment. 

Three experiments were run to explore the potential of this architecture for the demand prediction problem. In 
all experiments, a supervised transductive learning methodology for node regression is deployed. 

— Experiment 1: flow information from the previous hour is used at sections to predict demand at centroids 
modelling the type of node (i.e., section, origin, and destination) as a one-hot encoded vector of features. 
Train, validation, and test sets were extracted from the total 184 samples (23 replications by 8 time 
intervals) using all (i.e., 8) time intervals in the last replication for testing and shuffling the rest for training 
(160 samples) and validation (16 samples). 

— Experiment 2: the same setup as in experiment 1 is used. Train, validation, and test sets are split in this 
experiment according to timestamps. Therefore, 23 samples corresponding to the first timestamp in the 
timeseries is used for testing, 23 samples from the last timestamp for validation, and the rest 138 samples 
for training. 

— Experiment 3: the same experimental design as in experiment 2 is used, changing the graph geometry to 
model travel time between sections, and using base demand from the previous hour in the feature vector 
of origin nodes. 

Scatter plots depicted in Figure 81 show the correlation between ‘true’ or reference demand (x-axis) and 
predicted demand24 (y-axis) in all experiments. The dots in these figures represent the total demand generated 

                                                        

 

22 https://pytorch-geometric.readthedocs.io 
23 ‘True’ demand in the context of this paper should not be confused with base demand or real demand in the context of simulation or 

calibration of a transport model. 
24 ‘True’ demand is the class to be predicted from the test dataset, and predicted demand is the algorithm’s estimation using the model 

trained on the rest of the data. 

https://pytorch-geometric.readthedocs.io/en/latest/
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at a given origin and time interval. Root mean squared error (RMSE) was computed for each experiment and 
results are presented in Table 17. 

Figure 81. Results comparing gold (x-axis) and predicted (y-axis) values in each experiment 

 

Source: Authors’ elaborations. 

Table 17. Root Mean Squared Error (RMSE) of experiments (in %) 

Experiment 1 Experiment 2 Experiment 3 

1.0% 1.0% 0.4% 

Source: Authors’ elaborations. 

Results show that RMSE improves from the first to the last experiment, which implies that proposed modelling 
and ST-GAT architecture have a considerable potential for predicting aggregated demand at origins in 15-
minute time intervals when simulated data is used for training. We need to bear in mind, though, that the 
experimental setting uses quasi-perfect data with a full coverage over the network, i.e., we have counts at all 
sections, as well as travel times, and base demand which may certainly not be available in a real online dynamic 
OD prediction setup. Given the perfect nature of the data, we must admit were expecting that results showed 
even better performance. However, it can be observed in the plots that, even though the scale of the predicted 
values is in line with what could be expected, the model keeps predicting the same value within specific ranges. 
For example, experiment 3 and 4 show that all reference values (‘true’ demand) between 1,000 and 1,200 are 
always predicted as 1,000 regardless of the replication and/or time interval used for testing. Such limitation 
may be due to the inherent difficulty of the demand prediction task, very low number of training samples, or 
deficiencies in the architecture that need to be further explored. 

Future work will include modelling directionality of OD pairs as path information in the GAT block of the ST-GAT 
architecture to be able to predict demand at each time interval and OD pair. We will also carry out a proof of 
concept in the context of TANGENT H2020 project with data from the pilot use cases. 
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Introduction 

We all need transportation and its infrastructure not only to manage our daily tasks but also because few 
economic resources are located just where we would want them. However, transport is also a source of 
numerous negative externalities, such as road accidents, congestion in urban areas and lacking air quality. 
Transport is also a sector substantially contributing to climate crisis with more than 16% of global greenhouse 
gas emissions being a result of transport activities (Ritchie et al., 2020). Nevertheless, even though transport 
might be a necessity, its negative impacts could be limited or, some of them with a right approach, could even 
be avoided entirely. 

Like in numerous other sectors we can turn to innovation to secure better efficiency of the overall system, and 
while transport has been stable for the second part of the XXth century, today there are numerous new mobility 
solutions enabled by connectivity, automation, and electrification (Alonso Raposo et al., 2019). Electrification of 
the transport solutions coupled with development of renewable energy sources could result in lower greenhouse 
gas emissions as well as better air quality (Alonso Raposo et al., 2019). While connectivity and automation 
could lead to a safer and more efficient road environment, reducing number of accidents and lowering 
congestion in urban areas (Litman, 2023). The most awaited transport innovation is of course an autonomous 
vehicle (AV), which would have the automation connectivity and electrification at its core. 

Nevertheless, with each introduction of a new mobility service we can observe factors that could negatively 
contribute to the sustainability of the transport system – a chain of behavioural changes caused by introduction 
of entirely new possibilities. The literature review performed for the purpose of the study showed that 
introduction AVs could have a substantial impact on the way we behave (Garus et al., 2022). The identified 
behavioural changes caused by AVs are presented in a graphical manner on Figure 1 hereunder. 

As transport system is heavily integrated with various other systems in urban areas and results in numerous 
negative implications there is a need to anticipate the possible triggered behavioural changes before, they arise 
causing a further depletion in overall urban sustainability. Such anticipation is usually done via transport 
modelling. Nevertheless, the today’s modelling tools are often not agile enough and highly aggregated which 
complicates representation of new mobility services and the reaction to their deployment. Hence, for all reasons 
mentioned previously the first objective of the study is to identify how the introduction of new mobility services 
can impact the societal and environmental transport externalities. In particular, the objective is to develop and 
validate a modelling framework able to capture the complexity of the transport system and to apply it to assess 
the potential impact of a shared autonomous vehicle – SAV. However, preparation of the model led to discovery 
of an unexplored component, namely the personal parking preferences of a privately owned AV. Uncovering 
those preferences became a second objective of the study. 

Figure 82.  Categorization of behavioural changes triggered by SAVs 
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Methodology 

In achieving the first objective a focus was put on an environmental rebound effect – environmental implications 
of introduction of SAV based service. The research mainly focused on investigating how the sizing of the fleet 
could impact the environmental rebound effect, as well as, which of the identified behavioural changes (Figure 
1) would have the highest contribution to the negative externality. In the research we chose to use an agent-
based demand estimation coupled with traffic microsimulation to investigate the performance of SAV-based 
systems in the context of a case study in Santander, Spain. An activity-based model allows to represent 
decisions of individuals based on their socioeconomic profile. By doing so, agent-based models are used to 
capture short and medium effects of transport policies. The activity-based demand estimation was employed 
in SimMobility - an open-source activity-based simulation platform (Adnan et al., 2016). In the study a fraction 
of SimMobility was used - a Pre-day simulator. The Pre-day module is an ABM, used to obtain daily activity 
schedules of the entire synthetic population, including the timing (arrival time and departure time) of each 
activity at a resolution of 30 min, the destination at zonal level and the travel mode for each tour (Oh et al., 
2020). The Pre-day simulation generated activity schedules for everyone in the population. The information was 
then processed using a Python script to represent the trip-chains of individuals in OD matrixes accepted as a 
demand input by the used traffic simulator – Aimsun Next (Aimsun, 2023). The traffic in Aimsun was simulated 
using microscopic traffic simulation with static path assignment combined with dynamic path reassignment for 
40% of all vehicles. 

For the second objective – to provide empirical evidence on the preferences of parking in the future, once new 
parking strategies, enabled by vehicle automation, emerge a stated preference survey was used. The 
respondents were confronted with four parking strategies: i) on-street parking nearby ii) dedicated parking area 
on the outskirts of the city iii) cruising and iv) sending AV back home with changing wait time for the AV and a 
parking pricing policy. The results of the survey were analysed through a mixed logit with latent variables. 

Results 

The results of the study show that the deployment of a SAV based service could be environmentally beneficial 
due to fleet electrification and sharing of rides. Nevertheless, behavioural changes could indeed lead to a 
significant rebound effect. The maximum obtained rebound effect resulted in 42% higher CO2 emissions. The 
behavioural change that resulted in the highest magnitude of environmental rebound effect was the induced 
demand caused by citizens participating in more nonmandatory trips. However, the negative environmental 
rebound effect could be minimised by an optimal fleet size. Such fleet size should facilitate that users willing 
to switch from private modes towards shared rides do so, while those opting for sustainable modes remain 
using them. Those results are illustraded on the figure 2 hereunder. Moreover, further land use policies could 
be used to support a sustainable uptake of SAVs. For instance, if cities were to follow the 15-minute city trend, 
which aims to secure all required services in a proximity to the residential area, the usage of SAVs for induced 
demand would be lower, as citizens would rather opt for an active mode on short trips as they do nowadays. 

Figure 83. Daily CO2 emissions in grams for analysed scenarios 
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As per the future of parking preferences four latent variables were found to significantly impact the decision 
about the preferred parking option: environmental concern, innovativeness, AV acceptance and support for 
sustainable car-free cities. The results suggest that trusts towards AVs and innovativeness increase the 
probability of choice of unconventional parking strategies like allowing the vehicle to cruise or sending it back 
home. Therefore, whilst the massive deployment of AVs may still be a long way ahead, it is important to already 
encourage sustainable attitudes towards mobility in order to mitigate the risk of future negative externalities 
related to the uptake of those vehicles. 

Conclusions 

Overall, the main purpose of this research was to investigate how the introduction of new mobility services 
could impact the negative externalities of transportation. The results suggest that technology in this case could 
not solve all issues arising from transportation but could only support a sustainable transition. Along, the 
technological development a citizen and sustainability focused policy making is needed. However, if the 
deployment of transport services is to seriously lower the negative externalities a collaboration between service 
providers, regulators, citizens and academia is needed. In that way the services could be codesigned in living 
laboratories, where citizens could have a say in their development. Such procedure could be the most effective 
in terms of securing the sustainable transport sector in the future. 
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Introduction 

Group travel is where more than one person travels together for a specific purpose. Group travellers are involved 
in interpersonal interactions and need to coordinate their schedules and preferences; they can be from the same 
or different households. Understanding group travel can inform the design and deployment of transport 
infrastructure and services. In particular to emerging on-demand mobility such as ridesharing, or shared 
autonomous vehicles (SAV), the correct estimation of group travellers is crucial for understanding their impacts 
on the transport infrastructure, e.g., in sizing fleet of vehicles or pricing and subsidy schemes. Also, SAVs would 
disrupt how people currently travel together. Newer group travel patterns may form as specific trips that usually 
facilitate group travel may change, for example, a person that may have required an escort may no longer need 
it, or friends may find it much more convenient to use an SAV. 

Even with the growing importance of on-demand mobility, group travel is barely considered when modelling 
existing ridesharing services, even though these services have been shown to occur majorly during the weekends 
and for leisure trips where persons are more likely to travel in groups (Gehrke et al., 2021). The Swiss 2015 
household travel survey (HTS)25 shows that most weekend trips have a higher percentage of car passenger trips 
(about 19%) compared to weekdays (9%). The richer 2008 French National HTS data26, shows that 64% of 
group trips are made within households, out of which 80% were made by car, 16% by walk and 3% by public 
transport (PT). For non-household group trips, 70% by car, 19% by walking and 8% by PT. Clearly, families or 
groups of friends tend to travel together and carpool. This makes it crucial to consider group travels when 
considering ridesharing services in travel demand models. 

Agent-based models, have proven to be a powerful tool for modelling complex problems related to travel 
behaviour at the microscopic scale. With these models, policies and operational decisions for on-demand 
mobility that could directly impact travellers can be modelled to manage travel demand. However, the 
representation of group travel in these models is limited. This is because of the difficulty in identifying group 
travellers from most HTS data, resulting in agent-based and activity-based transport models where group 
travellers are separately modelled. In the past, there have been travel demand models related to group travel 
which focus on the household as the basic unit of analysis (Axhausen & Gärling, 1992; Arentze & Timmermans, 
2009; Kang & Scott, 2008). However, these models address the interrelationship between individuals’ travel 
behaviour with little focus on group travellers. Group travel has been studied from the aspect of familiar 
strangers, where smart card data from transit trips are used to identify social encounters (Sun et al., 2013) or 
those travelling together (Zhang et al., 2018). However, these studies are either limited in their focus on PT or 
have not been translated to modelling emerging mobility scenarios. Carpooling, considered a form of group 
travel, has been well-studied with a rise in models that match passengers to carpool drivers (Liu et al., 2020). 
These carpooling models place importance on the car driver’s needs which decide pooling. Only a few 
implementations of agent-based models have started to feature group travel (Mallig & Vortisch, 2015). 

Therefore, this study focuses on identifying group travellers for a given region where data on group travel is 
limited. The Swiss synthetic travel demand is used to identify potential group travellers, i.e., car drivers and 
passengers. A heuristic approach based on mixed integer linear programming is implemented to match car 
drivers and passengers while considering vehicle capacity constraints, and overall vehicle occupancy distribution 
of the region. Furthermore, an agent-based simulation model is set up to simulate ridesharing while considering 
group travel. This is to reveal the impact group travel can have on ride-sharing operational policies and the 
potential changes to group travel patterns with the use of SAVs. 

Methodology 

Group travel can be classified based on Furuhata et al. (2013)’s four patterns of ridesharing: identical, inclusive, 
partial, and detour ridesharing. For example, in identical ridesharing, both the origin and destination of the driver 

                                                        

 

(25) BFS, Mikrozensus Mobilitat und Verkehr. https://www.bfs.admin.ch/bfs/de/home/statistiken/mobilitaet-verkehr/erhebungen/mzmv.html, 

2015. 

(26) Ministry of Ecology, Enquête nationale transports et déplacements (ENTD) 2008, Publié le 05/12/2018  

https://www.statistiques.developpement-durable.gouv.fr/enquete-nationale-transports-et-deplacements-entd-2008 
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and passenger are the same. In partial ridesharing, the pick-up and drop-off locations of the passenger are on 
the way of the driver’s original route, but either the origin or the destination is not on the way. In this study, we 
first explore the problem of identifying group travellers as travellers with the same origin and destination and 
the similar departure time, using a car as their mode of travel, i.e., identical group travellers. The Swiss HTS 
surveys only one person per household and only captures when a person has taken a trip within a group, either 
as an accompanying person or as a car driver, including the number of people in the car. Information on whether 
they are from the same household or just friends is not captured. Using this information, car passenger trips 
have been identified and treated as their own distinct modes when generating the Swiss synthetic population 
for travel demand (Tchervenkov et al., 2022). In this study, we enrich a subset of the Swiss synthetic travel 
demand with information about group travellers based on the HTS. The focus is on Zurich city, extended by a 
buffer of 5km. The aim is to identify group travellers by matching car drivers and passengers using the Swiss 
synthetic travel demand for an average working day. The travel demand for Zurich is converted to a trip-based 
model, and only car and car passenger trips that start and end within the region are considered, leaving about 
500,000 trips with a ratio of car drivers to passengers of 1.51 for an average weekday. 

Matching 

Matching problems are not new, as they occur wherever there is a need for a proper allocation of resources. 
Online matchmaking, network flows, and uber/taxi pickup problems are a few examples. They are sometimes 
described as classical assignment problems or graph problems. In this context of driver-passenger matching to 
identify group travellers, the problem follows a minimum weight matching in a bipartite graph problem, where 
we can represent each driver and passenger as a node, and draw an edge between a driver and a passenger if 
they can be matched. The weight of each edge represents the cost of the matching, which could be based on 
factors such as the distance between the origins and destinations of the driver and passenger or the departure 
time required for the trip. The following are assumptions for the matching: 

— A travel group is made up of two or more persons, depending on the vehicle capacity, with only one person 
as a driver 

— Persons in a travel group may be within the same household or among friends 

— A travel group consist of persons whose trips have approximately the same departure time, point of origin, 
and destination 

Therefore, given two subsets, N and M, representing car passengers and drivers, respectively, the problem 
instance is described by an n X m matrix C, where each 𝑐𝑖𝑗  represents the cost of matching node i of the first 
subset, car passengers, and node j of the second subset of car drivers. The goal is to find a complete matching 
of the drivers and passengers at a minimal cost while also satisfying certain constraints. These 
constraints include limits on the number of passengers matched to a single driver and requirements on the 
occupancy distribution of the vehicles in the region. The cost, in Equation 1, is defined as the sum of the 
weighted difference in departure time and weighted distance cost (derived from the sum of the distance 
between origin of the driver and the origin of the passenger and the distance between the destination of the 
driver and the destination of the passenger). 

𝑐𝑖𝑗 = ∑𝛼𝑡𝑖𝑗 + (1 − 𝛼)𝑑𝑖𝑗      (1) 

where tij is the absolute difference in departure time between passenger i and driver j, and dij is the distance 
cost between passenger i and driver j. 𝛼 is a weight applied to the departure time differences and the distance 
cost. An 𝛼 value of 0.8 has been chosen to place more weight on time. The linear problem is thus formulated 
as follows: 

Minimize 

𝑚𝑖𝑛∑ ∑ 𝑐𝑖𝑗𝑥𝑖𝑗
𝑚
𝑗=1

𝑛
𝑖=1 ,  ( 𝑥𝑖𝑗 = 1 if passenger 𝑖 is matched with driver 𝑗 otherwise 0) 

Subject to: 

Each passenger is assigned one driver: i = 1,… , 𝑛∑ 𝑥𝑖𝑗 = 1
𝑚
𝑗=1  

Each driver is assigned at most 𝑘 passengers, j = 1,… ,m∑ 𝑥𝑖𝑗 ≤ 𝑘
𝑛
𝑗=1  

The problem can be seen as a variant of the classical assignment problem studied by researchers using various 
methods, including mixed-integer linear programming (MILP) and solvers such as Gurobi or CPLEX. However, 
the problem formulated above is not a standard matching problem, given that N and M can be as large as 
500,000 elements; solving this problem using a MILP solver can be computationally expensive and may not 
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scale well. Therefore, a heuristic method is proposed to solve the problem. The algorithm implements a greedy 
approach to find the minimum cost pairing between drivers and passengers by iteratively choosing the next 
best match. A match is considered best if it meets the following conditions: 

1. The driver has not reached the maximum number of matches. 

2. The cost of pairing with the current driver is lower than with any other driver. 

3. The number of matches for the current driver is within the specified vehicle occupancy distribution 
range. 

4. The number of drivers with the current number of matches is less than the occupancy distribution 
value for that number of matches. 

The code’s efficiency depends on the size of the cost matrix and the specific input data. The algorithm has a 
time complexity of O(n^2), where n is the number of passengers and drivers. To account for the size of the cost 
matrix, time bins are used to select driver candidates for matching. A minimum threshold for the number of 
candidates is set to ensure that there are adequate candidates for efficient matching. In this study, the threshold 
is at 30 for a 10 minutes time bin whereby drivers before and after the selected time bin are also considered. 
When the threshold value is not met, the time bin is expanded. In the results, we show validation of the matching 
model. 

Simulation Framework 

The multi-agent transport simulation framework MATSim (Horni et al., 2016) is used for this study and extended 
to include the capability for ridesharing and group travel. MATSim provides the ability to model large-scale 
transport systems realistically. To represent a fleet managing system for shared autonomous vehicles (SAVs) 
that allows for pooling and group travel, the MATSim demand-responsive transit (DRT) extension is used 
(Bischoff et al., 2017). A constraint for group travel is added to the dispatching algorithm to check the number 
of passengers in the vehicles to ensure enough seats to accommodate group travel requests. 

Findings 

Here are the initial findings from validating the matching algorithm and simulation of the ridesharing scenario 
with group travel behaviour. 

Figure 1 shows the validation of the matching algorithm in terms of how well the vehicle occupancies are 
represented and their distribution by distance. It compares the vehicle occupancy and distance distribution of 
trips obtained from the HTS, to the matching results.  Although, as the vehicle occupancy increases, the 
difference between the distribution from the current matching algorithm and the Swiss HTS increases. This is 
possibly due to the more weight applied to departure time; the next step is a sensitivity analysis to test how 
different 𝛼 values weighing on the distance or departure time affects the results. Overall, the algorithm shows 
promising results. 

Figure 84. Distribution of vehicle occupancy by distance (Sim: synthetic population, HTS: Swiss HTS) 
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Further results from the initial ridesharing simulation reveal a reduction in ridesharing requests, as expected 
when group travel is considered. This inadvertently translates to the lower wait and detour times for the 
riders. On average, the vehicles in the "group" scenarios pooled more passengers than in non-group scenarios 
with a relative difference of up to 38%. Effect on group travel patterns is the next step in the analysis. 

Conclusion 

This study is a first step to open discussion and research on the inclusion of group travel behaviour in ridesharing 
simulations and provides several opportunities for future work. The study proposes a methodology for modelling 
group travel in cases whereby, in the transport model, typically agent-based and activity-based models, car 
drivers and passengers are modelled separately, and there is available data on distributions of vehicle 
occupancy. 
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Abstract 

This research investigates the optimal placement of mobility hubs in Seoul to mitigate greenhouse gas 
emissions by reducing travel time, energy consumption, and carbon emissions while enhancing coverage. A 
hierarchical approach is adopted for the hub location problem (HLP) to identify the most efficient locations. 
Initially, a coverage maximization strategy is employed using a sorting algorithm, resulting in a list of potential 
hub sites. Next, the genetic algorithm (GA) is applied to this list to minimize travel time, carbon emissions, and 
energy consumption, aligning with the principles of the uncapacitated single allocation p-median HLP. Finally, 
GIS location-allocation analysis is employed to maximize the market share through a gravity model that 
allocates demand to each hub site, considering the potential competition. This comprehensive methodology led 
to the selection of mobility hub sites situated in dense and dynamic regions of Seoul, replete with business 
offices, markets, transit stations, and employment centers, bolstering the study's validity and reliability. 

Introduction 

Amid rising climate change concerns, the transportation sector's contribution to carbon emissions necessitates 
efficient solutions. Mobility hubs, which integrate various transport modes, are seen as a key decarbonization 
strategy. However, the Hub Location Problem (HLP), which involves selecting optimal hub locations to optimize 
various objectives, is complex. While greener transportation models have emerged, integrating environmental 
costs into optimization processes, a gap exists in considering socioeconomic factors influencing travel patterns. 

Addressing this, our study innovatively expands on existing models by integrating travel time, environmental 
factors, and socioeconomic elements in optimizing mobility hub locations in Seoul, a city known for its high 
traffic congestion. Through a hierarchical approach to HLP, our research first maximizes fixed-cost coverage, 
factoring in population, employment densities, parking capacity, and land use mix index. The second stage 
minimizes travel time, energy consumption, and carbon emissions, utilizing a new objective function for the 
uncapacitated single allocation p-median HLP. 

Thus, our research presents a novel, comprehensive solution to optimizing mobility hub locations, emphasizing 
sustainability and efficiency while being responsive to local population needs, filling a crucial gap in the current 
landscape of transportation optimization models. 

Methodology 

This research employs a hierarchical three-stage hub location optimization modeling to select the best 
subdistricts to implement mobility hubs (Figure 85). For stage-1, the optimization was formulated using the 
sorting algorithm with a summation-based cost function of a set of predetermined criteria. These criteria include 
population and employment densities, parking capacity, public transit station number, bike station number, and 
land use mix index. For stage-2, the uncapacitated single 𝑝-median HLP is implemented, while developing a 
new cost equation that includes travel time, carbon emissions, and energy consumption. Finally, stage-3 consists 
of a GIS location-allocation optimization based on maximizing the market share method and using the traffic 
volume as a wight. 
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Figure 85 Research Flow Chart 

 

First, the study formulated a sorting algorithm to choose optimal hub locations. The model evaluates city 
subdistricts based on set criteria and picks high-performing ones from different districts to balance geographic 
distribution, ultimately boosting demand and coverage. These criteria include: the transit station number (𝑇𝑟𝑘), 
bike station number (𝐵𝑘), parking capacity (𝑃𝑟𝑘), land use mix index (𝐿𝑚𝑘), population density (𝑃𝑑𝑘), and 
employment density (𝐸𝑑𝑘). The sorting algorithm model's cost function 𝐹𝑘 (1) is a summation of these criteria. 
The goal is to find the optimal candidate solution, maximizing the selected parameters' total values while 
selecting only one by the corresponding district. 

For the second stage, the study adopted the Hub Location Problem (HLP) to select the best mobility hub sites. 
The HLP involves choosing p hubs from potential candidates, with each non-hub node assigned to one hub, 
considering the lesser cost of hub-to-hub connections. This study enriches the problem formulation with works 
by O'Kelly (1987), Wiley and Salmon (2021), Farahani et al. (2013), and Contreras et al. (2011). The latter 
offered a model for incomplete hub networks, contributing to a more realistic HLP optimization. 

A Genetic Algorithm (GA) is employed in this study, proven for its effectiveness in solving similar integer and 
non-convex optimization problems. GA, inspired by natural evolution, seeks near-optimal solutions for NP-hard 
problems. It has successfully been applied in diverse fields, including electric vehicle charging stations' location 
and transportation network configuration. 

Diverging from prior research, this study uses GA to determine hub locations that minimize both travel costs 
and environmental impacts, such as carbon emissions and energy consumption. This strategy selects sites that 
reduce travel time and environmental pollutants most effectively. Cost in this context includes travel time, 
energy consumption, and carbon emissions, assumed as linear functions of travel speed. GA's primary steps 
include initialization, selection, and crossover mutation, aiming to find the global solution to the mobility hubs' 
location problem. The algorithm's performance is assessed through mutation rate and generation number, 
identified through trials. 

As a third step, this study exploited the GIS location-allocation method, which can identify optimal facility 
locations for different purposes. This method, used in studies like Mix et al. (2022), factors in demand points, 
potential locations, travel time, and capacity constraints. The location-allocation tool in ArcGIS optimizes 
objectives like cost minimization, coverage maximization, supply-demand balance, and impedance minimization. 
For an effective application, the problem should be accurately defined, including the number of facilities, 
potential and customer locations, capacities, costs, and demand levels. The study at hand uses the market share 
maximization method to find locations with maximum potential ridership, capturing customer behavior, facility 
attractiveness, and competitive dynamics accurately. 

Results and Discussion 

This study aims to optimize the location of regional mobility hubs in Seoul's five key regions: central, east-north, 
west-north, east-south, and west-south, with one hub per region. The first stage of optimization employs a 
personalized sorting algorithm to select high-performance subdistricts based on predetermined criteria: transit 
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and bike station numbers, parking capacity, land use mix index, population, and employment density. This 
process results in an initial set of 27 candidate locations, which are then further refined through a genetic 
algorithm in the study's second stage, adopting the HLP optimization. 

According to GA, several neighborhoods were selected by each region. The algorithm's objective function was 
to minimize total transportation costs of travel time, carbon emissions, and energy consumption. The chosen 
areas for mobility hubs in Seoul's central, east-north, west-north, west-south, and east-south regions are 
predominantly business districts, shopping areas, and neighborhoods with high commuter activity. These areas 
contain significant transfer stations, universities, and densely populated zones handling intra and intercity 
commutes. The GA results, which showed a good fitness function (Figure 86), indicate a strong focus on travel 
volume, but this approach lacks consideration for other important factors like socioeconomic conditions and 
geographical indicators. 

Addressing existing research gaps, this study uses the location-allocation method in ArcGIS to optimize Seoul's 
mobility hub locations. The strategy integrates travel time, GPS demand data, and gravity models to balance 
demand allocation. It considers subway station impact and hub competition, ultimately identifying the optimal 
sites for hubs. 

Figure 86. Results of GA Optimization and Location-Allocation 

 

The selection of optimal mobility hub locations in this study has considered the unique characteristics and 
demands of different regions in Seoul. By strategically placing hubs in bustling central areas with business 
offices, shopping centers, and tourist attractions, the mobility hubs can serve both office workers and tourists, 
maximizing their potential usage. The placement of hubs in west-south and east-south districts, known for their 
dynamic business environments, allows them to effectively cater to the needs of city commuters. In the east-
north region, the selection of hubs near multiple transit stations enables them to accommodate commuters 
traveling from outside the city, providing a convenient transfer point. Lastly, the choice of the west-north region, 
which is densely populated with universities and shopping areas, ensures that the mobility hubs can efficiently 
serve the transportation needs of numerous students. By considering these factors, the study aims to enhance 
the convenience and accessibility of the mobility hub network, benefiting a wide range of users throughout 
Seoul. 

Conclusion 

This study introduces an innovative methodology that addresses the optimization of mobility hub locations in 
Seoul, aligning with the city's long-term vision outlined in the 2040 Plan. The plan's key objectives revolve 
around creating pedestrian-friendly environments, enhancing public and shared transit networks, and 
strategically implementing mobility hubs. The selection of optimal hub locations is crucial for maximizing their 
service areas and overall potential impact. Policymakers can utilize the findings and recommendations from 
this research to consider various socioeconomic and transportation factors when making decisions on mobility 
hub placement. By incorporating regional characteristics, such as the presence of commuters, students, or 
tourists, policymakers can ensure efficient utilization of resources and meet the diverse needs of different user 
groups. This study serves as a solid foundation for future mobility hub initiatives within Seoul, offering valuable 
insights and guidance for sustainable and effective urban development. 
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Introduction 

The development and expansion of the urban areas have led to increase in the demographics and the 
socioeconomic activities, creating a need for various modes of transportation. Public transportation (PT) plays 
a crucial role in providing sustainable alternative modes to private vehicles, and its availability and accessibility 
are of utmost importance in cities. PT systems are becoming a significant mode of transportation because the 
increase in car dependence and larger share of trips by car are damaging the physical well-being, health, and 
the environment. Another important aspect is the social aspect that there is a large segment of the population 
who do not own private cars are dependent on the availability and access to the PT services Litman, (2005). 
The provision of PT services and changes in the demographics and travel patterns over time have resulted 
serious spatial and social gaps the in accessibility to these services, with many travellers with not enough access 
to them Mavoa et al., (2012). 

Accessibility is defined as the ability or the ease to reach the desired destinations by the available transport 
services by Hansen, (1959); Stępniak et al., (2019). The key is to reduce the mobility gap between travellers and 
the available services Welch, (2013) so that people would have more access to daily activities. Therefore, there 
is a need to analyse the accessibility to the existing PT systems and the potential demand for these services 
and identify and overcome the gaps for future travel demand. In the methodology section, we discuss and 
define suitable measures for accessibility and potential demand for this study. 

Methodology 

The aim of this study is to develop a methodology on the lowest possible spatial scale to accurately assess the 

existing levels of accessibility to rail and metro services in the PT system and measure the demand for these 

services. The case study for this analysis is the Porto Metropolitan Area (AMP), which comprises of 17 

municipalities in the northern part of Portugal. The AMP region is served by 8 metro and rail lines with a total 

152 stops represented by Figure 1. 

Figure 87. Porto Metropolitan Area (AMP) 
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To evaluate the potential demand and calculate the accessibility index gravity measures were used for active 
modes (i.e., walking, cycling) and motorized modes including private cars and buses using travel distances. 
Gravity measures provide more composite results as it can incorporate the minimum travel distances between 
origins and destinations, distance decay parameters associated with the modes and the attraction at the 
destinations as a sum of opportunities available Neutens et al., (2010) and Vale & Pereira, (2017). To calculate 
the accessibility index 𝐴𝑖, we start by calculating the minimum travel distances from every subsection (lowest 
level of geographical scale) to the nearest station using a geographical information system tool ArcGIS. In the 
gravity measure used also incorporates a distance decay parameter λ and the supply (attraction) at the station 
in terms of frequency as presented below by Eq. 1. 

𝐴𝑖 = 𝑎𝑗 ∗  𝑒
−𝜆𝑑𝑖𝑗   Eq. 1 

Where λ is the mode decay parameter, 𝑑𝑖𝑗 is the minimum travel distance and 𝑎𝑗 is the attractiveness at station 
j. 

Additionally, to calculate the potential demand, we use the mobility survey conducted in 2017 in the AMP which 
provides a detailed information about the travel patterns including the trips by modes, travel distances and the 
origin of the trips. The potential travel demand index for active and motorized modes is calculated using the 
number of trips and average trip distances by the considered modes in every subsection and the total population 
that is the potential of that subsection to generate demand is given by Eq. 2.  

𝐷𝑖 = 𝑃𝑜𝑝𝑖 ∗  𝑒
−𝜆𝑑𝑖𝑗  Eq. 2 

The comparison of the accessibility index and the demand index provides results about the gaps that exists in 
the accessibility of the PT services by the modes and the potential travel demand at the subsections. As it is 
important to identify the areas where people either don’t have the access or lack the access available to fulfil 
the need of the demand for PT services and therefore, the potentiality to invest and promote the PT services. 

Findings 

The findings indicate that there exists a demand for the use of PT services but however many people in the 
AMP are unable to use the PT services effectively mainly due to limited access to the stations and low levels of 
supply (i.e., frequency of rail and metro services). It can also be concluded that incorporation of better bus 
services can increase the mode share of the public transportation in the region. It is important to consider the 
demand effect for various modes and evaluate the demand-sustainability of the system in terms of modal 
shift in an equitable PT network. 

Conclusions 

In a sustainable urban environment, it is important that public services such as PT to fulfil the very purpose 
they are built for, which should be ensured by planners, designers, policy makers and decision makers. The 
social and physical structures of the urban society are critical in the context of the problem. There is a need to 
improve the traditional design and planning approaches by promoting more accessible and sustainable PT 
systems, and avoiding solutions that result to social exclusion. In this study, the developed methodology will 
help to assess and evaluate PT systems, with a focus on the solutions to make them more: 

— accessible: in a way that people can easily reach and have access to PT services. 

— demand sustainable: by improving the current and integrating new services in a way that make the 
services more demand sustainable and accessible, so that more and more people benefit from the 
services provided, resulting in a shift of commuters previously using private cars to public transport. 
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Introduction 

Human mobility in the urban context follows specific patterns and cycles [1]. These patterns are prone to short-
term divergences or long-term changes. Disruptive events such as extreme weather conditions, road or public 
transport accidents, or large-scale events can disrupt the usual flow of urban travel. In response to such events, 
passengers exhibit heterogeneous responses depending on various factors, including their original mode of 
choice and the nature and timing of the disruption [2]. While these responses may include the cancellation or 
delay of trips, this study seeks to investigate the inter-modal shifts that occur during such disruptive events. 

Previous research has examined the passenger responses to disruptions in transport systems using surveys 
[3,4] and mobile or public transport ticketing data to analyse the demand dynamics between two specific modes 
during certain events [5,6]. However, current literature lacks an integrated, automated approach that goes 
beyond single-kind disruption events and accounts for multiple urban transport modes. This study aims to follow 
that approach in identifying disruptions and exploring the associated multi- and inter-modal demand dynamics. 

Utilising multi-source data from various entities, we have developed methods for detecting and classifying 
anomalous multi-modal travel demand using machine learning techniques. By leveraging urban mobility data 
related to the city of Lyon, France, we have identified several forms of passenger response to disruptions 
through travel demand anomalies. Our approach is innovative in its data-driven analysis of complex multi-
modal demand dynamics during disruptive events. This study aims to inform the development of more effective 
strategies for mitigating the negative impacts of transport network disruptions. 

Data and Methodology 

We present a methodological framework for exploring the multi-modal dynamics through anomalous demand 
detection. We use road traffic, public transport and shared-bike data at our disposal. Our road data comes from 
a Floating Car Dataset (FCD), which provides timestamped geo-localised data collected via GPS from moving 
vehicles. Each observation in the FCD data captures information such as the corresponding vehicle ID’s speed, 
direction, and map-matched link identifier with an average observation frequency of 30 seconds. The public 
transport data is obtained from Lyon’s public transport provider and includes ticket validation data for trams, 
metro, and bus lines. Each validation record in the dataset includes temporal information of said validation with 
its corresponding line. Finally, we incorporate the shared-bike data from Lyon’s Velo'V bike-sharing service, 
which contains information about bike retractions and returns and their stations. We follow our methodology 
through 4 steps, shown in Figure 1. 

Figure 88. Methodology flowchart 

 

Step 1: First, we constructed a compressed representation of the typical demand for each transport mode by 

unifying our multi-source datasets. By aggregating observations hourly, we combined three datasets (𝐷𝑐𝑎𝑟, 𝐷𝑃𝑇, 

Inputs: , , 

Step 1: Resampling and merging the data, creating the dataset  with

respective counts 

Step 2: Defining and calculating an hourly signature  for expected

demand counts

Step 3: Defining a variable  as the standardised deviance of each count 

from the expected demand

Step 4: Filtering out hours with normal demand, and clustering the remaining

anomalous hours based on their multi-modal deviance 

Output: Clusters of hours with distinct multi-modal dynamic characteristics
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and 𝐷𝐵𝑖𝑘𝑒) into one unified dataset, 𝐷𝑑𝑒𝑚𝑎𝑛𝑑 . The hourly number of observations in the FCD dataset is related 
to the city-wide number of moving cars on the road network and is thus assimilated to an hourly count for car 
demand. The number of hourly ticketing validations for public transport modes is associated with the hourly 
demand for the respective mode. The hourly number of shared-bike retractions is used to indicate shared-bike 

demand. The final pre-processed dataset is denoted as 𝐷𝑑𝑒𝑚𝑎𝑛𝑑 = {𝑁𝑡
𝑞
}. 𝑁𝑡

𝑞 represents the observed demand 
count for mode q on the generic 1-hour time slot t from the data availability period, and q ∈ Q = {bus, tram, 
metro, bike, car}. 

Step 2: We adapt and extend the approach initially proposed in [7] by defining a rolling signature describing 
the expected demand on each mode for a given reference period (one week). Such a signature, defined on 24*7 
hourly time period, is a compressed representation computed from previous and future observations of demand 
counts. Specifically, the expected behaviour for a given week m, is computed over a temporal support (𝑊𝑚

𝐾, d, 
h). 𝑊𝑚

𝐾 ⊂ M represents the subset of weeks, of size K (a hyper-parameter of our approach), from the available 

set of weeks (M), related to a specific temporal reference point (a given week number m), with the reference 

point itself excluded from the subset of weeks. d ∈ 𝚫, represents the weekday variable from an ordered set of 
selected weekdays 𝚫. h ∈ H, represents the hour of the day variable from an ordered set of selected hours H. 

It is worth noting that the (𝑊𝑚
𝐾, d, h) support identifies a set of time slots that will be considered for aggregation 

during the computation of the signature. Based on the temporal support (𝑊𝑚
𝐾, d, h) and transport mode ∈ Q, 

the signature element 𝑆(𝑚,𝑑,ℎ) 
𝑞

 is defined as Equation 1. 

𝑆(𝑚,𝑑,ℎ) 
𝑞

= 𝜇
(𝑊𝑚

𝐾,𝑑,ℎ) 

𝑞
 ± 𝜆

(𝑊𝑚
𝐾,𝑑,ℎ) 

𝑞
                                            Equation 1 

Setting the number of weeks K for our temporal support to 4,  μ
(Wm

4 ,d,ℎ) 

q
 represents the average demand counts 

for the mode q, hour h, and weeks m-2, m-1, m+1, and m+2. The standard deviation for the same set of hours 

is denoted as 𝜎
(Wm

K ,d,ℎ)

𝑞
, and the range amplitude of the signature λ

( Wm
K ,d,ℎ) 

q
is defined as the product of a 

coefficient 𝛼 and the hourly standard deviation 𝜎
(Wm

K ,d,ℎ)

𝑞
. Through a sensitivity analysis based on the knee curve 

method [8], we determined the standard deviation hyper-parameter 𝛼 for the range amplitude to be 4, therefore 

λ
(Wm

K ,d,ℎ) 

q
= 4 × 𝜎

(Wm
K ,d,ℎ)

𝑞
 . Around 15% of the hours in 2019 and 2020 fall outside the expected signature 

produced by this range amplitude. 

Step 3: To assess the distance of observed demand from the expected average demand for a particular mode 

at a given hour, a continuous variable 𝛿𝑡
𝑞
 is defined as formulated in Equation 2. By pivoting the data on the 

deviance variable 𝛿𝑡
𝑞
, we produce a dataset 𝐷𝑑𝑒𝑣𝑖𝑎𝑛𝑐𝑒 with transport modes for columns, hours for rows, and 

standardised deviance of expected demand for values. 

𝛿𝑡
𝑞
= 

𝑁𝑡
𝑞
−  𝜇

(𝑊𝑚
𝐾 ,𝑑,ℎ) 

𝑞

𝜎
(𝑊𝑚

𝐾 ,𝑑,ℎ)

𝑞                                                      Equation 2 

Step 4: As we are solely looking through anomalous hours for their categorisation, we omit hours in which 

demand in all modes falls inside the expected signature in a new dataset denoted as 𝐷𝑎𝑛𝑜𝑚𝑎𝑙𝑦 . This dataset is 
produced by filtering out regular hours; thus, it only includes hours where at least one mode’s absolute value 

of deviance |𝛿𝑡
𝑞
| is bigger than the range amplitude of the signature λ

( Wm
K ,d,ℎ) 

q
. We then apply clustering to this 

dataset to categorise various anomaly forms regarding multi-modal demand dynamics. 

Results 

Following our previous study, we hypothesised to observe distinct types of multi-modal dynamics in disruptions, 
and we applied agglomerative clustering with a cosine distance to our 𝐷𝑎𝑛𝑜𝑚𝑎𝑙𝑦  dataset. As our research 
focuses on discrete forms of multi-modal passenger response, we adopt the Davies-Bouldin method for 
obtaining an optimal number of clusters [9]. The method indicates 11 as the optimal number for clusters to be 
as non-identical as possible. 

We conducted clustering and labelled each hour with the cluster number. We selected all hours belonging to 
each cluster to exhibit how each cluster manifested a particular multi-modal dynamic. We averaged the 
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deviance 𝛿𝑡
𝑞
 for each mode and produced a demand dynamic profile for each cluster. We then used radar plots 

to illustrate these multi-modal dynamic profiles. Additionally, we labelled the dates and the hours of anomalies 
belonging to each cluster to explore their temporal correspondence to traceable events. 

The multi-modal dynamics of clusters were adequately explainable by ground truth (news and weather data). 
We present three clusters of anomalous data and their interpretation (other clusters are not reported due to 

space limitations). The radar plot for each cluster displays different modes’ deviance 𝛿𝑡
𝑞
 averaged among the 

hours belonging to the corresponding cluster. For example, a value of +1 on the plot indicates that, on average, 
demand counts belonging to the cluster’s hours have been one standard deviation above the temporal support’s 
average demand. 

Figure 89. Left: Average multi-modal demand deviance in Cluster 1; Middle: Average multi-modal demand deviance in 
Cluster 2; Right: Average multi-modal demand deviance in Cluster 3 

 

The radar plot representing the average deviance of each mode in Cluster 1 is exhibited in Figure 2. The plot 
indicates negative deviance from the expected average demand in all modes. However, the demand for public 
transport modes is much lower than the expected average demand. Cluster 1 covered around 36% of all 
anomalous hours through 2019 and 2020. The hours of Cluster 1 were not scattered and were mostly 
continuous for several hours. Using France’s holiday calendar for 2019 and 2020, we verified that the hours 
belonging to this cluster were mainly affiliated with national holidays, such as Christmas, New Year’s, and Easter 
holidays. 

Figure 3 illustrates the average deviance of each mode in Cluster 2, which covers 17.5% of all anomalous hours 
through 2019 and 2020. This plot shows the demand dynamics of anomalous hours in which a slight decrease 
in demand for all modes and a sharp decrease in shared-bike use are observed. Building from our previous 
study, we hypothesised that this cluster might represent instances of anomaly where the use of shared bikes 
has been negatively affected by precipitation. We made use of Lyon’s meteorological data to test this 
hypothesis. The meteorological data at our disposal consists of hourly recorded information on precipitation, 
wind and their properties. To put our hypothesis to the test, we employed a one-sample student’s t-test (a 
reference here) to determine if the precipitation rate is significantly higher during the hours marked with Cluster 
2’s label. The t-test results prove that the precipitation during Cluster 2 hours is significantly higher than the 
entire hours, with a t-value of 5.03 and a P-value of 7.29*10-7. 

Cluster 3 covers around 1% of all anomalous hours, and as shown in Figure 4, the hours in this cluster exhibit 
metro validations with an average negative deviance of -6. At the same time, other public transport modes and 
road traffic exhibit slight positive average deviance, while shared bikes demonstrate significant positive 
deviance. Such dynamics may reflect disruptions in the metro service, leading passengers to shift to other 
modes. Our hypothesis was verified by investigating the news articles through calendar hours labelled with 
Cluster 3. These hours corresponded to metro closure events where some metro lines or stations were closed 
(such as terrorist attacks, bomb suspicions, and human accidents). Another point in the calendar belonging to 
this cluster was Lyon’s festival of lights, where metro service was announced free for the afternoon, resulting 
in zero metro validations. 

Conclusion 

This study explores the complex network-wide multi-modal demand dynamics under disruptions. Specifically, 
we examined the case of Lyon by unifying multi-source data and defining a normal/expected range of hourly 
demand for each mode of transportation. By identifying anomalous instances where demand fell outside this 

Figure 2. Average multi-modal 
demand deviance in Cluster 1 

Figure 4. Average multi-modal 
demand deviance in Cluster 3 

Figure 3. Average multi-modal 
demand deviance in Cluster 2 
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range, we applied clustering techniques to investigate the various distinct multi-modal passenger responses to 
these disruptions. The clusters formed from the abovementioned method revealed significant variations in their 
multi-modal dynamics. These dynamics were analysed on ground truth, three examples were presented, and 
their interpretations were explained. We plan to continue this study by diving more deeply into a more predictive 
approach by training machine-learning regression models over larger instances of historical multi-modal 
demand datasets. A decision-maker could leverage the latter to determine, in advance, the expected travel 
demand increase/decrease of one mode when one or multiple other modes are expected to be disrupted. 
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Introduction 

Transportation network equilibrium modeling plays an essential role in the planning and operations of 
transportation networks. This framework models the interaction between the road network (i.e., supply) and 
travelers (i.e., demand) and estimate the flow distribution at an equilibrium state where no travelers can be 
better off by unilaterally changing their travel choices (Wardrop, 1952). This equilibrium flow distribution is then 
used as a benchmark against which improvement plans can be designed and compared. To improve the 
generalizability and accuracy of the equilibrium modeling framework, continued efforts have been devoted for 
over half a century to enhancing the representation of the supply- or demand-side components in a network 
equilibrium model. See, e.g., Xu et al. (2011) and Kitthamkesorn and Chen (2013) for recent reviews of previous 
attempts on improving the behavioral realism of equilibrium models, and Zhou et al. (2022) for recent efforts 
on deriving and calibrating link performance functions. To improve the empirical consistency of the framework, 
substantial efforts have also been made to develop better techniques to calibrate equilibrium models against 
empirical data. The calibration task has been formulated as a mathematical program with equilibrium 
constraints (MPEC), with the objective of minimizing the differences between estimated and observed link flows 
(Yang et al., 2001). Recent efforts have explored the use of computational graphs and automated differentiation 
to take advantage of multi-source, large volumes of data to enable scalable calibration on large networks (Wu 
et al., 2018). 

Despite the modeling and calibration improvements over the past sixty years, previous network equilibrium 
models have been constructed via a ”bottom-up” assembly approach. The model-building process starts 
with adopting a particular assumption, rule or theory on how travelers make their travel choices over a 
congestible network. Modelers then conceptualize the resulting equilibrium state and derive the corresponding 
equilibrium conditions. The conditions are subsequently formulated as an equivalent mathematical program or 
variational inequality (alternatively fixed point or nonlinear complementarity problem). In a formulation for 
static network equilibrium analysis, there are typically three major components: 1) demand functions that 
describe how the demands between origin-destination (OD) pairs change with respect to travel costs; 2) link 
performance functions that yield the link travel times given link flows; and 3) generalized cost functions that 
represent travelers’ choice preferences. The latter can be determined once a behavior model is adopted, while 
the former two are typically calibrated separately against empirical data beforehand. 

The bottom-up assembly approach is justified when each of these modeling components can be properly 
calibrated or determined individually, which, unfortunately, is not the case. For one thing, it is difficult to obtain 
empirical OD demand data and even more so to properly calibrate a demand function due to the endogeneity 
problem. It is also very challenging to properly specify and calibrate a link performance function because 
congestion does not persist as a steady state in practice. The appropriate specification of a link performance 
function depends on the underlying dynamics, which is often unobservable to modelers (Small and Chu, 2003; 
Cheng et al., 2022). Lastly, the behavior models adopted in the literature are far from being perfect for 
representing travel choice preferences. The selection of a behavior model reflects modelers’ belief or judgments 
rather than being the outcome of a calibration process against empirical data. Recall that a different behavior 
model yields different equilibrium conditions that would produce a different traffic flow distribution. Therefore, 
observed flows should play a role in selecting the behavior model. However, we have never done so, due to the 
lack of a selection methodology and empirical data. 

Overall, the limitation of the bottom-up assembly approach is that the specification and calibration of individual 
components in a network equilibrium model are divorced from the end goal of the model building, i.e., 
prescribing an equilibrium flow distribution that matches observations as closely as possible. To overcome this 
limitation, we recently propose an ”end-to-end” framework that directly learns route choice preferences 
from empirical data (Liu et al. 2023). Assuming that OD demands are available, we approximated the 
generalized cost functions with neural networks and let the learning process automatically discover a good 
functional specification from empirical data. This aligns the behavior model selection with the ultimate goal of 
replicating flow distributions. Moreover, the end-to-end framework learns the equilibrium state of the network 
even though real systems never settle into equilibrium and observed flows are not equilibrium flows. It yields 
an equilibrium state that matches all the observations as closely as possible. 
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This study advances the end-to-end framework by relaxing the assumption that OD demands are observable 
and integrating the learning of both supply and demand components from empirical data. The proposed 
framework also unifies the use of model-based and model-free approaches for specifying supply or demand 
components, thereby leveraging both domain knowledge and the representation power of neural networks. This 
unified framework offers more flexibility and interpretability for handling the complexities of real-world 
transportation networks. More specifically, it uses computational graphs with learnable parameters to 
approximate the unknown supply or demand components (either model-based or model-free) and embeds them 
in a variational inequality (VI) that enforces user equilibrium conditions. By minimizing the differences between 
estimated and observed travel times, the parameters for both sides are simultaneously estimated. To the best 
of our knowledge, it is the first paper to validate a unified end-to-end network equilibrium model with both 
theoretical analysis and real-world case study. 

Computational-graph-based VI formulation of elastic user equilibrium 

We consider a case where partial link travel times at peak periods are observable for a long period of time. 
Suppose that a planning agency is interested in developing a static network equilibrium model to analyze the 
network for peak periods. The learning task is to learn the OD demands, travelers’ route choice preferences, and 
link performance functions from multi-day observations. Mathematically, consider a network 𝒢 = (𝒩,𝒜) , 
where 𝒩 and 𝒜  are the set of nodes and links. Let ℛ denote the set of OD pairs. Each OD pair 𝑟 ∈ ℛ is 
connected by paths that form a finite and nonempty feasible path set 𝒫𝑟. 𝒫 represents the set of feasible paths 
for all OD pairs. 

We propose three continuous functions to approximate the unknown supply and demand modeling components. 
Input features 𝑥 ∈ 𝒳 include road network features, traveler features, and contextual features (e.g., weather 
and gas price). The learnable parameters of three components will be jointly learned and thus are all 
represented as 𝜃 ∈ 𝛩. Each component is encoded with computational graphs and can be either model-based, 
model-free (e.g. neural networks), or the integration of both (e.g. physics-informed neural networks). 

On the supply side, the link performance function 𝝉𝜽 outputs the link travel time 𝑡 ∈  𝒯 as a function of path 

flow ℎ ∈ ℋ, defined as 𝜏𝜃 :ℋ ×𝒳 → 𝒯, where input features 𝑥 ∈ 𝒳 include road network features, such as 

link capacity and free flow time, and contextual features; ℋ ⊆ ℝ+
|𝒫|
 and 𝒯 ⊆ ℝ+

|𝒜|
 require the path flow and 

link time to be nonnegative. 

On the demand side, travelers are free to switch paths to improve their utility. Findings from travel behavior 
research suggest travel choice behaviors are much more complicated than just choosing the shortest paths. We 
use genialized cost function 𝛑𝛉 to describe the perceived path cost 𝑐 ∈ 𝒞 as a continuous function of link 

time 𝑡 ∈ 𝒯 and input features 𝑥 ∈ 𝒳, defined as 𝜋𝜃: 𝒯 × 𝒳 → 𝒞, where 𝒞 ⊆ ℝ+
|𝒫|

 requires the path cost to be 
nonnegative. Input features include traveler characteristics (e.g., income and travel purpose), route features 
(e.g., number of left turns along the way) as well as contextual features. 

In addition to route choice, travelers have the freedom to choose travel or not and switch origin and/or 
destination to improve their utility. We assume the demand function is upper-bounded and introduce the excess 
demand function to model travel choice. We define the excess demand as 𝑒 = �̅� –  𝑞, where 𝑞 is OD demand 
and �̅� is the maximum possible OD demand. The excess demand function 𝝁𝜽 describes the equilibrium path 

utility 𝑢 ∈ 𝒰 as a function of excess demand 𝑒 ∈ ℰ and input features, i.e., 𝜇𝜃: ℰ × 𝒳 → 𝒰. The feasible regions 

of excess demand and equilibrium path cost are ℰ = {𝑒 ∈ ℝ|ℛ|: 0 ≤ 𝑒 ≤ 𝑞} and 𝒰 ⊆ ℝ+
|ℛ|

 respectively. 

Assuming rational travelers try to maximize their own travel utilities, the multi-class user equilibrium with 

elastic demand is formulated as a parametric VI in Eq.(1), the solution to which is the equilibrium flow ℎ∗ and 

equilibrium excess demand 𝑒∗. 

⟨𝐹𝜃(𝑧
∗, 𝑥), 𝑧 − 𝑧∗ ⟩ ⩾ 0,        ∀𝑧 ∈  𝒵, (1) 

where 𝐹θ(𝑧, 𝑥) = [πθ(ℎ, 𝑥), μθ(𝑒, 𝑥)]
⊤ denotes equilibrium function; 𝑧 = (ℎ, 𝑒 ) represents the response 

variable; 𝒵 = {(ℎ, 𝑒) ∈ ℝ|𝒫|+|ℛ|: ℎ ≥  0, 𝑒 ≥  0, 𝛤 𝑇ℎ +  𝑒 = �̅�} and 𝛤 is the path-OD incidence matrix. 

Framework formulation 

Assume a subset of link travel times are observed over a number of days (sample set) ℳ. Let 𝑡̅ ∈ 𝒯 represent 

observed link times and every training sample 𝑚 ∈ℳ  is (𝑥[𝑚], 𝑡̅[𝑚]). We consider a smooth loss function 

ℒ:𝒯 × 𝒯 → ℝ that measures the distance between estimated equilibrium link times and observations. The 
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learning problem can be formulated as the following Mathematical Program with Equilibrium Constraints 
(MPEC). 

minθ 𝐸𝑥 [ℒ (𝑡
⋆[𝑚] , 𝑡

[𝑚]
)] 

    𝑠. 𝑡.  𝑧⋆
[𝑚]
∈ 𝑉𝐼(𝐹θ(𝑧, 𝑥

[𝑚]),𝒵), ∀𝑚 ∈ℳ 

𝑡⋆
[𝑚]
= τθ (ℎ

⋆[𝑚] , 𝑥[𝑚]) 

(2) 

We adopt an iterative gradient-based algorithm to solve the MPEC (see Figure 1). Each iteration first (i) finds a 
near-optimal solution of the lower-level VI by solving a sequence of auxiliary optimization problems and then 
(ii) updates 𝜃 by approximating the gradient of the loss function with respect to the learnable parameters with 
backpropagation. Each auxiliary optimization problem is designed to update the response variables with closed-
form rules (Li et al., 2022). This closed-form solution process of VI is encoded with computational graphs, 
enabling automated differentiation through the equilibrium points 𝑡∗ with respect to 𝜃 during backpropagation.   

Figure 90. Illustration of the unified end-to-end network equilibrium modeling framework 

 

Framework analysis 

This section analyzes the model and data requirements to guarantee framework. In real life, the observed flows 
may indeed not be equilibrium flows. Consequently, we consider a target equilibrium state that matches all the 
observations as closely as possible and will then serve as a consistent benchmark for comparing improvement 
plans. Theorem 1 shows with unlimited training samples and well-posed VI in Eq.(1), the proposed framework 
can jointly learn both supply and demand components and approximate the target equilibrium path flows 
infinitely close. 

Theorem 1 (Performance guarantee) Suppose the link performance function, generalized cost function, and 
inversed demand function in Eq.(1) are strong monotonicity and Lipschitz continuity and there exists an 
estimated equilibrium function 𝐹(𝑧, 𝜃) that approximates the target function 𝐹(𝑧, �̅�) within a sufficiently small 
approximation error ϵ, i.e., ∥ 𝐹(𝑧, 𝜃)  − 𝐹(𝑧, �̅�) ∥ ≤  𝜖. Then both the equilibrium path flows ℎ∗  and excess 

demand 𝑒∗ can approximate the target flow and excess demand within a constant 𝜑 of 𝜖, i.e., ∥ 𝑧(𝜃) − 𝑧(�̅�) ∥
 ≤  𝜑 𝜖. 

The Universal Representation Theorem states that any continuous function can be approximated with a narrow, 
infinite-depth deep neural network within infinite small error (Kidger and Lyons, 2020). This suggests that the 
condition in Theorem 1 always holds when the equilibrium function is parametrized with neural networks. 

Conclusions 

This paper presents a unified end-to-end network equilibrium modeling framework that jointly learns the supply 
and demand components from empirical data and provides a performance guarantee for such a framework We 
demonstrate and validate the proposed framework using using synthesized data for the Sioux Falls network. 
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Bayesian Networks for travel demand generation: An application to Switzerland 

A. Aurore SALLARDa, B. Milos BALACa 

a  ETH Zürich, Stefano-Franscini Platz 5, 8093 Zürich, Switzerland 

Bayesian Networks (BNs) are probabilistic graphical models representing conditional dependencies existing 
between variables of interest. Recent studies have employed BNs for population synthesis and daily activity 
plan generation. Those studies highlight the ability of BNs to efficiently detect the causality links between 
variables in an easily interpretable way. This short paper aims to propose a further application of BNs for both 
population and daily activity plan synthesis in Switzerland. We show that understanding the dependency 
structure linking the population characteristics and its mobility behaviour is key to generating representative 
synthetic activity patterns. Furthermore, we lay the foundations for the development of temporally transferable 
travel demand models. 
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Introduction 

The e-commerce industry is rapidly expanding, resulting in the transportation of small packages in high volumes, 
with varying frequency, which presents significant challenges for logistics providers (Ghajargar et al., 2016). 
The shift towards business-to-consumer (B2C) e-commerce is further increasing the demand for logistic 
services in cities. In 2020, e-commerce grew two to five times faster than before in countries such as the United 
States, China, United Kingdom, Spain, Germany, India, France, and Japan (Lund et al., 2021). Compared to 
traditional markets, e-commerce poses new challenges for companies and stakeholders, particularly in the 
complexity of logistics, especially the last-mile delivery, which involves delivering products from transportation 
hubs to final customers (Allen et al., 2018). The last-mile is the least efficient and most expensive stage of the 
delivery process due to challenging service levels, small orders, and a high dispersal of destinations (Macioszek, 
2018). Additionally, last-mile delivery has various environmental and social externalities, such as air pollution, 
greenhouse gas emissions, noise pollution, infrastructure wear and tear, congestion, and road accidents (Ranieri 
et al., 2018). Therefore, innovative, efficient, and automated delivery methods are necessary to handle 
increasing delivery volumes, rising customer expectations, and conventional delivery challenges. 

To improve efficiency and support environmentally friendly practices, companies are implementing various 
solutions for last mile logistics, which is part of a complex freight transport system that interacts with different 
urban ecosystems. These solutions include tricycles, bicycles (known as cargo bicycles), alternatively fuelled 
vehicles (such as electric or hybrid LCVs), and even vehicles typically used for passenger transport, like trams 
(Pietrzak & Pietrzak, 2021). Companies such as Amazon, DHL, Google, and start-ups like Starship and Yape are 
also testing innovative solutions like unmanned aerial vehicles (drones) and autonomous ground robots known 
as Autonomous Delivery Robots (ADRs). ADRs fall into one of three categories based on their design and 
operational capabilities: Sidewalk Automated or Autonomous Delivery Robots (SADRs), Road Automatic or 
Autonomous Delivery Robots (RADRs), and Autonomous Delivery Vehicles (ADVs) (Ionita, 2017; Jennings & 
Figliozzi, 2019). ADR-based deliveries may also depend on infrastructures such as robot depots and stations 
and conventional vehicles like motherships. 

In recent years, drones and ADRs have gained increasing attention as potential delivery options due to their 
numerous benefits. However, while they share some advantages, they also have their own strengths and 
weaknesses (Simoni et al., 2020). Aerial drones, for instance, have the advantage of traveling at higher speeds 
and in direct Euclidean paths compared to ADRs, which can put ADRs at a disadvantage (Hong et al., 2018; 
Simoni et al., 2020). On the other hand, ADRs are superior to drones in various aspects, such as having multiple 
compartments, higher payload capacity, and extended operational range, which allow for multiple deliveries in 
a single trip (Figliozzi & Jennings, 2020; Jennings & Figliozzi, 2019; Simoni et al., 2020). Another important 
consideration is the energy consumption of both delivery options. Drones consume significantly more energy 
than electric ground vehicles (applicable to ADRs) in medium to high wind conditions and can consume more 
energy than diesel delivery vehicles in scenarios with increased stops and customers, such as dense urban 
settings (Kirschstein, 2020). In addition to design and operational benefits, regulatory frameworks also favor 
ADRs over drones due to the latter's higher perceived threats to public infrastructure and civilians (Simoni et 
al., 2020). Furthermore, drones can contribute to noise pollution, which may soon become a public health issue, 
while ADRs are both safer and quieter (Ostermeier et al., 2022; Torija & Clark, 2021). For further studies on 
ADRs, a full review is available in (Srinivas et al., 2022). 
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To fully assess the potential impact of drones and ADRs on urban structures, it is crucial to conduct more studies 
on their effects. While there have been several studies on the sustainable use of drones for last-mile delivery 
(Chung et al., 2020; Otto et al., 2018; Rojas Viloria et al., 2021) research on the impact of ADR-based delivery 
is still in the early stages. Jennings and Figlozzi ( 2020, 2019) have attempted to estimate the impact of ADRs 
on freight efficiency, total energy consumption, and emissions. Garus et al. (2022) have proposed an operational 
and sustainability assessment of delivery droids compared to other popular last-mile delivery systems. 
However, previous studies have relied on modeling to predict the energy consumption of these vehicles, whereas 
this study seeks to understand the real energy consumption based on experimental data and identify the factors 
that could affect it. 

ADRs experiments 

The real-life experiments were conducted in the Future Mobility Solutions Living Lab of the Joint Research 
Centre of the European Commission. As a representative ADR a Yape robot was used. Yape is a small 
autonomous delivery robot designed to carry goods over short distances. It is manufactured by e-Novia, an 
Italian engineering company known for developing innovative solutions for various industries. The Yape robot is 
approximately one-meter-tall and weighs around 54 kg. It can carry up to 10 kg of goods in its cargo 
compartment. The compartment is secured with a lock that can be opened with a smartphone app, ensuring 
safe and secure deliveries. Yape is equipped with various sensors, including cameras, 3D sensors, LiDAR sensors, 
and ultrasonic sensors, which enable it to navigate through urban environments safely and efficiently. The robot 
is also equipped with GPS and other positioning technologies, which allow it to accurately navigate to its 
destination. The Yape robot is powered by an advanced software system that uses artificial intelligence 
algorithms to optimize its route and maximize efficiency. The software can analyse traffic patterns and other 
data to determine the most efficient route for the robot to take. It can also automatically reschedule deliveries 
in case of unexpected events or traffic congestion. 

The experiment conducted over a six-day period in November was designed to assess the efficacy of the Yape 
delivery robot as a means of delivering stationary goods to employees of the JRC. The experiment involved 27 
participants who were required to navigate the Yape app to request deliveries. The Yape robot was in full 
autonomous mode and was capable of delivering goods from the base to seven buildings within close proximity, 
covering a distance of 100 to 300 meters. 

The test involved 38 successful deliveries, while seven failed due to issues such as connection problems and 
interaction with the environment. To evaluate the performance of the Yape, various metrics were recorded, 
including the weight of the parcel (0.5kg to 10kg), temperature and humidity, the time it took for the robot to 
reach the recipient, the time the robot was idle while waiting for the recipient or for the parcel to be placed, and 
the time it took for the robot to return to the base. The total state of charge was also recorded to understand 
how those metrics impact the energy consumed by the ADR. In addition to the metrics mentioned earlier, the 
experiment also involved testing the Yape robot's performance at two different velocities: 1m/s and 2m/s. 
During the experiment, the Yape was operated in full autonomous mode, and if there was an occurrence, it was 
switched to manual mode and controlled from a control room in the base. The test was considered a pilot study 
with potential users of the technology and the app that operates it. The results of these tests were recorded 
and analysed to evaluate the robot's energy consumption and efficiency in delivering goods. This additional 
data provides further insight into the capabilities of the Yape robot and can help inform decisions about its 
potential use in real-world scenarios. 

The impact that the measured metrics have on energy consumption is presented on the figure 1. The experiment 
showed that the Yape ADR consumes on average 0.10 Wh/m and 0.04 Wh/s. The outside temperature, humidity 
and velocity did not have an impact on the electricity consumption. Interestingly neither did the weight of the 
parcel, the average electricity consumption per meter for Yape carrying 10 kg was in fact lower (0.05 Wh/m 
average from three experiments).  Those results show that the energy consumed by the ADR could not be 
determined by the vehicle dynamics, which is the measure often used to estimate the consumption of cars. 
Which means that the electric power is not used to drive the vehicle but is rather transformed to the hardware 
and software of the ADR that enable the automation of the vehicle. Moreover, Yape consumed more electricity 
when it experienced connection issues. In fact, in two experiments the connection issues were severe and the 
average electricity consumed per meter increased to 0.27 Wh/m and 0.24 Wh/m. Those preliminary results from 
a series of tests show that the hope that autonomous vehicles might be able to lower energy consumption is 
premature and that the energy required to power the hardware and software that supports automation might 
be substantial in the end. 
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Figure 91. Impact of various factors on the average electricity consumption per meter for each experiment 

 

Conclusions 

This study presents the results of real-life experiments with an automated delivery robot - Yape. The 38 
experiments were carried out on the Ispra site of the Joint Research Centre of the European Commission. Our 
goal was to evaluate Yape's performance in a real-world setting and to assess its potential for improving 
logistics operations. We collected data on Yape's delivery times, electricity consumed and various factors that 
could have an impact on the electricity consumption. According to the results, the electric power is not used for 
vehicle propulsion but for the hardware and software of the ADR to enable automation. These initial findings 
indicate that the notion of autonomous vehicles reducing energy consumption may be premature, as the energy 
requirements for the hardware and software supporting automation could be significant. 
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Introduction 

In the mobility system, mobility service providers (MSPs) are mainly selfish entities that aim to maximize their 
own profits using pricing instruments and operation strategies. For example, ride-sourcing operators and bike-
sharing operators allocate different numbers of vehicles to different zones and set discriminatory prices for 
different groups of customers (Bennaceur et al. 2020, Duran-Rodas et al. 2020). Their resource allocation and 
pricing strategies are designed to maximize their own profits. This may lead to a situation where low-income 
customers are less likely to be allocated to desired mobility services, especially during congested periods. 
Meanwhile, travelers living in remote areas (often low-income people) may incur higher prices, while travelers 
in urban districts (often high-income people) may be charged lower prices as a result of profit-oriented resource 
allocation and pricing strategies. Such inequity can harm the welfare of some traveler groups and undermine 
the sustainable development of the transport service market. For example, there may exist some equilibrium 
states in which no MSPs are willing to take trip orders from weak minorities, while MSPs may compete to serve 
customers with a high income, resulting in an unbalanced distribution and utilization of mobility resources. 
Motivated by these realistic challenges, we discuss the optimal resource allocation and pricing strategies of 

MSPs under not only the capacity constraint but th 额 equity constraint as well. In previous studies, researchers 
explored the equity problem by only considering either resource allocation (Jiang and Zografos, 2021, Yin et al. 
2022) or pricing strategies (Holguín-Veras et al. 2020, Zhu et al. 2022). Different from prior studies, we examine 
the impacts of joint resource and price decisions under both equity and capacity constraints. 

The general model  

We consider an MSP providing mobility services for travelers with unit operational cost 𝑐 . Travelers are 
categorized into multiple groups based on their socio-demographics, such as income, spatial location, gender, 
race, age, etc. We index these groups by 1,2, … and include in a set 𝐼. The potential number of travelers (i.e., the 
market size) in group 𝑖 is denoted as 𝑁𝑖 , ∀ 𝑖 ∈  𝐼. The travelers from group 𝑖 have valuation 𝑣𝑖 for the mobility 

service provided by the MSP, which is a random variable that is uniformly distributed on [0, 𝑉𝑖].  The 
corresponding surplus is given by 𝑢𝑖  =  𝑣𝑖  − 𝜏𝑖 . In comparison, we consider an outside option under which the 
surplus of travelers will be zero, i.e., 𝑢0  =  0. Then, travelers compare the outside option and the MSP to 
determine their options, i.e., travelers in group 𝑖 will choose the MSP if their valuation is no less than the offered 
price; otherwise, they will choose the outside option. Formally, the number of travelers choosing the MSP is 
𝑑𝑖 = 𝑁𝑖  𝑃(𝑣𝑖|𝑣𝑖 ≥ 𝜏𝑖) and the number of travelers choosing the outside option is 𝑑0 = 𝑁𝑖𝑃(𝑣𝑖|𝑣𝑖 < 𝜏𝑖). 

The MSP needs to first determine the long-term decision, i.e., the amount of mobility resources 𝑠𝑖 (e.g., the 
number of vehicles if the MSP is a ridesourcing operator, service frequency if the MSP is a bus operator, etc.) 
and the short-term decision, i.e., the service price 𝜏𝑖 for each group 𝑖. When making the joint price and resource 
strategy, the MSP needs to consider two realistic constraints. The first constraint is known as the capacity 
constraint, i.e., the total number of resources allocated to all groups of travelers shall be no greater than the 
cap of its own resources, 𝑠. The second constraint is the equity constraint. In practice, policy makers would 
allocate equity constraints that requires the MSP to satisfy, i.e., the MSP needs to determine the mobility 
resources and the service prices equitably among different groups. To capture the equity constraint, we let 
𝑅𝑖(𝑠𝑖 , 𝜏𝑖) represent the equity measure for group 𝑖. For simplicity, we denote it as 𝑅𝑖 in the following discussion. 
In comparison, we use 𝑅𝑗 to represent the equity measure for any other group 𝑗 except of group 𝑖. Then, |𝑅𝑖 −

𝑅𝑗|represents the equity gap between two different groups. In addition, we use a superscript ``∗" to represent 

the result under the optimal joint resource-pricing strategy. |𝑅𝑖
∗ −𝑅𝑗

∗| represents the equity gap in the without-

equity-constraint case by taking the optimal join resource-pricing strategy. Under the mobility resource capacity 
constraint and the equity constraint, the MSP aims to maximize its profit by setting the number of allocated 
resources 𝑠𝑖  to group 𝑖  and the corresponding service price 𝜏𝑖 . The profit maximization problem of MSP is 
formulated as follows: 

max
𝜏𝑖,𝑠𝑖

 𝜋𝑀 =∑(𝜏𝑖 − 𝑐)min(𝑑𝑖 , 𝑠𝑖)

𝑖∈𝐼

 (1) 

s.t. 
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∑𝑠𝑖
𝑖∈𝐼

≤ 𝑠 (2) 

|𝜏𝑖 − 𝜏𝑗| ≤ (1 − 𝛼)|𝜏𝑖
∗ − 𝜏𝑗

∗|,    𝑖, 𝑗 ∈ 𝐼 (3) 

𝑠𝑖 ≥ 0, 𝑖 ∈ 𝐼 (4) 

Eq. (2) is the capacity constraint and Eq. (3) is the equity constraint, where 𝛼 ∈ [0, 1] represents the level of the 
equity and it is predetermined by the MSP, in order to satisfy regulatory requirements or internal goals. As α 
increases, the equity level raises. In light of this,  𝛼 = 0 corresponds to the without-equity-constraint case and 
𝛼 =  1 corresponds to fully-equity case. To keep consistency, we denote it as 𝛼-equity constraint. In Eq. (3), we 
introduce the price equity constraint which is initiated by different dimensions (Cohen et al. 2021, 2022), i.e., 
the price discrimination shall not surpass that in the without-equity constraint situation. Eq. (4) guarantees the 
non-negativity of resources allocated to group 𝑖. 

To ease the exposition, we consider that there exist two groups of travelers and the MSP determines the joint 
price and resource strategy under equity and capacity constraint in the following discussion. In comparison, we 
take the without-equity-constraint case (i.e., 𝛼 =  0) as the benchmark case, which compares with the with-
equity constraint case (i.e., 𝛼 >  0). 

The joint resource and price strategies between H- and L-income travellers 

We consider that there are two groups of travelers: high-income Group (H-travelers) and low-income Group (L-

travelers). To distinguish the two groups of travelers, we denote the highest intrinsic value of H-travelers as 𝑉 

and the highest intrinsic value of L-travelers as 𝛾𝑉, where 𝛾 ∈ (0,1). Then, the intrinsic value of H-travelers is 

uniformly distributed in [0, 𝑉] and the intrinsic value of L-travelers is uniformly distributed in [0, 𝛾𝑉]. By 
comparing the relative value of surplus by choosing the MSP (i.e., 𝑢𝑖 = 𝑣 − 𝜏𝑖 , 𝑖 ∈ {𝐻, 𝐿} with the surplus by 
choosing the outside option (i.e., 𝑈0  =  0), we can derive the numbers of H-travelers and L-travelers choosing 
the MSP and the outside option below: 

𝑑𝐻 = (1 −
𝜏𝐻

𝑉
)𝑁𝐻 (5) 

𝑑𝐿 = (1 −
𝜏𝐿

𝛾𝑉
)𝑁𝐿 (6) 

𝑑0 =
𝜏𝐻

𝑉
𝑁𝐻 +

𝜏𝐿

𝛾𝑉
𝑁𝐿 (7) 

where 𝑑𝐻 represents the number of H-travelers choosing the MSP and 𝑑𝐿 represents the number of L-travelers 
choosing the MSP. The first part of 𝑑0 represents the number of H-travelers choosing the outside option and 
the second part of 𝑑0 represents the number of L-travelers choosing the outside option. From Eqs.(5-6), we 
observe that the travel demand decreases in the service prices. For clarity, we can write 𝑑𝐻(𝜏𝐻), 𝑑𝐿(𝜏𝐿), and 
𝑑0(𝜏𝐻 , 𝜏𝐿) as the demand functions of travelers in terms of 𝜏𝐻 and 𝜏𝐿 . The maximal travel demand achieves 
when the service prices reduce to the marginal cost, i.e., the maximal number of H-travelers choosing the MSP 

is (1−
𝑐

𝑉
)𝑁𝐻 and the maximal number of H-travelers choosing the MSP is (1 −

𝑐

𝛾𝑉
)𝑁𝐿. 

In reality, there is no need to discuss the capacity and equity constraints, if the capacity is sufficient, e.g., it has 
already been greater than the total potential number of travelers, and all travelers will be satisfied. In light of 
this, we focus on the setting that resources are scarce and the MSP needs to strategically make pricing and 
resource allocation decisions to satisfy the capacity and equity constraints as well as maximization its own 
profit. In fact, the MSP will not determine a service price lower than the marginal cost, because it cannot gain 
positive benefit. We can rewrite the optimization program of the MSP below: 

max
𝜏𝐻,𝜏𝐿,𝑠𝐻 ,𝑠𝐿

 𝜋𝑀 = min(𝑑𝐻 , 𝑠𝐻)(𝜏𝐻 − 𝑐) +min(𝑑𝐿 , 𝑠𝐿)(𝜏𝐿 − 𝑐) (8) 

s.t. 

𝑑𝐻 = (1−
𝜏𝐻

𝑉
)𝑁𝐻 , 𝑑𝐿 = (1 −

𝜏𝐿

𝛾𝑉
)𝑁𝐿 (9) 

𝑠𝐻 + 𝑠𝐿 ≤ 𝑠 (10) 
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|𝜏𝐻 − 𝜏𝐿| ≤ (1 − 𝛼)|𝜏𝐻
∗ − 𝜏𝐿

∗|,    𝑖, 𝑗 ∈ 𝐼 (11) 

𝑠𝐻 ≥ 0, 𝑠𝐿 ≥ 0 (12) 

In the following discussion, we first analyze the without-equity-constraint case, and then analyze the with-
equity-constraint case under the aforementioned three equity constraints. 

Analysis and discussion 

In this section, we compare the two situations: the without-equity-constraint situation and the with-equity 
constraint situation. To distinguish with the without-equity-constraint case, we use superscript “**” to represent 
the optimal solutions in the with-equity constraint case. In this section, we consider the price equity situation. 

In the without-equity-constraint situation, we can solve that the optimal solutions below: 

There shall exist a unique optimal price solution 𝜏𝐻
∗ =

𝑉+𝑡

2
 and 𝜏𝐿

∗ =
𝛾𝑉+𝑡

2
, where we have  𝑡 =

max(
𝑉(𝑁𝐻+𝑁𝐿−2𝑠)

𝑁𝐻+
𝑁𝐿
𝛾

, 𝑐). 

When 𝑐 ≤
𝑉(𝑁𝐻+𝑁𝐿−2𝑠)

𝑁𝐻+
𝑁𝐿
𝛾

, the capacity constraint is binding and there shall exist a unique optimal resource solution 

𝑑𝐻(𝜏𝐻
∗ ) = 𝑠𝐻  and 𝑑𝐿(𝜏𝐿

∗) = 𝑠𝐿 . When 𝑐 >
𝑉(𝑁𝐻+𝑁𝐿−2𝑠)

𝑁𝐻+
𝑁𝐿
𝛾

, the capacity constraint is unbinding and there are 

multiple resource solutions, where 𝑑𝐻(𝜏𝐻
∗ ) ≤ 𝑠𝐻 , 𝑑𝐿(𝜏𝐿

∗) ≤ 𝑠𝐿 , and 𝑠𝐻 + 𝑠𝐿 < 𝑠. 

In the with-equity-constraint situation, we can derive the following results: 

The MSP cannot be better off by determining price and resource decisions which induce that demand exceeds 
supply. 

When 𝑑𝐻 ≤ 𝑠𝐻  and 𝑑𝐿 ≤ 𝑠𝐿, we obtain the following results:  𝜏𝐻
∗∗ =

𝑉+𝑡

2
−

𝜇𝑉

2𝑁𝐻
 and 𝜏𝐿

∗∗ =
𝛾𝑉+𝑡

2
+

𝜇𝛾𝑉

2𝑁𝐿
, where 𝑡 ≡

max(
𝑉(𝑁𝐻+𝑁𝐿−2𝑠)

𝑁𝐻+
𝑁𝐿
𝛾

, 𝑐) and 𝜇 =
𝛼(1−𝛾)
1

𝑁𝐻
+
𝛾

𝑁𝐿

. 

To have a better explanation of the above results, we present Figure 1 below to illustrate the changes of price 
and resource decisions on the travel demand and MSP’s profits. Figure 1(a) presents the results when capacity 
constraint is binding and Figure 1(b) presents the results when capacity constraint is unbinding. Red lines and 
regions (𝑌1) represent the optimal results in the without-equity-constraint situation. Blue lines and regions (𝑌2) 
represent the optimal results in the with-equity-constraint situation when demand does not surpass supply, 
whereas black lines and regions (𝑌3) represent the results when demand surpass supply. It is evident that when 
𝑑𝐻 + 𝑑𝐿 < 𝑠, multiple resource solutions can be achieved due to redundant capacities, which are floating green 
lines. When 𝑑𝐻 + 𝑑𝐿 = 𝑠, there shall exist a unique solution. Moreover, we can theoretically prove that the area 
follows 𝑌1 > 𝑌2 > 𝑌3. This indicates that the MSP gains the highest profit without equity constraints. Otherwise, 
it gains the highest profit when demand does not surpass supply. 

 

(a)When 𝑑𝐻 + 𝑑𝐿 = 𝑠 



 

211 
 

 

(a)When 𝑑𝐻 + 𝑑𝐿 < 𝑠 
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Introduction and objectives 

Urbanization and the need for faster delivery services have put significant strain on metropolitan road 
transportation networks leading to increased congestion and poor air quality. While the use of cargo pedelecs 
has increased, the conventional logistic chain still requires delivery trucks to enter cities in order to deliver 
parcels to either transshipment points inside the city (so called city hubs) or customers, causing additional 
congestion. With technological advances in Urban Air Mobility (UAM) driven by progress in distributed electric 
propulsion and battery performance, cargo drones have become a solution for this problem in urban logistics. 
Cargo drones can be used on the first and last mile or to supply city hubs. To date, however, drones are mainly 
explored in this context for the last mile, often delivering directly to the costumer a with small drone carrying 
one parcel at a time (Kim, J. et al., 2020). While some manufacturers have developed heavy-duty drones, 
corresponding concepts for cargo transportation to city hubs or transshipment centres have been less in focus 
(Roesing, J. et al., 2023). Considering the potential and growth in the industry, our study thus addresses the 
logistics of air-borne supplied city hubs in parcel delivery. 

Effectively exploring benefits and shortcomings of the logistics chain, many studies have already simulated air 
cargo and last mile parcel delivery processes, e.g. for air cargo handling (Nsakanda, A. et al., 2004; Ou, J. et al., 
2007; Yan, S. et al., 2006) and for parcel delivery in the last mile segment (Kim, J. et al., 2020; Moshref-Javadi, 
M. et al., 2020). Similar to the method applied by Cokyasar, T. et al. (2023) for energy impacts, we compare in 
this work the throughput performance of a conventional ground-supplied urban logistics chain against the 
introduction of an airborne-supplied and city hub centred logistics chain for parcel delivery and discuss the 
potential benefits and drawbacks of both concepts. Our focus is on cargo process simulation starting at an 
international airport, going through a regional airfield and a city hub before delivering the cargo to the customer. 
We determine the percentage of successfully delivered shipments and the delivery time difference between the 
two logistics chains while taking the local environmental impact into account. 

Boundary Conditions 

The logistics chain under consideration is a 3-stage distribution of B2C express cargo shipments from the 
Courier, Express and Parcel (CEP) sector, leading from an international commercial airport via a regional airfield 
and city hubs to the customers. The goods are transported in containers that are loaded at the international 
airport with all the parcels for a particular city hub and used throughout the logistics chain. In this way, only 
complete containers need to be handled at the transshipment hubs, making it easy and time-saving to handle 
deliveries. Between the international commercial airport and the regional airfield, containers are transported by 
a light airplane that is powered by alternative fuels. At the regional airfield, containers are transferred to fully 
electric heavy-lift drones, each of which transports one container to an urban city hub close to the final 
customer’s location. Arriving at the city hub, containers are loaded into electric transporters and cargo pedelecs 
to be delivered to the customer (last mile). In the context of the study, only one direction of the logistics chain 
is considered, since goods are to be delivered as quickly as possible. Our case study for the logistics chain is 
the area of the municipal region of Aachen. The international commercial airport considered is the Cologne/Bonn 
Airport (CGN) and the regional airfield is the Aachen-Merzbrueck Airfield (AAH). The customers are located in 
the municipal region of Aachen. In preparation for the simulation of the logistics chain, various input parameters 
were generated and assumptions made. These are described below, starting with the identification of the 
requirements and the layout of an airborne supplied city hub. 

While the airport and the regional airfield are existing infrastructure that can be used for the logistics chain 
with some adjustments, the city hub will be a new transshipment point. It requires a completely new design, 
based on the legal framework and the requirements to the infrastructure and the operation of take-off and 
landing areas for autonomous eVTOLs (Feldhoff, E.; Metzner, N., 2021). Additionally, the layout of the city hub 
is adapted to the local conditions on the one hand, and to the size of the specific drones and ground vehicles 
on the other hand. Essential components such as operational areas, landing and parking areas for the drone 
and the ground vehicles and areas for cargo handling, security and energy elements form the basis for the 



 

213 
 

design of a city hub. Other individually designed elements can be added and planned according to the necessity 
at each location (e.g. parcel station). 

For the location of the city hubs, we apply a three-stage process based on the combination of the 
aforementioned with legal requirements formulated by Roesing, J. et al. (2023). In the macroscopic stage we 
evaluate the local zoning law. We exclude residential areas, air exclusion zones and maintain a minimum 
distance to interference-prone (e.g. schools) and security-relevant structures (e.g. military facilities). In the 
mesoscopic stage we search aerial photographs of not excluded areas for potential landing sites. We perform 
a location-based accessibility analysis to rank the sites by the number of potential customers. Finally, the top-
ranked locations are analysed in more detail in the microscopic stage by evaluating obstacle clearance, the 
landing and logistics space on-site and compliance with minimum distances from high-traffic areas. After the 
installation of each location, we return to the mesoscopic stage. We evaluate the accessibility of the vacant 
locations, accounting for customers already served. We identify six city hub locations with sufficient customer 
demand. 

Another necessary input for the simulation of the logistics chain is the forecast of the parcel demand on 
the considered route. We developed an estimate of demand for express cargo on a certain route, in our case 
between the international airport and the customer (see Roesing, J. et al., 2023). As a result, we obtain, on the 
one hand, the average parcel weight and volume. On the other hand, we obtain the total number of parcels for 
the route considered in this work. In order to transfer a part of this parcel volume to the new type of logistics 
chain, the willingness-to-pay is varied in three different demand scenarios. 

Finally, we run multiple Monte Carlo simulations to determine the number of drone flights and vehicles 
needed for an economically feasible use case in each demand scenario. Using a synthetic population, we apply 
weighted random sampling to distribute the parcels at the address level and assign the parcels to city hubs 
through catchment areas. We then evaluate the utilization of city hubs and vehicles to determine the most 
economically feasible number and location of city hubs and vehicles for each demand scenario. 

Methodology 

Considering the goals context and structure of our study, Figure 92 below provides an overview of the logistics 
chain as well as simulation methods, inputs and outputs. The simulative study can be divided into two parts, 
which refer to different spatial areas of the logistics chain. The DES model considers the logistics chain from 
the international commercial airport to the urban city hub, taking into account airside delivery processes as well 
as ground handling processes. The VRP model starts there and examines the last mile from the urban city hub 
to the customer with ground-based delivery vehicles. 

Starting with the DES model, the framework includes logistic processes at CGN, at AAH and at the city hub. The 
modelled logistics chain starts with the loading process of containers into the small airplane at Cologne Bonn 
Airport. The final process of the logistic modelled in the DES simulation is the unloading process of a container 
at the city hub. We use the boundary conditions of the logistics chain as simulation input for our model. The 
total cargo volume is based on the forecast of parcel demand and different demand scenarios corresponding 
to varying utilization rates. The specific city hub locations that were selected for this use case are another 
simulation input. These inputs indicate the number of containers delivered from each city hub and the flight 
time to the airfield. Process times such as for taxiing, transshipment, and charging were obtained from the 
literature. We varied the number of operating vehicles to examine their influence on the system and investigated 
the influence of stochastic processing times as opposed to deterministic processing times. We focused on the 
following simulation output parameters: time of drone arrival at the city hub, utilization rate of drones, and 
waiting time of containers. 
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Figure 92. Schematic representation of the airborne-supplied logistics chain 

 

The VRP model of the logistics chain is based on the study area and is considered comparatively for the 
conventional and airborne logistics chain. To simulate last-mile delivery, parcels are distributed at the address 
level using weighted random sampling. We assign the parcels to the various city hubs based on the demand 
scenario’s defined city hubs, ground vehicles, and catchment areas. The conventional logistics chain is solved 
by using the Vehicle-Routing-Problem (VRP) for a logistics center, from which a diesel-powered delivery truck 
delivers to customers. For the airborne-supplied logistics chain, the optimal delivery sequence from city hubs to 
customers is determined. Therefore, the VRP is solved for each demand scenario with varying parcel volumes 
and delivery addresses. A cargo pedelec or an electric van is used depending on the demand of the delivery 
areas. In the second step, we added a constraint to the jsprit simulation to accommodate the single container 
system. Due to the "FullPickupConstraint," the delivery vehicle does not start the delivery tour until a certain 
number of containers are delivered to the city hub, and new containers are only picked up after all loaded 
parcels have been delivered. Following the first step of determining the order of delivery, the delivery tours are 
assigned to container availability, determining the earliest start time of the respective delivery tour. The parcels 
distributed in this manner can then be delivered by the VRP in optimized delivery tours from the city hub or 
logistics distribution center with a focus on cost minimization. This methodology allows for the evaluation of 
both logistics chains, taking factors such as delivery times, delivery time windows, and emissions into account. 
The calculation for local pollutant emissions is based on the HBEFA key figures. The local emissions were 
calculated for the entire logistics chain based on the distances traveled by the corresponding vehicles. 

Results and Discussion 

The DES model shows that the containers’ transportation time until arriving at the city hubs can be partly 
reduced by using more airplanes and drones. However, the time reduction stagnates at a specific number of 
operating aircraft. As expected, using more drones leads to lower container waiting times at the airfield. Using 
more small airplanes while maintaining the number of drones leads to higher container waiting times at the 
airfield, but not necessarily to later arrival times at the city hubs. The availability of drones at the airfield was 
found to be one bottleneck of the logistics chain; the container waiting time for the transshipment by forklifts 
is lower than the waiting time for an available drone. 

For the VRP model, the results show that the airborne logistics chain was able to make 88% of deliveries, while 
the conventional logistics chain was able to make 100% of deliveries. In the airborne logistics chain, not all 
parcels can be delivered even in the medium scenario, whereas in the conventional logistics chain, all parcels 
are delivered by 5:40 p.m. even in the maximum scenario. This results from the drones arriving too late at the 
city hub for the parcels to be successfully delivered within the delivery time window. However, the results show 
that the local particulate matter emissions were three times higher for the conventional logistics chain. These 
findings highlight the trade-off between delivery efficiency and environmental impact and suggest that further 
research is needed to identify sustainable logistics solutions. 

Many observations can be made under further analysis of the models. A trade-off between time-efficiency and 
utilization of the logistics chain is necessary for the volume of operating vehicles. Transportation times tend to 
be overall long and dividing deliveries into types of service products to be sold at different prices ranges could 
be beneficial. Also, an increased value could possibly be added to the proposed logistics chain in the case of 
longer distances between the international airport and the airfield, as aircraft range was not used to its full 
potential. There is further room for improvement in the data exchange between the models so that the VRP 
does not have to be run twice, and more data is required regarding delivery times on the last mile (e.g. pick-up 
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and parking lot search times, walking distances for delivery agents). A missing comprehensive legal framework 
(Roesing, J. et al., 2023) and data lead to uncertainties in the city hub design and the inputs for the simulation 
models. A more accurate assessment and the inclusion of other aspects, e.g. public acceptance and costs, are 
relevant for the introduction of the logistics concept using airborne-supplied city hubs in an urban environment 
and should be explored in future studies. 
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Introduction 

Cities are working on measures such as environmental zones, emission-free zones, car-free city centres and 
hubs. Guided by customer demand, recommendations often focus on a single location and a single indicator i.e. 
safety, environment, accessibility or liveability, while an integral view is often missing. In addition, there is a risk 
of issuing contradictory recommendations from different studies and perspectives, due to insufficient 
familiarity with other research areas and failure to take interactions into account. In order to decide about the 
most effective measures, it would be preferred to determine the effects, on large scale but also in detail to find 
out who benefits and who is hindered. If only few indicators are used at one level, it will give a one-sided 
perspective, while an integral view at all levels provides a more complete view. 

To create an integral view onsocietal/traffic problems which cities, provinces and countries are facing and to 
improve the assessment of interventions in the mobility and logistic system, a study was carried out that aimed 
to integrate different traffic and transport models at different levels. Combining knowledge and models at 
multiple scale levels, starting at the micro level up to the meso/macro models, makes it possible to determine 
the impacts of phenomena that are understood at one level also at the other levels. 

Logistics use case 

A logistics use case has been defined that requires integral multiscale assessment and involves a hub at the 
edge of the city in order to improve efficiency and environment. For the selected use case, some aspects require 
microscopic modelling (e.g. calculation of detailed emissions, traffic congestion and spillback), while 
macroscopic modelling suffices for other aspects (e.g. how routes changes due to the hub and how much traffic 
exists on each link). The city of Amsterdam has been involved in defining this use case. 

Figure 93. Hub location (A) and destination area '“9 Straatjes”' (red plane, B) shown on the map. Source: Google Maps 

 

The logistics use case focuses on the implementation of a city logistics hub for the distribution of goods in the 
city centre of Amsterdam. The destination area is the neighbourhood ‘“9 Straatjes”’, which is a touristic area 
with narrow streets and small retail, cafés and restaurants. Every day, a significant amount of vehicles enters 
the area to distribute goods and to deliver services. Though these transport movements are essential for the 
city to function successfully, it also brings negative impacts such as congestion in the narrow streets, nuisance, 
air pollution and CO₂ emissions. The hub facilitates bundling of goods and a shift to zero emission vehicles. 
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For the purpose of the use case, the soon to be opened ctPark Amsterdam Cityhub is chosen as the location of 
the hub. This is a strategic location on the west side of the city, easily accessible from the highway and within 
close reach of the city. 

Microscopic modelling 

As main model on the microscopic level, a novel agent-based microscopic traffic model under development by 
TNO called, the Large Scale Micro Simulator (LSMS) is used. The LSMS uses parallel computing on the graphical 
card (GPU) using CUDA. In this way, the model is capable of simulating larger networks with more agents than 
conventional microsimulation models. Since it is an agent-based model, modelling can be done on the individual 
vehicle level, which makes it more accurate than macroscopic traffic models. For example, for calculating 
emissions, individual vehicle speeds and accelerations and cold starts can be taken into account, which 
significantly increases the accuracy of emission calculations. 

Since the microsimulation model LSMS is in early stage of development, new developments were needed in 
order to be able to simulate the logistic use case. These new developments concern agent models for 
intersections in urban environments, but also more basic developments of the core of the model. Other 
developments for the LSMS in this study were an emission model with separated cold start emissions, 
incorporation of a hub in the OD matrix, adding heterogeneity to the vehicle agents, agent models for trucks 
and editing/formatting small and large road networks for this use case. For the network modelling, a conversion 
model has been developed to transform a macro-level road network to a micro-level road network using the 
OpenDRIVE standard. 

Inclusion of heterogeneity in the vehicle fleet, which incorporates a variety of properties of the vehicles, allow 
for a detailed and realistic modelling for e.g. congestion propagation and emission calculations. The specific 
impact of fleets with different vehicle euro class composition will let the stakeholders take decisions based in 
quantitative detailed analysis. Therefore, several properties such as weight and vehicle type were added to the 
vehicle agents. Although the heterogeneity in the fleet is currently mainly used in the emission module, these 
properties can be further included into the vehicle behaviour in later developments. 

Cold start emissions 

To the best of our knowledge, this implementation is the first microscale emission model that incorporates cold 
start contributions. Cold start emissions have been in the spotlight for years but there are only few studies on 
their impact on urban areas. With a large scale micro simulation model that incorporates cold start emissions 
their true scope and impact can be assessed. 

In the current work the approach was to follow a data driven methodology, using monitoring data from the 
Smart Emissions Measurement System (SEMS) developed by TNO. (see for example [Vermeulen et al. 2012], 
[Kadijk et al. 2015] and [Kadijk et al. 2017]. This system acquires measurements of pollutants, including NOₓ 
and CO₂. By means of these measurements, an equation for CO₂ as a function of kinematic variables is 
determined, given a principle-based data-fitted equation for the CO₂. 

For the NOₓ, the approach is slightly different: it is a fully data driven approach. After identifying the main 
dependencies of NOₓ these were binned according to the amount of data available to map vales of NOₓ 
dependencies to NOₓ levels on a very detailed fashion. These Augmented Emission Maps (AEM) have been under 
development and improvement at TNO for several years. Currently, the cold start emission model adds the cold 
start contribution to the start of the trip using an exponential function to smooth the emission function. 

Intersection models 

For micro-level modelling of traffic through intersections, an inventory of intersection types has been made. 
For two of those types a specification of how to model car (driver) behaviour has been formulated in terms of 
a State (Transition) Diagram and textual documentation of the behaviour in each state. These two types are the 
signalized intersection and unprioritized intersections. 

For the signalized intersection the model has also been implemented and tested (albeit only on small scale) in 
the LSMS. For the unprioritized intersection only the tactical layer has been implemented, and so far without 
gap detection. Also deceleration for approaching a traffic light is implemented based on earlier models 
developed at TNO. 
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Macroscopic modelling 

For the macroscopic approach, the same OD and hub location were used and implemented into a macroscopic 
traffic model from TNO,  called Urban Strategy (US) [Borst, 2022]. A simulation run was performed and first 
results were obtained as comparison to the microscopic approach. 

The initial results of the logistics use case at macroscopic level showed that the traffic effect was localized in 
the destination area and at the hub location. There was a positive effect on the truck traffic going to the area. 
This means that as expected, the hub could help reduce truck traffic going into the area. However, there was a 
negative effect on other locations. Specifically, the roads leading to the hub location were faced with increased 
truck traffic. The effect of the hub on trips going to the “9 Straatjes” was visible in the traffic intensities of Euro 
6 Trucks. As expected, there was a decrease in the Euro 6 truck traffic in that area while there was an increase 
in traffic for other surrounding areas. This indicates that there was an expected positive effect on the truck 
traffic on those streets if the hub is introduced. As expected, for the hub location, there is an increase in traffic 
towards the hub. This is because all Euro 6 trucks going to the destination area are redirected to the hub 
location. Furthermore note that on the flip side, for the hybrid/ZEEV matrix, the emission-free traffic going to 
the destination area will increase due to new hybrid trucks coming from the hub to the area. 

Due to a lack of data on the use case, a generic approach was required. this had an impact on the accuracy and 
reliability of the results. However, the use case was useful as a hands-on approach to explore what is required 
to make a macroscopic traffic model suitable for logistics questions. From this exploration it follows that it is 
essential to have a clear picture on the composition of logistics in urban areas to be able to compose the Origin 
Destination matrices and to expand knowledge on the potential effect of logistics measures such as the use of 
hubs. 

Conclusions 

Many core developments have been implemented for the new large scale microscopic model LSMS. These 
concern e.g. curve driving, basic intersection objects (including traffic lights with basic traffic state) and traffic 
assignment. These were necessary for urban traffic simulation on microscopic level. Though the model was not 
yet far enough developed to already simulate the use case on microscopic level, the developments and early 
results are promising to continue these developments. 

To date, the implementation of a cold start emission model into a microscale emission model has not often 
been reported. Although the total amount of the cold start emissions is accurate, the smoothing creates an 
artificial distribution in a small area that might not be accurate. The behaviour of cold start emissions should 
be further investigated and properly implemented. Overall, the model should be periodically updated using 
monitoring data, to add accuracy and also adjust to the new fleet composition. 

Besides the development of the microscopic model, this study has also explored how the macroscopic tool 
Urban Strategy can be used for showing the impact of logistics. The exploration of a logistics use case using 
Urban Strategy demonstrated that Urban Strategy can be valuable to show the (negative) impact on the 
surroundings of logistics hubs or other locations where logistics movements concentrate (such as construction 
sites). Additionally, it can be used to show the potential of logistics and technical measures on city level. It is 
necessary to further research the composition of urban logistics: the number of trips, kilometres and vehicles 
in urban areas per vehicle type and logistics segment. 
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This paper proposes a new methodology for exploring the impact of heterogeneity on longitudinal vehicle 
movement due to the variation in driver behaviours. Driver heterogeneity affects traffic flow, safety and energy 
efficiency. We propose a methodology that analyses the acceleration behaviour of drivers to enable inter-driver 
and intra-driver characterisation. The comparison of different drivers in different vehicles becomes possible 
through a standardisation process that transforms observed accelerations into so-called Independent Driver 
Style (IDS) distributions. The dynamics of powertrain technologies are considered when acceleration values are 
observed to enable a fair driver comparison. The results demonstrate that the IDS methodology effectively 
captures the heterogeneity of driver behaviour and powertrain technologies and can identify areas for 
improvement in driving behaviour. 
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Complex interactions between trains lead to delay propagation determined by many factors. In-depth insights 
are required to better understand how a delay at a location affects the wider network. In this study we 
investigate the cause-effect relations between the incidents and causes of initial delays using a GNN-based 
method. First, we use data mining to analyse the connectivity structure of the existing delay instances occurred 
in part of the GB rail network, based on their temporal-spatial sequence and cause-effect relations. Then we 
train a link prediction model, where each event/delay is modelled as a node and given any two nodes, we can 
predict whether they are linked, i.e., they have cause-effect relations using GraphSAGE neural network. 
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Introduction 

The share of public transportation in Japan has been declining in recent years as more people use private 
vehicles as their primary mode of transportation, especially in regional metropolitan areas (Ministry of Land, 
Infrastructure, Transport and Tourism, 2017). If private vehicle use exceeds parking capacity, traffic congestion 
caused by waiting for parking will reduce the convenience of public transportation, triggering further decline in 
the number of public transportation users. Specifically, in Okinawa Prefecture –the target of this study– public 
transportation is limited to one railroad line, the monorail, and buses. Buses have been identified as having 
problems, such as "few services" and "late arrivals," resulting in low levels of public transportation convenience 
and use awareness (Ishii et al., 2019). Japan's public transportation policy is based on a maximum fare approval 
system subject to price-cap regulations, thus it is not sufficiently flexible for fare changes due to legal 
restrictions. Therefore, service improvements that actively utilize public transportation, such as park-and-ride 
and school bus systems to ease traffic congestion in urban areas, have not progressed as well as expected. 
Furthermore, many students who travel to their part-time jobs after classes commute to the university using 
their own vehicles because of the travel time of public transportation and lack of a regular schedule. There is 
concern that the influx of students commuting to universities using private vehicles will cause traffic accidents 
on campus and traffic congestion in the surrounding area, as well as increase greenhouse gas emissions from 
private vehicles. Therefore, the challenge is to provide such students with multiple means of transportation 
other than their own vehicles and to change their attitudes, so that they will use alternative means of 
transportation is required. 

A new mobility service concept called mobility-as-a-service (MaaS) was launched in Finland in 2014, aiming to 
increase the convenience of mobility by combining various mobility services for door-to-door travel. The idea is 
to increase the convenience of mobility by combining various mobility services, such as bicycles, car sharing, 
and on-demand bus services, as well as public transportation, such as railways, subways, street cars/trams, and 
buses. Currently, the MaaS model is mainly operating in Europe, while in Japan, various MaaS models, including 
those of transportation operators, have been verified for introduction and considered for implementation since 
2018. Most MaaS models being tested are specialized for transportation in sightseeing areas or for completing 
reservations for demand transportation in depopulated areas via mobile apps, among others. However, few aim 
to maintain public transportation as a means of transportation in the community. 

Therefore, this study proposes a transportation demand management (TDM) approach that aims to shift 
university commuting from private cars to public transportation, and to maintain public transportation in the 
region. To do so, we propose a campus MaaS model that introduces shared bicycle services, carpooling to and 
from schools, and a parking lot use system. Campus MaaS is built on a blockchain-based platform, and a 
demonstration experiment was conducted using a mobile app that implements some of the proposed functions, 
targeting students and faculty members at the University of the Ryukyus in Okinawa Prefecture, Japan, where 
many students commute to school by private vehicles. 

Methodology 

Figure 1a shows the current commuting method to the University of the Ryukyus. Most students commute to 
the University of the Ryukyus via private vehicles, partly because parking on campus is free. Other means of 
commuting to the university include direct route buses and a combination of buses running on the main road, 
approximately 2 km from the university, and shared bicycles as a last-mile service. However, direct buses to 
the university are infrequent and can be delayed by 10 minutes or more on some days, causing students to be 
late for class (Ishii et al., 2019). In addition, reservations for the use of shared bicycles in Japan can only be 
made 30 minutes before use, and it is not clear whether bicycles will actually be available until just before 
using them, which does not ensure a reliable means of daily commuting to school. 
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Figure 94. Left picture: Current method for university commuting; Right picture: Example of MaaS model for university 
commuting 

 

Source: Prepared by the authors. 

To solve this problem, our proposed campus MaaS model provides "parking lot sharing", "advance shared bicycle 
reservation", and "reservation and payment integration” for parking and each means of transportation, as shown 
on Figure 1b. This model aims to optimize the use of parking spaces, promote the use of public transportation, 
and improve services. Specifically, for the campus MaaS model shown in Figure 1b, we propose an economic 
model that integrates transportation behavior and incentivization in a TDM measure to promote public 
transportation use. Currently, parking at the University of the Ryukyus is free; however, this model aims to 
reduce the use of private cars by charging parking fees. The parking fees can then be used as a source of funds, 
redistributed to students and faculty members who discourage the use of private cars and as a last-mile 
measure to encourage shifting to the use of public transportation. Figure 2 illustrates the economic model of 
campus MaaS. 

Figure 95. Campus MaaS Economic Model 

 

Source: Prepared by the authors. 

To create a sustainable autonomous economic model, blockchain technology was used to provide a data 
collaboration platform. In applying blockchain technology, we evaluated it based on the indicators of necessity 
in the "Blockchain Technology Overview" flowchart provided by the U.S. National Institute of Standards and 
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Technology (Dylan et al., 2018). The results, it was determined that the application of blockchain was desirable 
given the need to provide multiple pieces of information for this demonstration experiment (publicizing the 
reservation status of parking, carpooling, and shared mobility), preventing falsification of reservation status, 
and eliminating the need to appoint an administrator for continuous and efficient management. 

The demonstration experiment was conducted over 10 weekdays, from December 5 (Monday) to December 16 
(Friday) 2022, at the University of the Ryukyus, in Nishihara Town, Okinawa Prefecture, Japan, and targeted the 
commuting behaviors of 25 people (16 students and 9 faculty members). At the University of the Ryukyus, 
approximately 1.5 times as many students (approximately 5,000) commute by vehicle as the number of parking 
spaces available (Kikuchi et al., 2022) and problems, such as "traffic congestion caused by waiting to enter 
parking lots," have become apparent. Since there was concern that students who did not commute to school 
using private vehicles would be reluctant to use public transportation due to the increased time and cost burden 
(bus fares, etc.), we considered those who chose a means that led to public transportation use as contributing 
to "reducing traffic congestion" and "maintaining regional public transportation." Therefore, we rewarded them 
with points as an incentive for choosing public transportation instead of private vehicles. To verify the 
effectiveness of the shift in transportation mode, we implemented the following two functions, which are part 
of the proposed model, on a blockchain platform: 

1. Shared bicycle as last-mile service (registration can be made one week in advance). 

Shared bicycles were introduced as a means of access (last-mile) to the university from bus stops in 
the vicinity that are operated by high-frequency buses, thereby increasing the university transportation 
options. 

2. Carpooling assist system. 

To reduce the number of private vehicles commuting to the university, a carpooling system was 
established in which several people ride together to the university. Carpool matching was implemented 
by issuing and acquiring tickets through blockchain-based smart contracts. 

Results 

Based on the analysis of the data posted on the platform, Figure 3 shows the results of the reservations and 
registrations for means of commuting during the experimental period. Overall, the largest number of 
participants used private vehicles (alone) at 71 (43%), while 38 (23%) used public transportation. There were 
four (2%) carpool drivers and passengers, and one (1%) shared bicycle user. In follow-up interviews regarding 
the reasons for the low use of carpooling, participants cited "resistance to riding in someone else's car" and 
"resistance to the increased time required" as reasons for the low use of carpooling. Thus, it is necessary to 
consider changes to the use system in the future. Regarding why only a few participants used the shared bicycle, 
some respondents stated that "the roads around the university are narrow and dangerous for bicycles," "the 
university is located on hilly terrain, making it difficult to use bicycles", and 23 of the 25 participants in the 
experiment did not consider using the shared bicycle because they could take the bus that goes directly to the 
university. Therefore, it is necessary to consider changing the shared bicycle use system in the future, as well 
as expanding the range of participants' residences in subsequent experiments. Regarding mode of 
transportation, 46 participants (28%) chose "other;" however, according to the interviews, they chose "walking" 
as their mode of transportation. It should be noted that some of the participants in the experiment are students 
who may be willing to use public transportation, and the results confirm that the redistribution of parking fees 
to public transportation users may convert approximately 20% of participants from private cars to public 
transportation. Though used infrequently, we were also able to establish the use of carpooling systems and 
shared bicycle, thus confirming the possibility that these can be used as a means of commuting to the university. 

Figure 96. Reservations and registrations of means of transportation (experimental period) 

 

Source: authors’ elaborations. 
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Conclusion 

By introducing an advanced last-mile reservation system, a carpooling support system, and incentives when 
using public transportation, we were able to confirm the possibility of shifting from private vehicles to public 
transportation when commuting to the university. However, most of the participants in this experiment live in 
locations with high accessibility to the university. In future studies, the relationship between student residences, 
the required commute time, and the number of public transportation connections from their residences to the 
university must be analyzed to identify measures to optimize the commuting method. Moreover, when the 
number of people shifting away from private vehicles increases, the current public transportation infrastructure 
and other services may not be sufficient to handle the increase. Therefore, it is necessary to consider the scale 
of use conversion through the amount of incentives and other measures. Finally, because the platform 
constructed for the current experiment has not yet been linked to the data owned by each transportation 
administrator, a technical verification of the blockchain system must be conducted and rules for data linkages 
established in the future. 
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Introduction 

Mobility uses change, the way we travel to overcome the spatial separation of activities, the consequence of 
the urban spatial structure determined by the land use, and the physical connectivity provided by the transport 
infrastructure, changes over time due to technological and societal changes. Mobility as a Service (MaaS) 
emerged as a new form of combining both factors expected to improve mobility, especially in large urban areas. 
After a few years, the experience shows that has not always been the case, not only the expectancies have not 
been met, but the new mode has hindered public transport. The International Union of Public Transport (UITP) 
and the International Transport Forum (ITF) have made proposals and conducted exploratory studies aimed at 
defining policies to use these services as feeders of public transport to achieve a win-to-win strategy. This 
raises the problem of how to combine both modes in an intermodal system to achieve such objectives, especially 
in those areas of large metropolitan conurbations that, as a consequence of urban sprawl, cannot be efficiently 
served by conventional public transport. Ride-pooling, a form of Demand Responsive Transport, coordinated 
with multimodal public transport could be a solution. This paper explores how to model such systems, based on 
a simulation-based intermodal assignment approach, where an agent-based simulator manages service 
requests, accounting for the locations and capabilities of the vehicles in the fleet, and the schedules of the 
public transport, and the time constraints in a dialogue with an intermodal dispatcher defined by an optimization 
model, that proposes the best-combined solution. 

Since the present system accounts for an intermodal scenario in which the ride-pooling serves as a feeder of 
the public transport, it makes sense to account for five different intermodal types of journeys: a 1-leg trip of 
either ride-pooling (RP) or public transport (PT), a 2-leg combined one of either RP+PT or PT+RP and a 3-leg 
combined one of RP+PT+RP. While the first four possibilities would be more common in areas with short routes, 
the latter one would be more suitable in lengthy interurban journeys since the additional transfer times may be 
absorbed into the overall journey duration. 

This topic has lately been gaining some interest in the research community. Yet, based on our findings, the 
intermodality appears to be oversimplified. The majority simply assess the combination resulting from the 
nearest vehicle and stop, with only Hickman and Blume (2001) considering more than one stop. Moreover, 
studies such as Liang et al. (2016) and Stiglic et al. (2018) evaluate their approaches on artificial or small PT 
networks, as well as with a limited set of trip requests. Pinto et al. (2020), on the other hand, employ a larger 
test area but do not evaluate all intermodal types of journeys. In contrast, our research relies on a simulated 
approach that accounts for all the intermodal types, not only the nearest vehicle and stop, and is tested in a 
large realistic transportation network. 

Figure 97. Intermodal  system architecture 

 

Figure 98. Relationships in the optimization model
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Figure 1 below depicts the proposed intermodal system. It consists of a simulator that evaluates the new use 
case based on simulation, and a dispatcher that, among other functions, calculates the new intermodal routes. 
The methodology of the present system is as the follow. When a request's booking time is reached, the simulator 
sends the request to the dispatcher, who responds with the proposed intermodal route. The simulator then 
updates the new tour plan and begins its simulation. Vehicle location updates are given to the dispatcher on a 
regular basis in accordance with these tour plans, ensuring that every component in the system is informed and 
up to date for future booking requests. 

The intermodal simulator 

The intermodal simulator, introduced in Lorente et al. (2021), is an event-scheduling and agent-based simulator 
that originally covered a ride-pooling exclusive scenario. However, for this research, it has been extended to 
account for the integration with the public transport. It has two type of agents: vehicles and customers. The 
vehicle represents a vehicle moving between pick-up and drop-off locations. A customer, on the other hand, 
represents a customer who books and performs a trip. Its behavior has been extended so that his journey 
consists of various legs of ride-pooling and public transportation modes, and may transfer between modes. It 
has also been enhanced with a batch dispatching strategy, which groups and solves requests that arrive in a 
short period of time (a batch) together to maximize the system’s resources (fleet of vehicles and system 
performance). 

The intermodal dispatcher 

The intermodal dispatcher, introduced in Lorente et al. (2022), is made up of various components. The core, the 
Outer Dispatcher, determines the intermodal tour plans based on the information supplied by the other two 
components that handle each transport mode to combine: MaaS Dispatcher, a ride-pooling dispatcher, and PT 
Journey Planner, a route planner based on rRAPTOR (Delling et al. (2012). 

Due to the batch dispatching strategy, the booking requests, when received by the dispatcher, are queued in 
the dispatcher’s queue and kept unanswered until a batch request arrives and responds with a solution for 
every pending request in the queue. Furthermore, because it is difficult to accurately determine the best ride-
pooling vehicle for long trips containing a last-leg of ride-pooling that far in advance, a delay-dispatching 
strategy has been adopted, which separates the dispatching procedure of these kinds of trips into two batch 
iterations: in the first, the first part of the trip is determined (until the transit leg) with an estimation of the last-
leg of ride-pooling. Then, in a second iteration, when the time-window of this last-leg approaches, the ride-
pooling vehicle is finally determined. This makes it necessary to consider the so-called LL request types referring 
to Last-Leg requests. 

The intermodal dispatching algorithm consists of a three-step algorithm. First, the candidate vehicles and stops 
that could be potentially combined to form these combined trips are heuristically determined by restricting the 
search space from the origin and destination areas. Then, the tour plans options are determined using the MaaS 
Dispatcher and PT Journey Planner, finding suitable combinations from the set of candidate found before. And 
lastly, the best-combined solution is determined by means of an optimization model explained below. 

The model assumes that there is a set of customer requests N, a set of ride-pooling vehicles J and a set of 
transit stops S. Each customer will be assigned to a vehicle and a stop. Figure 2 depicts the possible decisions. 
For convenience, a “null-vehicle” and a “null-stop” represent not using a vehicle or a stop. Hence, two additional 
sets are defined: 𝐽0 = 𝐽 ∪ {0} and 𝑆0 = 𝑆 ∪ {0}.This suggests the use of model using binary variables 𝑥𝑖𝑗 and 

𝑦𝑗𝑘 , 𝑖 ∈ 𝑁, 𝑗 ∈ 𝐽0,  𝑘 ∈ 𝑆0, representing the customer-to-vehicle and vehicle-to-stop assignment, which admit a 

representation as binary network flow on the graph. Additionally, variable 𝑧𝑖𝑗𝑘 represents the customer-to-
vehicle-and-stop assignment. The optimization model (c1) to (c6’) below yields the modal trip composition. 
Constraints (c1) to (c2’’’) verify the flow restrictions, while (c3) to (c5) (omitted due to abstract space limitations) 
express the time-constraints of the assignments. (c6) to (c6’) impose the fulfillment of the customer’s 
intermodal preference (𝑁𝑎  wants RP-exclusive and 𝑁𝑏  the PT included. Requests not in these sets do not 
impose a preference). The model seeks to minimize the overall cost of the assignments denoted by 𝑐𝑖𝑗𝑘 
considering their travel time and fare (based on reported fares from equivalent enterprises already operating 
in the experiment’s test area), while also penalize requests not served with 𝑇1 to 𝑇4, which applies a 4-level 
request prioritization that prioritizes LL requests with the highest priority, followed by requests that could not 
be solved in a previous dispatch, and a priority distinction to encourage requests to be booked in advance rather 
than at the last minute. 
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Mi𝑛𝑥,𝑦,𝑧,𝑇∑∑ ∑ 𝑐𝑖𝑗𝑘𝑧𝑖𝑗𝑘
𝑘∈𝑆0𝑗∈𝐽0𝑖∈𝑁

+ 𝑇1 + 𝑇2 + 𝑇3 + 𝑇4 

∑𝑥𝑖𝑗
𝑗∈𝐽0

= 1, i ∈ 𝑁 (𝑐1) 

∑𝑥𝑖𝑗
𝑖∈𝑁

≤ 1,  𝑗 ∈ 𝐽(𝑐1′) 

∑𝑥𝑖𝑗
𝑖∈𝑁

= ∑ 𝑦𝑗𝑘
𝑘∈𝑆0

,   𝑗 ∈ 𝐽 (𝑐1′′) 

𝑧𝑖𝑗𝑘 ≥ 𝑥𝑖𝑗 + 𝑦𝑗𝑘 − 1,  𝑖 ∈ 𝑁, 𝑗 ∈ 𝐽,  𝑘 ∈ 𝑆0(𝑐2) 

𝑧𝑖𝑗𝑘 ≤ 𝑥𝑖𝑗 ,  𝑧𝑖𝑗𝑘 ≤ 𝑦𝑗𝑘 , 𝑖 ∈ 𝑁, 𝑗 ∈ 𝐽0,  𝑘 ∈ 𝑆0 (𝑐2′) 

𝑥𝑖0 ≤ ∑ 𝑧𝑖0𝑘
𝑘∈𝑆0

 𝑖 ∈ 𝑁 (𝑐2′′) 

𝑦0𝑘 ≤∑𝑧𝑖0𝑘
𝑖∈𝑁

, 𝑘 ∈ 𝑆0 (𝑐2′′′) 

∑𝑧𝑖𝑗0
𝑗∈𝐽

= 1− 𝑥𝑖0, i ∈ 𝑁
𝑎 ∪ 𝑁𝐿𝐿, (𝑐6) 

∑∑𝑧𝑖𝑗𝑘
𝑘∈𝑆𝑗∈𝐽

= 1− 𝑥𝑖0,  𝑖 ∈ 𝑁
𝑏 (𝑐6′) 

𝑥𝑖𝑗 ∈ {0,1},  𝑦𝑗𝑘 ∈ {0,1},  𝑧𝑖𝑗𝑘 ∈ {0,1},  𝑖 ∈ 𝑁,  𝑗 ∈ 𝐽0,  𝑘 ∈ 𝑆0 

𝑇𝑖 ≥ 0, 𝑖 ∈ 𝑁 

It is assumed that for each stop, the most convenient stop near the destination location has been established 
in a prior step of the dispatching algorithm. Depending on how close it is to the destination, the customer may 
be able to walk there, but if not, a ride-pooling last-leg would be estimated. 

Results 

The proposed approach has been computationally tested in the close to reality large real transport system of 
the main part of the First Crown of the Metropolitan Area of Barcelona, with an extension of 20x15 kilometers 
and a high urban density. The required data has been obtained from the Barcelona Virtual Mobility Lab model 
(Montero et al. (2018)), which is depicted in Figure 3. The public transport network includes bus, metro, railways 
and trams, with about 3,000 stops, nearly 300 distinct bus lines, 10 metro lines, 16 railways lines and 2 
tramways and providing more than 6,000 services during the operational horizon assumed in the tests (from 9 
am to 13 pm). Moreover, the private traffic network is constituted of 114,000 links and 87,300 nodes. The 
experiments were carried out using a collection of 10,031 trip requests, with departures spread over a 4-hour 
period (from 9 am to 12 pm). Table 1 shows an example of three experiments that assess if the LL is not 
delayed, if it is dispatched 40 minutes before the customer leaves the PT system, or if a vehicle reservation 
strategy is employed 60 minutes in advance. These findings show how not delaying the LL dispatch is the most 
reliable option and delaying it may result in some being left at the stop (the LL could not be dispatched).  
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Test area showing the transit network However, if a vehicle reservation strategy is used, the system serves 
slightly more requests, completes all trips while also producing more profitable results. 

Table 18. Results summary, including number of trips, average travel time and fare per intermodal type, number of 
customers left at stop (LL could not be dispatched), and system’s profit (deducting salaries and fuel costs) 

LL configuration 
Served demand Left at 

stop 
Profit 

RP PT RP+PT PT+RP 3-leg 

Dispatch not delayed 
1,216 

58.5min 
10,4€ 

5,540 
26.5min 

1,1€ 

574 
40.8min 

4,4€ 

501 
56.6min 

5,1€ 

113 
68.1min 

8,8€ 
0 5,543.6€ 

Dispatch 40 min adv. 
No reservation 

1,144 
62.9min 

10,9€ 

5,418 
26.0min 

1,1€ 

443 
40.5min 

4,3€ 

774 
52.5min 

5,0€ 

123 
59.5min 

8,6€ 
27 5,882.3€ 

Dispatch 40 min adv. 
Reservation 60 min adv. 

1,206 
58.7min 

10,3€ 

5,497 
26.4min 

1,1€ 

545 
40.7min 

4,3€ 

570 
54.9min 

5,4€ 

136 
62.7min 

8,8€ 
0 5,747.9€ 

 

Conclusions 

The simulations show that travel times and user fares are competitive, especially for 2- and 3-leg trips and 
that the system is appealing as it may not only act as a feeder for the central PT system, but also for the RP 
system, since commuters in the surrounding areas may become its clients. 
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The evaluation of impacts of Mobility as a Service (MaaS) on environment has received little attention. This 
study aims to forecast the diffusion of MaaS in a medium-sized city and quantify the consequent reduction in 
pollutant emissions for commuting trips. Results of a mobility survey administered to employees of the 
Municipality of Padova (Italy) were used to calibrate a model predicting MaaS adoption, that was applied to real 
working trips to estimate vehicle emissions in scenarios with different bundles. A reduction in the range of 4-
41% was quantified, depending on the proposed scenario, if compared with the current situation, indicating that 
MaaS can contribute to reach sustainable goals even in medium-sized cities, however the extent of these 
benefits depends on its design. 
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Introduction 

Traffic congestion negatively affects the quality-of-life of the people, causing significant costs at individual, 
social, and economic levels (Rahman et al., 2021). Generally, there are two ways to alleviate traffic congestion: 
enhancing the supply or acting on the demand. In the first case, the objective is to expand the road capacity by 
building new roads and facilities or adding lanes to existing roads. The second approach, called demand 
management, consists in reducing and/or fairly distributing the traffic demand. Congestion pricing schemes and 
car rationing policies are examples of demand management strategies. 

In the last decade, a new type of demand management strategy has attracted much interest in the 
transportation community: the tradable credits scheme (TCS) (Yang and Wang, 2011). In a TCS, a central 
authority (CA) aims to decrease the congestion on a transportation network. The CA designs a charging scheme 
and sets the traffic demand to be served by allocating a certain number of credits. The users of the network 
are the recipients of this allocation. They make their mobility choices taking into account their personal credits 
budget. In fact, users have to pay an amount of credits to the CA that varies depending on how much the choice 
made is in line with the CA’s objective. If the budget is not enough to afford the charge, the user can buy 
additional credits from other users whose mobility choices led them to save credits. This buy/sell mechanism 
takes place on a market monitored by the CA. 

Since the pioneering paper of (Yang and Wang, 2011), many TCSs have been proposed to either reallocate the 
traffic demand in space and time or discourage car usage in favor of alternative modes of transport (Balzer 
and Leclercq, 2022; Bao et al., 2019; Liu et al., 2022; Nie, 2012; Nie and Yin, 2013). Furthermore, game and 
field experiments have been carried out to study the effectiveness of TCS and the response of people to such 
technology (Aziz et al., 2015; Brands et al., 2021, 2020). However, no full-scale TCS has been implemented yet. 
The main difficulties lie in the complexity of the problems and the high transaction costs related to monitoring 
the vehicles and trading the credits. In fact, the majority of the works consider link-specific or distance-based 
charging schemes, which imply knowing the path chosen, and so the position of the vehicles. Moreover, the 
most adopted credits market is a peer-to-peer negotiated market, with the CA only ensuring the transparency 
of the transactions. This type of market may give space to speculators and presupposes a constant update of 
the credit price. 

In the present paper, we propose a TCS with a mode-based and time-varying charging scheme, with the users 
trading the credits directly with the CA. The network considered is formed by M origins and a single destination. 
The latter is assumed to be a limited area with one gate entrance representing a bottleneck. The scope of the 
CA is twofold: decrease the number of vehicles accessing the area every day and spread the vehicle demand in 
time to reduce the waiting time at the entrance. 

Methodology 

We considered a traffic demand consisting of N homogeneous users coming from M different origins. All the 
users have the same destination, which is the gate entrance of the limited area. Each user commutes from 
his/her origin to the destination on a daily basis and has four mode alternatives to complete the trip: car, bus, 
bike, or on foot. Users arriving by car contribute to the formation of the queue at the entrance. A CA implements 
a TCS to decrease the number of vehicles accessing the area every day, and spread the vehicle demand in time 
to reduce the waiting time at the entrance. As a first step, the CA allocates a certain amount of free credits 
every week, according to a uniform strategy. The credits expire after one week, so none can gain by banking 
them, and speculations are limited. 

Then, the CA introduces the following charging scheme: users who arrive by bus, bike, and on foot are not 
charged; vice versa, users who commute by car have to pay a tariff in credits to compensate for the 
emission/congestion caused. The tariffs vary depending on the arrival time window. We considered four 
different arrival time intervals: 7.30 AM - 8.00 AM, 8.00 AM - 8.30 AM, 8.30 AM - 9.00 AM, 9.00 AM – to the 
rest of the day. We assumed that 8.00 AM - 8.30 AM is the desired arrival window for all the drivers, and the 
related tariff is the highest one. Drivers who arrive before/after the desired time window experience an early/late 
arrival cost. In general, the travel costs for each mode are the following: 
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{
 

 
𝐶𝑐𝑎𝑟
𝑊𝑖 = 𝑀𝐶𝑐𝑎𝑟 + 𝛼 ∗ 𝑇𝑇𝑐𝑎𝑟 + 𝛼 ∗ 𝑊𝑇𝑊𝑖 + 𝐴𝐶𝑊𝑖 + 𝜏𝑊𝑖 ∗ 𝑝

𝐶𝑏𝑢𝑠 = 𝑀𝐶𝑏𝑢𝑠 + 𝛼 ∗ 𝑇𝑇𝑏𝑢𝑠
𝐶𝑏𝑖𝑘𝑒 = 𝑀𝐶𝑏𝑖𝑘𝑒 + 𝛼 ∗ 𝑇𝑇𝑏𝑖𝑘𝑒

𝐶𝑜𝑛 𝑓𝑜𝑜𝑡 = 𝑀𝐶𝑜𝑛 𝑓𝑜𝑜𝑡 + 𝛼 ∗ 𝑇𝑇𝑜𝑛 𝑓𝑜𝑜𝑡

 (1) 

where: MC is the mode cost which includes the mode preference and the fixed cost associated with the mode. 
TT is the travel time, calculated as the O-D distance divided by the average speed of the mode, whereas α is 
the Value of Time. 𝑊𝑇𝑊𝑖 is the waiting time experienced by a driver arriving at the gate entrance at the time 
window Wi. This waiting time is a function of the number of vehicles registered the previous day during the 
same time window. 𝐴𝐶𝑊𝑖 and 𝜏𝑊𝑖  are the arrival cost and the credit cost associated to the arrival time window 
Wi. Finally, p represents the credit price. 

The decision process follows a nested logit model. The users choose the mode of transport, and in case it is 
the car, they have to decide the arrival time window, as depicted in Figure 1. The probability to choose the car 
and the arrival time window Wi is given by: 

𝑃𝑟𝑐𝑎𝑟
𝑊𝑖 =

𝑒
−𝐶𝑐𝑎𝑟

𝑊𝑖

𝜆𝑐𝑎𝑟  (∑ 𝑒
−𝐶𝑗
𝜆𝑐𝑎𝑟

𝑗 )

𝜆𝑐𝑎𝑟−1

∑ (∑ 𝑒

−𝐶𝑗
𝜆𝑗

𝑗 )

𝜆𝑙

𝑙

 (2) 

 

where j are the different alternatives in the nest l, whereas 𝜆𝑐𝑎𝑟 is a parameter that measures the degree of 
independence among the alternatives in the nest car. 

Figure 100. Decision process via nested logit 

 

Source: Authors’ elaborations. 

In the present scheme, the CA acts as a virtual bank. Users can trade the credits directly with the CA. The latter 
sets an initial credit price and then adjusts the price on a daily basis. We adopted the same price adjustment 
mechanism proposed by (Liu et al., 2022). According to this mechanism, the credit price for the day d+1 is 
based on the previous credit price and the expected excess credit consumption Z as: 

𝑝(𝑑 + 1) = 𝑝(𝑑) + 𝑄(𝑝(𝑑), 𝑍) (3) 
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Results 

We carried out a simulation with 200 users randomly assigned to 5 different origins. Each origin has a different 
distance from the destination: 2, 7, 15, 25, 40 km. The CA allocates 8 credits per week and sets the following 
credit tariffs: 𝜏7.30−8.00 = 3, 𝜏8.00−8.30 = 5, 𝜏8.30−9.00 = 4, 𝜏9.00−𝑜𝑛 = 2. The initial credit price is set to 0.01€. 
The results are presented in Figure2. Under the TCS, the number of users arriving by car starts decreasing, 
whereas the number of users choosing alternative modes increases. At the same time, the cars are uniformly 
spread over the time windows, as shown in figure 2b. The credit price becomes stable, and the difference 
between the credits allocated and the credits consumed tends to zero after a transition period. These two last 
outputs confirm the robustness of the model and how it converges to an equilibrium condition. 

Figure 101. Simulation results 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

Source: Authors’ elaborations. 

Conclusions 

Although the TCSs have been recognized as a promising instrument to decrease traffic congestion and the 
literature is dense of models, no full-scale TCS has been implemented yet. Most of the proposed models adopt 
link-specific or distance-based charging schemes, which imply knowing the position of the vehicles and generate 
issues in terms of complexity and privacy. Morerover, the majority of the works consider a peer-to-peer 
negotiated market for the credits. This type of market presupposes a constant update of the credit price and 
may leave space for speculators. In the present paper, we propose a practical TCS with a mode-based and time-
varying charging scheme to reduce and spread in time the vehicle demand. The users can trade the credits 
directly with the CA, which acts as a virtual bank. The results show the effectiveness and robustness of the 
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model. For further research, the heterogeneity of the users and their behavioral response have to be 
investigated. 
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Introduction 

In the mobility system, mobility service providers (MSPs) are mainly selfish entities that aim to maximize their 
own profits using pricing instruments and operation strategies. For example, ride-sourcing operators and bike-
sharing operators allocate different numbers of vehicles to different zones and set discriminatory prices for 
different groups of customers (Bennaceur et al. 2020, Duran-Rodas et al. 2020). Their resource allocation and 
pricing strategies are designed to maximize their own profits. This may lead to a situation where low-income 
customers are less likely to be allocated to desired mobility services, especially during congested periods. 
Meanwhile, travelers living in remote areas (often low-income people) may incur higher prices, while travelers 
in urban districts (often high-income people) may be charged lower prices as a result of profit-oriented resource 
allocation and pricing strategies. Such inequity can harm the welfare of some traveler groups and undermine 
the sustainable development of the transport service market. For example, there may exist some equilibrium 
states in which no MSPs are willing to take trip orders from weak minorities, while MSPs may compete to serve 
customers with a high income, resulting in an unbalanced distribution and utilization of mobility resources. 
Motivated by these realistic challenges, we discuss the optimal resource allocation and pricing strategies of 

MSPs under not only the capacity constraint but th 额 equity constraint as well. In previous studies, researchers 
explored the equity problem by only considering either resource allocation (Jiang and Zografos, 2021, Yin et al. 
2022) or pricing strategies (Holguín-Veras et al. 2020, Zhu et al. 2022). Different from prior studies, we examine 
the impacts of joint resource and price decisions under both equity and capacity constraints. 

The general model 

We consider an MSP providing mobility services for travelers with unit operational cost 𝑐 . Travelers are 
categorized into multiple groups based on their socio-demographics, such as income, spatial location, gender, 
race, age, etc. We index these groups by 1,2, … and include in a set 𝐼. The potential number of travelers (i.e., the 
market size) in group 𝑖 is denoted as 𝑁𝑖 , ∀ 𝑖 ∈  𝐼. The travelers from group 𝑖 have valuation 𝑣𝑖 for the mobility 

service provided by the MSP, which is a random variable that is uniformly distributed on [0, 𝑉𝑖].  The 
corresponding surplus is given by 𝑢𝑖  =  𝑣𝑖  − 𝜏𝑖 . In comparison, we consider an outside option under which the 
surplus of travelers will be zero, i.e., 𝑢0  =  0. Then, travelers compare the outside option and the MSP to 
determine their options, i.e., travelers in group 𝑖 will choose the MSP if their valuation is no less than the offered 
price; otherwise, they will choose the outside option. Formally, the number of travelers choosing the MSP is 
𝑑𝑖 = 𝑁𝑖  𝑃(𝑣𝑖|𝑣𝑖 ≥ 𝜏𝑖) and the number of travelers choosing the outside option is 𝑑0 = 𝑁𝑖𝑃(𝑣𝑖|𝑣𝑖 < 𝜏𝑖). 

The MSP needs to first determine the long-term decision, i.e., the amount of mobility resources 𝑠𝑖 (e.g., the 
number of vehicles if the MSP is a ridesourcing operator, service frequency if the MSP is a bus operator, etc.) 
and the short-term decision, i.e., the service price 𝜏𝑖 for each group 𝑖. When making the joint price and resource 
strategy, the MSP needs to consider two realistic constraints. The first constraint is known as the capacity 
constraint, i.e., the total number of resources allocated to all groups of travelers shall be no greater than the 
cap of its own resources, 𝑠. The second constraint is the equity constraint. In practice, policy makers would 
allocate equity constraints that requires the MSP to satisfy, i.e., the MSP needs to determine the mobility 
resources and the service prices equitably among different groups. To capture the equity constraint, we let 
𝑅𝑖(𝑠𝑖 , 𝜏𝑖) represent the equity measure for group 𝑖. For simplicity, we denote it as 𝑅𝑖 in the following discussion. 
In comparison, we use 𝑅𝑗 to represent the equity measure for any other group 𝑗 except of group 𝑖. Then, |𝑅𝑖 −

𝑅𝑗|represents the equity gap between two different groups. In addition, we use a superscript ``∗" to represent 

the result under the optimal joint resource-pricing strategy. |𝑅𝑖
∗ −𝑅𝑗

∗| represents the equity gap in the without-

equity-constraint case by taking the optimal join resource-pricing strategy. Under the mobility resource capacity 
constraint and the equity constraint, the MSP aims to maximize its profit by setting the number of allocated 
resources 𝑠𝑖  to group 𝑖  and the corresponding service price 𝜏𝑖 . The profit maximization problem of MSP is 
formulated as follows: 

max
𝜏𝑖,𝑠𝑖

 𝜋𝑀 =∑(𝜏𝑖 − 𝑐)min(𝑑𝑖 , 𝑠𝑖)

𝑖∈𝐼

 (1) 
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s.t. 

∑𝑠𝑖
𝑖∈𝐼

≤ 𝑠 (2) 

|𝜏𝑖 − 𝜏𝑗| ≤ (1 − 𝛼)|𝜏𝑖
∗ − 𝜏𝑗

∗|,    𝑖, 𝑗 ∈ 𝐼 (3) 

𝑠𝑖 ≥ 0, 𝑖 ∈ 𝐼 (4) 

Eq. (2) is the capacity constraint and Eq. (3) is the equity constraint, where 𝛼 ∈ [0, 1] represents the level of the 
equity and it is predetermined by the MSP, in order to satisfy regulatory requirements or internal goals. As α 
increases, the equity level raises. In light of this,  𝛼 = 0 corresponds to the without-equity-constraint case and 
𝛼 =  1 corresponds to fully-equity case. To keep consistency, we denote it as 𝛼-equity constraint. In Eq. (3), we 
introduce the price equity constraint which is initiated by different dimensions (Cohen et al. 2021, 2022), i.e., 
the price discrimination shall not surpass that in the without-equity constraint situation. Eq. (4) guarantees the 
non-negativity of resources allocated to group 𝑖. 

To ease the exposition, we consider that there exist two groups of travelers and the MSP determines the joint 
price and resource strategy under equity and capacity constraint in the following discussion. In comparison, we 
take the without-equity-constraint case (i.e., 𝛼 =  0) as the benchmark case, which compares with the with-
equity constraint case (i.e., 𝛼 >  0). 

The joint resource and price strategies between H- and L-income travellers 

We consider that there are two groups of travelers: high-income Group (H-travelers) and low-income Group (L-

travelers). To distinguish the two groups of travelers, we denote the highest intrinsic value of H-travelers as 𝑉 

and the highest intrinsic value of L-travelers as 𝛾𝑉, where 𝛾 ∈ (0,1). Then, the intrinsic value of H-travelers is 

uniformly distributed in [0, 𝑉] and the intrinsic value of L-travelers is uniformly distributed in [0, 𝛾𝑉]. By 
comparing the relative value of surplus by choosing the MSP (i.e., 𝑢𝑖 = 𝑣 − 𝜏𝑖 , 𝑖 ∈ {𝐻, 𝐿} with the surplus by 
choosing the outside option (i.e., 𝑈0  =  0), we can derive the numbers of H-travelers and L-travelers choosing 
the MSP and the outside option below: 

𝑑𝐻 = (1 −
𝜏𝐻

𝑉
)𝑁𝐻 (5) 

𝑑𝐿 = (1 −
𝜏𝐿

𝛾𝑉
)𝑁𝐿 (6) 

𝑑0 =
𝜏𝐻

𝑉
𝑁𝐻 +

𝜏𝐿

𝛾𝑉
𝑁𝐿 (7) 

where 𝑑𝐻 represents the number of H-travelers choosing the MSP and 𝑑𝐿 represents the number of L-travelers 
choosing the MSP. The first part of 𝑑0 represents the number of H-travelers choosing the outside option and 
the second part of 𝑑0 represents the number of L-travelers choosing the outside option. From Eqs.(5-6), we 
observe that the travel demand decreases in the service prices. For clarity, we can write 𝑑𝐻(𝜏𝐻), 𝑑𝐿(𝜏𝐿), and 
𝑑0(𝜏𝐻 , 𝜏𝐿) as the demand functions of travelers in terms of 𝜏𝐻 and 𝜏𝐿 . The maximal travel demand achieves 
when the service prices reduce to the marginal cost, i.e., the maximal number of H-travelers choosing the MSP 

is (1−
𝑐

𝑉
)𝑁𝐻 and the maximal number of H-travelers choosing the MSP is (1 −

𝑐

𝛾𝑉
)𝑁𝐿. 

In reality, there is no need to discuss the capacity and equity constraints, if the capacity is sufficient, e.g., it has 
already been greater than the total potential number of travelers, and all travelers will be satisfied. In light of 
this, we focus on the setting that resources are scarce and the MSP needs to strategically make pricing and 
resource allocation decisions to satisfy the capacity and equity constraints as well as maximization its own 
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profit. In fact, the MSP will not determine a service price lower than the marginal cost, because it cannot gain 
positive benefit. We can rewrite the optimization program of the MSP below: 

max
𝜏𝐻,𝜏𝐿,𝑠𝐻,𝑠𝐿

 𝜋𝑀 = min(𝑑𝐻 , 𝑠𝐻)(𝜏𝐻 − 𝑐) +min(𝑑𝐿 , 𝑠𝐿)(𝜏𝐿 − 𝑐) (8) 

s.t. 

𝑑𝐻 = (1 −
𝜏𝐻

𝑉
)𝑁𝐻, 𝑑𝐿 = (1 −

𝜏𝐿

𝛾𝑉
)𝑁𝐿 (9) 

𝑠𝐻 + 𝑠𝐿 ≤ 𝑠 (10) 

|𝜏𝐻 − 𝜏𝐿| ≤ (1 − 𝛼)|𝜏𝐻
∗ − 𝜏𝐿

∗|,    𝑖, 𝑗 ∈ 𝐼 (11) 

𝑠𝐻 ≥ 0, 𝑠𝐿 ≥ 0 (12) 

In the following discussion, we first analyze the without-equity-constraint case, and then analyze the with-
equity-constraint case under the aforementioned three equity constraints. 

Analysis and discussion 

In this section, we compare the two situations: the without-equity-constraint situation and the with-equity 
constraint situation. To distinguish with the without-equity-constraint case, we use superscript “**” to represent 
the optimal solutions in the with-equity constraint case. In this section, we consider the price equity situation. 

In the without-equity-constraint situation, we can solve that the optimal solutions below: 

(i) There shall exist a unique optimal price solution 𝜏𝐻
∗ =

𝑉+𝑡

2
 and 𝜏𝐿

∗ =
𝛾𝑉+𝑡

2
, where we have  𝑡 =

max(
𝑉(𝑁𝐻+𝑁𝐿−2𝑠)

𝑁𝐻+
𝑁𝐿
𝛾

, 𝑐). 

(ii) When 𝑐 ≤
𝑉(𝑁𝐻+𝑁𝐿−2𝑠)

𝑁𝐻+
𝑁𝐿
𝛾

, the capacity constraint is binding and there shall exist a unique optimal resource solution 

𝑑𝐻(𝜏𝐻
∗ ) = 𝑠𝐻  and 𝑑𝐿(𝜏𝐿

∗) = 𝑠𝐿 . When 𝑐 >
𝑉(𝑁𝐻+𝑁𝐿−2𝑠)

𝑁𝐻+
𝑁𝐿
𝛾

, the capacity constraint is unbinding and there are 

multiple resource solutions, where 𝑑𝐻(𝜏𝐻
∗ ) ≤ 𝑠𝐻 , 𝑑𝐿(𝜏𝐿

∗) ≤ 𝑠𝐿, and 𝑠𝐻 + 𝑠𝐿 < 𝑠. 

In the with-equity-constraint situation, we can derive the following results: 

(i) The MSP cannot be better off by determining price and resource decisions which induce that demand 
exceeds supply. 

(ii) When 𝑑𝐻 ≤ 𝑠𝐻  and 𝑑𝐿 ≤ 𝑠𝐿 , we obtain the following results:  𝜏𝐻
∗∗ =

𝑉+𝑡

2
−

𝜇𝑉

2𝑁𝐻
 and 𝜏𝐿

∗∗ =
𝛾𝑉+𝑡

2
+

𝜇𝛾𝑉

2𝑁𝐿
, where 

𝑡 ≡ max(
𝑉(𝑁𝐻+𝑁𝐿−2𝑠)

𝑁𝐻+
𝑁𝐿
𝛾

, 𝑐) and 𝜇 =
𝛼(1−𝛾)
1

𝑁𝐻
+
𝛾

𝑁𝐿

. 

To have a better explanation of the above results, we present Figure 1 below to illustrate the changes of price 
and resource decisions on the travel demand and MSP’s profits. Figure 1(a) presents the results when capacity 
constraint is binding and Figure 1(b) presents the results when capacity constraint is unbinding. Red lines and 
regions (𝑌1) represent the optimal results in the without-equity-constraint situation. Blue lines and regions (𝑌2) 
represent the optimal results in the with-equity-constraint situation when demand does not surpass supply, 
whereas black lines and regions (𝑌3) represent the results when demand surpass supply. It is evident that when 
𝑑𝐻 + 𝑑𝐿 < 𝑠, multiple resource solutions can be achieved due to redundant capacities, which are floating green 
lines. When 𝑑𝐻 + 𝑑𝐿 = 𝑠, there shall exist a unique solution. Moreover, we can theoretically prove that the area 
follows 𝑌1 > 𝑌2 > 𝑌3. This indicates that the MSP gains the highest profit without equity constraints. Otherwise, 
it gains the highest profit when demand does not surpass supply. 
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(a)When 𝑑𝐻 + 𝑑𝐿 = 𝑠 

 

(a)When 𝑑𝐻 + 𝑑𝐿 < 𝑠 
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MobilityCoin system design– modelling challenges and opportunities 
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Introduction 

Tradable mobility credits (TMC) are currently discussed as a promising alternative to existing road user charging 
schemes, e.g., fuel excise taxes or congestion charges. TMC schemes do not follow the idea of Pigouvian pricing, 
i.e., marginal social cost pricing; contrary, TMC schemes are cap-and-trade schemes that define an upper limit 
to a to-be-regulated quantity, e.g., external costs, which is then linked to the credit volume. Credits are 
distributed among participants and schemes then usually requires credit redemption upon using or creating of 
the to-be-regulated quantity. Participants can trade credits based on supply and demand, while the resulting 
market price factors into the economic decisions of individuals and companies. In transport, the use of such 
credits has been proposed almost thirty years ago by Verhoef, Nijkamp, and Rietveld (1997), with increasing 
interest ever since especially on understanding the public’s response to such policy proposal (Kockelman and 
Kalmanje, 2005; Krabbenborg, van Langevelde-van Bergen, and Molin, 2021). While textbook TMC schemes 
focuses on private transport and imposes charges, the idea can be generalized to imposing charges and 
providing incentives (negative charges) to all modes of transport. This idea has been proposed under the 
MobilityCoin framework by Blum et al. (2022). This framework is used in the following. In addition to studying 
the public’s response, research on TMCs also focused on understanding experimentally how users interact on 
the market, e.g., Tian, Chui and Sun (2019) and Brands et al. (2020), as well as developing first integrated 
models to understand system design, responses and outcomes, e.g., Balzer and Leclercq (2022) and Tian and 
Chiu (Tian and Chiu, 2015). However, no policy model exists that studies the policy design of MobilityCoins 
schemes as a generalization of TMCs. 

The introduction of policy instruments affecting entire nations means that a deep understanding is required of 
how a policy design affects individuals, the economy, and the environment. Especially for such radical 
innovations like TMC schemes the design problem is very complex as plenty of aspects must be considered and 
design decisions must be made (Provoost, Cats, and Hoogendoorn, 2023). Here, it can be considered that the 
core policy challenge is the definition of the overall system’s objective, e.g., reduction of congestion and 
emissions or maximization of accessibility, and the derivation of suitable market volume, initial allocation to all 
travellers and the charging scheme. With the plethora of dimensions to be analysed, tools are required that can 
identify feasible, reasonable, and efficient parameter contributions. While agent-based approaches generally 
allow to investigate many of the mentioned aspects at an individual level, their large computation time 
especially for larger metropolitan areas or even nations, basically precludes any larger global parameter 
optimization. In. this paper we present our research on developing a macroscopic integrated transport model to 
investigate the policy design problem of MobilityCoin and TMC schemes. 

Policy design problem 

To investigate the outcomes of a particular MobilityCoin or TMC design, let us consider a transportation system 
with a network of nodes 𝒩 and arcs 𝒜. Nodes are referenced by 𝑖, 𝑗, 𝑘 ∈  𝒩 and arcs are referenced by their 
start-end pair (𝑖, 𝑗) ∈ 𝒜 . The system has modes of transport ℳ that are referenced by 𝑚 ∈ ℳ . The 
transportation system has origin-destination pairs 𝒪, which are referenced by (𝑜, 𝑑) ∈  𝒪. The set of origins 
and destinations 𝒪 is a subset of the set of nodes 𝒩 . We consider three modes of transport: car, public 
transport, and bicycle, where only the first mode sees congestion effects, while the other two have fixed origin-
destination travel times. We let 𝑋𝑜𝑑𝑚 being the share of travellers on origin-destination pair (𝑜, 𝑑) using mode 
𝑚, where 𝑊𝑜𝑑𝑚 describes the minimal travel costs on origin-destination pair (𝑜, 𝑑) using mode 𝑚. Further, let 
𝑇𝑖𝑗 be the travel time, 𝑄𝑖𝑗 the flow of vehicles, and 𝐶𝑖𝑗 the total cost including charges and incentives on link 
(𝑖, 𝑗). 𝑀𝑖𝑗 is the minimum travel cost from node 𝑖 to 𝑗 using the car. Further, consider that 𝑌𝑖𝑗𝑘 describes the 

flow of vehicles on link (𝑖, 𝑗) towards node 𝑘  and 𝑃  the MobilityCoin/TMC market price. The policy design 
parameters are the individual initial allocation of credits, 𝛾, origin-destination charges and incentives for each 
mode, 𝜆𝑜𝑑𝑚, and link-specific charges and incentives for each mode, 𝜅𝑖𝑗𝑚. 

The share of travellers 𝑋𝑜𝑑𝑚 is obtained using a logit-based assignment as a function of 𝑊𝑜𝑑𝑚. 

𝑋𝑜𝑑𝑚 =
exp(−𝜇𝑊𝑜𝑑𝑚)

∑ exp(−𝜇𝑊𝑜𝑑𝑚′)𝑚′∈ℳ

 



 

243 
 

Where 𝜇 is a logit scale parameter. We obtain 𝑊𝑜𝑑𝑚 for cars and the other modes separately as defined below, 
where 𝜏𝑜𝑑𝑚 is the exogenous and constant travel time. 

𝑊𝑜𝑑𝑚 = {
𝑀𝑜𝑑, 𝑚 = {"𝑐𝑎𝑟"}

𝜏𝑜𝑑𝑚 + 𝑃 ⋅ 𝜆𝑜𝑑𝑚 , 𝑒𝑙𝑠𝑒
 

The minimal travel costs 𝑀𝑜𝑑 results from the link travel cost 𝐶𝑖𝑗 

𝐶𝑖𝑗 = 𝑇𝑖𝑗 + 𝑃 ⋅ 𝜅𝑖𝑗,car 

where 𝑇𝑖𝑗 is modelled by using the Bureau of Public Roads (BPR) function, computing link travel times 𝑇𝑖𝑗 as a 

function of flow 𝑄𝑖𝑗, and the arbitrage condition that describes Wardrop’s user equilibrium. It states that an 
equilibrium is reached when no road user can reduce her or his travel costs anymore by unilateral action, where 
⊥ indicates complementarity (Ferris, Meeraus, and Rutherford, 1999) 

𝐶𝑖𝑗 +𝑀𝑗𝑘 ≥ 𝑀𝑖𝑘        ⊥      𝑌𝑖𝑗𝑘 ≥ 0 

The flow on link (𝑖, 𝑗) towards node 𝑘 is positive only if the travel costs from 𝑖 to 𝑘 via 𝑗 are equal to the 
minimum travel costs between 𝑖 and 𝑘. Then, the total link flow 𝑄𝑖𝑗 is obtained as follows.  

𝑄𝑖𝑗 =∑𝑌𝑖𝑗𝑘
𝑘

 

Importantly, we must ensure that the in- and outflows at each node are balanced. This is ensured by the 
following constraint, where 𝑛𝑜𝑑 is the total travel demand between origin-destination pair (𝑜, 𝑑).  

𝑋𝑜𝑑,car ⋅ 𝑛𝑜𝑑 = ∑ 𝑌𝑜𝑗𝑑
(𝑜,𝑗)∈𝒜

− ∑ 𝑌𝑗𝑜𝑑
(𝑗,𝑜)∈𝒜

 

Last, the market clearing of the MobilityCoin/TMC scheme must be formulated. Here, only if the demand exceeds 
or is equal to the supply of MobilityCoins or credits, the market price 𝑃 becomes non-zero and then results in 
an economic signal to individuals and companies (Yang and Wang, 2011). 

𝛾 ∑ 𝑛𝑜𝑑 ≥ ∑ ∑ 𝑄𝑖𝑗𝜅𝑖𝑗𝑚 + ∑ ∑ 𝑛𝑜𝑑𝑋𝑜𝑑𝑚𝜆𝑜𝑑𝑚
(𝑜,𝑑)∈𝒪𝑚∈ℳ(𝑖,𝑗)∈𝒜𝑚∈ℳ(𝑜,𝑑)∈𝒪

       ⊥      𝑃 ≥ 0 

All listed constraints are then formulated as a single mixed-complementarity problem (MCP) (Ferris, Meeraus, 
and Rutherford, 1999). The key policy parameters 𝛾, 𝜆𝑜𝑑𝑚, and 𝜅𝑖𝑗𝑚 can then be varied and the MCP be solved 
subsequently to assess the macroscopic outcomes of interest, e.g., mode choice, travel time and traffic 
externalities, and in particular the gap towards the set objective. Here, as emphasized by Balzer and Leclercq 
(2022), a starting point for defining a scheme’s objective function for the identification of policy parameters 
are total travel times and carbon emission. 

Case study 

We illustrate the proposed policy design problem for MobilityCoin schemes using the simple network shown in 
Figure 1. For simplicity, we assume that cars have only link-specific charges and public transport, and bicycles 
have only origin-destination-specific charges. The network has 17 nodes of which 13 are origins and 
destinations of the travel demand. The origin-destination travel times 𝜏𝑜𝑑𝑚 of public transport and bicycles are 
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set to a multiple of the free-flow travel times of cars, i.e., 1.35 and 1.4 respectively. All parameters of the 
network are available in the full paper. 

Figure 102. The case-study network (own illustration) 

 

For the initial analysis, we set 𝛾 = 1 MoCo and 𝜅𝑖𝑗,car = 0.5 MoCo, and all other policy parameters to zero. We 
then incrementally impose a “central-business district” (CBD) charge for cars on all links from and to node “9” 
ranging from 1 to 16 MoCos as well as incrementally provide flat incentives for cyclists on all origin-destination 
pairs of 1 to 16 MoCos. We then solve the MCP and compute the total car travel production as a measure of 
externalities and the benefit each cyclist receives that computed as |𝑃 ⋅ 𝜆𝑜𝑑𝑚|. Figure 2 shows the results. With 
higher CBD charges, car travel is reduced as less MoCos are available and the costs of alternative modes are 
cheaper. However, providing more MoCos as an incentive, i.e., increasing the market volume, slightly weakens 
the impact of increasing CBD taxes. Considering the benefits cyclists receive we find that at low CBD charge 
levels the market is oversupplied as the market price is zero, leading to zero benefit. Generally, we see that the 
benefit is increasing with the incentive provided, but it is larger when CBD charges are high. 

Discussion 

Already the simple example provided highlights complexity of MobilityCoin/TMC schemes and emphasizes that 
a throughout analysis of the interactions of system design parameters is required. A starting point would be 
the integration of the proposed macroscopic policy model into a mathematical problem with equilibrium 
constraints (MPEC) that has been previously been applied to transport-policy problems (Loder, Bliemer, and 
Axhausen, 2022). However, it is unlikely that this algorithm identifies a global optimum, but when using the 
status quo of a transportation system as the starting point, it can be expected that the solver identifies an 
optimal solution in the area around this starting point. Consequently, it can be argued that although a global 
optimum is not guaranteed, an optimum is found that is most policy relevant. In closing, the proposed model is 
clearly just a starting point. The next steps are the application to a real-world network and adding more details, 
e.g., socio-economic status of travellers. Further, adding better parameters on the behavioural responses to 
TMC/MobilityCoins supports the discovery of feasible, reasonable, and efficient policy parameters. 
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Figure 103. Simulation results (own illustration) 
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To promote green mobility, we propose a credit charge-cum-reward (CCR) scheme where the government 
determines mode-specific credit charging/rewarding rates and redemption/charging prices. Over a CCR scheme 
period, travelers choose driving by consuming credits or taking transit to cumulate credits to minimize individual 
travel costs. In the end, the individual credit balance will be settled by the government at a charging (redemption) 
price for credit deficits (surpluses). We formulate the travelers’ periodic mode usage equilibrium as a decision 
optimization problem. Based on the analysis of travelers’ behavior, we further investigate the Pareto-improving 
and revenue-neutral CCR scheme and examine the relationship between credit prices and the government’s 
credit-related budgets. 
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Introduction 

Road transport emissions have a significant harmful impact on the population. These emissions include 
pollutants such as nitrogen oxides (NOx) and particulate matter (PM), which can lead to a range of health issues 
(Anenberg et al., 2019). To tackle this problem, it is critical to monitor vehicle emissions in the real-world, to 
know the actual contribution of each type of vehicle to total emissions, to assess what are the discrepancies 
between theory and reality, to use the data to update emission inventories (and subsequently air quality 
models), and to regulate vehicles in circulation so that they emit within acceptable limits. Monitoring vehicle 
emissions can be performed through remote sensing technology, for real-time measurements under real-world 
conditions. This technology was first used to monitor CO from vehicle exhausts (Bishop et al., 1989) and has 
since developed to measure other pollutants (e.g. Bishop et al., 2012, Carslaw et al., 2013, Ropkins et al., 2017, 
Chen et al., 2020). Remote sensing can be used to identify individual HE vehicles and to enforce emissions 
regulations. The identification and regulation of HE vehicles, after detection by RSD has been applied on a large 
scale and for decades in the USA, China, South Korea and some other countries, but in Europe there is still no 
common regulation that would allow this solution to be deployed in a unified manner. Although several 
approaches have been proposed (e.g. Rushton et al., 2021, Kang et al, 2021, Buhigas et al., 2022, Qiu et al., 
2022, Ghaffarpasand et al., 2023), the results from different methods have never been compared with each 
other. Therefore, in this study, we compare four different methodologies for the identification of high emitters 
(HEs) using data collected from a new remote sensing instrument, called ‘LRSD’ developed under the EU-funded 
H2020 NEMO project. The LRSD has been recently matured and validated (Buhigas et al. 2022). and the system 
has been used in Florence to monitor the actual emissions of the circulating fleet in various parts of the city. 

Methodology 

The methodology can be divided into two parts: 1) on the measurement campaign in Florence, 2) on the analysis 
of the collected data and the application of the four different methods of HEs identification and their 
subsequent analysis. 

1) The measurement campaign was conducted between June 6 and June 22, 2022 at seven different sites in 
the municipality of Florence, using the LRSD in a world-first manner, deployed in its portable configuration. The 
LRSD individually measures free circulating vehicles’ tailpipe emissions non-intrusively using Interband and 
Quantum Cascade Lasers (ICL and QCL) for the precise and highly sensitive detection of several pollutants (CO, 
CO2, NO, NO2, hydrocarbons and NH3) using a spectroscopic approach. The system was used in this campaign 
just after validation tests were performed at the Joint Research Centre (JRC) facilities at Ispra. The system was 
deployed at the roadside of the measurement sites, to measure in an open-path cross-road manner. 45,790 
vehicle measurements were collected as vehicles passed through the sensor. Due to the project budget 
restrictions, it was only possible to request technical data from 8,625 different vehicles (this data is subject to 
a fee in Italy). Thanks to repeated measurements of some of these vehicles, a dataset of 17,017 measurements 
was consolidated with associated technical data: fuel type, UNECE category, make, model, etc. The Euro 
standard was not provided, so it was estimated based on other parameters of each vehicle, including the 
registration date. 

2) When applying an approach for identifying HEs, it is important to consider the reason a vehicle may be 
flagged as a HE - is it due to an issue with something on the vehicle which has stopped working correctly or 
has it been deliberately tampered with? These are issues that may be fixed in order to reduce their emissions. 
However, there are other factors that can result in high emissions such as, older vehicles, cold ambient 
temperatures and heavy vehicle loads. Average emissions also vary greatly across different vehicle 
manufacturers. These variables cannot be fixed, therefore is it correct to flag the vehicle in these cases as a 
HE? Another important consideration when using remote sensing is that only a short period (“snapshot”) of the 
emissions under specific conditions is measured for each vehicle. As such a vehicle may be flagged as a high 
emitter, even if the average emissions over a typical drive cycle may be much lower. Therefore, using a method 
that incorporates multiple measurements of potential high emitters can reduce false positives. 
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Using the dataset from part 1, four different methodologies were applied to identify potential HEs in the fleet. 
All four methods described below are applied to each pollutant individually (NOx, CO, PM and HC), therefore, it 
may be possible that a vehicle is flagged as a HE in more than one pollutant. However, the vehicle is only 
counted once for the comparison. 

Method A - Gumball distribution: Rushton et al. (2021) found that the distribution of NOx emissions from 
vehicles measured by an RSD during their study could be explained in the most part by a Gumball distribution 
(an extreme value Type I distribution). Quantile-quantile plots (Q-Q plots) are used to determine the relationship 
between theoretical and observed distributions. A maximum likelihood estimation (MLE) method is then applied 
to find the best estimate of the fit parameters. Measurements that deviate from the model are hypothesised 
as high emitter candidates.  Rushton et al. applied their method to pairs of Euro class and fuel type to identify 
high emitters in each group. The focus for this study is to identify HEs relative to the whole fleet. Therefore, the 
approach taken here is to group all vehicles together and apply the methodology once, for each pollutant of 
interest. A further filter is used where only those vehicles that have more than one valid measurement for at 
least one pollutant are flagged as high emitters. 

Method B - On-Road High Emitter (ORHE) limit: In this method, vehicles are identified as potential high emitter 
candidates if their emissions exceed predefined high-emitting limits (Buhigas et., 2022). For each pollutant of 
interest there are two limits defined based on the data from a wider monitoring campaign: the ORHE limit, 
calculated as the 98th percentile (P98), and the 80th percentile (P80) limit. A vehicle is flagged as a high emitter if 
the following criteria are met: 1) The vehicle has a vehicle specific power (VSP) range between 0 and 30 kW/Ton 
during the measurement and 2) The emissions exceed P98 and P80 at least once each during different 
measurements or 70% of the time the vehicle is measured the emissions are above P80 (when there are at 
least 4 measurements of the same vehicle). 

Method C – Type-Approval exceedance: One of the simplest methods for identifying high emitters is to compare 
the emissions with the EU type-approved emission standard for the given vehicle class, EURO class and fuel 
type. The RSD measures emissions as ratios to CO2, therefore, the data is first converted to the same units as 
the type-approval standards (either gKm or gkWh). As emissions can vary greatly over a vehicles’ drive cycle, 
to be conservative the high emitter limit is defined as 10 times the corresponding type-approval standard. For 
mixed fuelled vehicles (LPG-Petrol and CNG-Petrol) the equivalent petrol type-approval limit is applied. A vehicle 
is flagged as a high emitter if it meets the following criteria: 1) The vehicle has a VSP range between 0 and 30 
kW/Ton during the measurement, 2) Emissions exceed 10 times the type-approval limit on 3 or more occasions 
for at least one pollutant. 

Method D – Combined assessment of repeated records: This method is similar to the Type-Approval exceedance 
(Method C), however, proposes a very conservative combined evaluation. Vehicles susceptible to HE 
identification must be measured at least 3 times by the sensor and both maximum emission values (an extreme 
single emission event) and average values of all measurements of the same vehicle (consistently high emission 
levels) are evaluated. The highest measurement must be at least 100 times its corresponding type-approval 
limit and, in addition, the average emission value of all observations of the vehicle must be at least 4 times its 
type-approval limit. 

Results 

The methods described above were applied to all measurements of passenger cars and light duty vehicles with 
valid data. The majority of the fleet sampled were Euro 6 vehicles (53%), followed by Euro 5 (22%), Euro 4 
(19%) and Euro 3 (6%). Euro’s 0, 1 and 2 collectively made up less than 1 % of the fleet sampled. It should be 
noted that the Gumbel method could not be applied to the CO data effectively, due to a number of negative 
emission ratios present in the dataset. Negative values can arise when vehicles are driving close together during 
sampling by the RSD resulting in elevated background levels. Table 1 presents a pairwise comparison matrix 
for HEs across all four methods. There is a wide range in the number of vehicles flagged as HEs across the four 
methods. The results show that Method D is the most conservative method, with only 34 vehicles in total 
identified as HEs, whereas Method A (the least conservative method) flagged 690 vehicles. The vehicles flagged 
as HEs in the more conservative methods were not always the same ones in the other methods. This result 
suggests that some HEs may be missed when using methods that are less conservative. There is also the 
possibility of false positives. Only a detailed inspection of all these vehicles could assess how many of all these 
vehicles had an obvious defect. Further analysis of the data found that 9 vehicles in total were commonly 
flagged by all four methods. 
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Figure 104. Matrix showing the number of HE emitters flagged by pairs of methods. Values in red represent the total 
number of vehicles sampled that were flagged as high emitters by each method 

 Method A Method B Method C Method D 

Method A 690 235 107 26 

Method B  353 100 29 

Method C   249 13 

Method D    34 
Source: Authors’ elaborations. 

Figure 105. Bar chart illustrating the number of vehicles flagged as HEs with each method. Numbers above the bars 
represent the percentage of HEs flagged within the fleet, in each Euro class. 

 

Source: Authors’ elaborations. 

Figure 1 shows a summary of the number of vehicles flagged as high emitters in each Euro class.  Although 
there were very few Euro 1 vehicles sampled, none of these were flagged as high emitters in any of the 
methods, and only Method A (Gumball distribution) flagged Euro 0 as a high emitter. Euro 6 vehicles were 
typically flagged more times than the other Euro standards, however, as a percentage of the fleet sampled, 
less than 5.3% of Euro 6 vehicles were identified as HEs. 

Conclusions 

The results show that, as a percentage of the fleet, older vehicles were more likely to be identified as HEs than 
newer Euro 6 vehicles, however, the methods varied greatly in the number of vehicles identified. Further work 
will investigate whether high emitter identification should consider multiple pollutants together, to increase the 
likelihood of identifying a problematic vehicle.  Identifying high emitting vehicles is an important issue for air 
quality policymakers. As part of the NEMO project an atmospheric dispersion model of Florence is under 
development and incorporates the data collected during the measurement campaign. The model will be used 
to simulate different mitigation scenarios associated with the removal of HEs from the fleet. 

Acknowledgements 

This study is part of the H2020 NEMO project (https://nemo-cities.eu/), funded by the European Commission 
within the Horizon 2020 research and innovation programme under the Grant Agreement n° 860441. The 
authors thank David Carslaw and Rebecca Rose for their input into the analysis. 



 

251 
 

References 

Anenberg, S., Miller, J., Henze, D.A.V.E.N. and Minjares, R., ‘A global snapshot of the air pollution-related health 
impacts of transportation sector emissions in 2010 and 2015’, International Council on Clean Transportation: 
Washington, DC, USA, 2019. 

Bishop, G.A.; Starkey, J.R.; Ihlenfeldt, A.; Williams, W.J.; Stedman, D.H., ‘IR long-path photometry: A remote sensing 
tool for automobile emissions’, Anal. Chem. 1989, 61, 671A–677A. 

Rushton, C. E., Tate, J. E.  and Shepherd, S. P., ‘A novel method for comparing passenger car fleets and identifying 
high-chance gross emitting vehicles using kerbside remote sensing data‘, Sci. Total Environ., vol. 750, 2021, p. 
142088. 

Buhigas, J., Fleire, M., and Pujadas, M., ‘Design of a program for the identification and correction of high emitting 
vehicles in Europe using remote sensing devices‘, Transport and Air Pollution (TAP) Conference, 2022, p. 107. 

Ghaffarpasand, O., Ropkins, K., Beddows, D.C. and Pope, F.D., ‘Detecting high emitting vehicle subsets using 
emission remote sensing systems‘. Sci. Total Environ., 858, 2023, p.159814. 

Qiu, M. and Borken-Kleefeld, J., ‘Using snapshot measurements to identify high-emitting vehicles‘, Environ. Res. 
Lett., 17(4), 2022, p.044045. 

Kang, Y., Li, Z., Lv, W., Xu, Z., Zheng, W.X. and Chang, J., ‘High-emitting vehicle identification by on-road emission 
remote sensing with scarce positive labels ‘. Atmos. Environ., 244, 2021, p.117877. 

Bishop, G.A., Schuchmann, B.G., Stedman, D.H. and Lawson, D.R., ‘Multispecies remote sensing measurements of 
vehicle emissions on Sherman Way in Van Nuys, California‘, J Air Waste Manag Assoc., 62:10, 1127-1133, 2012, 
DOI: 10.1080/10962247.2012.699015 

Carslaw, D.C. and Rhys-Tyler, G., ‘New insights from comprehensive on-road measurements of NOx, NO2 and 
NH3 from vehicle emission remote sensing in London, UK‘, Atmos. Environ., 81, 2013, pp.339-347. 

Ropkins, K., DeFries, T.H., Pope, F., Green, D.C., Kemper, J., Kishan, S., Fuller, G.W., Li, H., Sidebottom, J., Crilley, L.R. 
and Kramer, L., ‘Evaluation of EDAR vehicle emissions remote sensing technology‘, Sci. Total Environ, 609, 2017, 
pp.1464-1474. 

Chen, Y., Sun, R. and Borken-Kleefeld, J., ‘On-Road NOx and smoke emissions of Diesel light commercial 
vehicles–combining remote sensing measurements from across Europe ‘. Environ. Sci. Technol., 54(19), 2020, 
pp.11744-11752. 

Buhigas J., A. Alonso de Lomas and J. Muñoz. ‘Performance of a remote sensing device based on a spectroscopic 
approach for the remote measurement of vehicle emissions’, Transport Research Arena (TRA) Conference 2022. 

  



 

252 
 

Kenya Transport-Energy Futures: building transport pathways to support climate-

compatible 

J. Dixona, E. Pierard b, P. Mwanzia c, J. Onjala d, W. Ondanje e, C. Brand a, S. Hirmer f, H. Dalkmann g. 

a Transport Studies Unit, University of Oxford, Oxford, UK 

b Smith School of Enterprise and the Environment, University of Oxford, Oxford, UK 

c Strathmore Energy Research Centre, Strathmore University, Nairobi, Kenya 

d Institute for Development Studies, University of Nairobi, Nairobi, Kenya 

e African E-mobility Alliance (AFEMA), Nairobi, Kenya 

f Energy and Power Group, University of Oxford, Oxford, UK 

g Sustain2030, Berlin, Germany 

Introduction 

The Kenya Transport-Energy Futures (KTEF) project aims to develop decision support tools to assist 
policymakers at county, national and international scales in testing out credible futures of the transport-energy 
system given different policy and scenario pathways. KTEF is part of the UK FCDO-funded Climate Compatible 
Growth (CCG) research programme. 

The future of the transport system, and that of the wider energy system in which it is enveloped, will determine 
Kenya’s ability to meet its targets in economic development (Government of Kenya, 2008) and climate 
mitigation (Government of Kenya, 2021). These transport-energy futures are outcomes of a complex web of 
systems; they are driven by policy in the transport-energy sector and across the wider economy, and wider 
changes in society that cannot directly be controlled (including socio-economic changes, such as changes in a 
population’s age distribution, and broader shifts in travel demand, such as a population’s propensity for leisure 
travel). 

In developing decision support tools, a strategic transport-energy systems model, the Transport Energy Air 
pollution Model (TEAM) (Brand et al., 2019b), has been adapted to the Kenyan case. 

Re-introducing TEAM: Transport Energy Air pollution Model 

TEAM is a strategic transport, energy, emissions and environmental impacts systems model, covering a range 
of transport-energy-environment issues from socio-economic and policy influences on energy demand 
reduction through to lifecycle carbon and local air pollutant emissions and external costs. It is built around 
exogenous and quantified scenarios, covering passenger and freight transport across all modes of transport 
(road, rail, shipping, air). It provides annual projections up to 2100, is technology rich with endogenous modelling 
of more than 1,200 vehicle technologies, and covers a wide range of output indicators, including travel demand, 
vehicle ownership and use, energy demand, life cycle emissions of 26 pollutants, environmental impacts, 
government tax revenues, and external costs. For more information on TEAM, see (Anable et al., 2012; Brand et 
al., 2017, 2019a, 2020). 

TEAM quantifies the likely impact of policy pathways – given a background context – on transport system energy 
demand, GHG emissions and air pollutants. TEAM requires various inputs that come from the development of 
narrative scenarios (a.k.a. ‘storylines’). The inputs from these storylines cover the following three types of 
variables: 

— Context variables, broadly defined as those that are beyond direct government control, such as fuel 
prices before tax, demographics and GDP per capita; 

— Policy variables, broadly defined as those that are within direct government control, such as taxation 
(e.g. on fuel and vehicle purchase), vehicle purchasing (dis)incentives or scrappage rebates (e.g. tax 
exemption for EV purchase), and regulations (e.g. air pollution); 

— Demand variables, broadly defined as changes to travel demand that may result from a combination 
of policy and context changes, such as reductions in commuter trip passenger-km amongst the 
working-age population due to growth in teleworking. 

This is the first time the TEAM framework is being used in a country with i) limited data on travel demand and 
vehicle stocks and ii) a sizeable second-hand imports market. 
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TEAM-Kenya: a transport-energy system model for the Kenyan context 

The major updates carried out as part of this adaptation, which were made in January-March 2023, are detailed 
in Table 1. 

Table 19. Major updates as part of the adaptation of TEAM-Kenya (from TEAM-UK) 

Change title Details 

Second-hand 
import technologies 

The majority (~85%) of cars and minivans bought in Kenya are second-hand imports (SHI), mostly 
from the Japanese and UK markets. Therefore, TEAM-Kenya models separate markets for SHI and 
new technologies; in the present version, SHI technologies have been made for all car and minivan 
types, and they are offset by a fixed number of years. Presently, as Kenyan law stipulates that no 
vehicle over 8 years old is allowed to be imported into the country, SHI vehicles in TEAM-Kenya 
are 8 year-delayed versions of their new counterparts.  

Changes to vehicle 
stock data (baseline 
year) 

Data for the Kenyan vehicle fleet for the base year (2015) were generated from a report from 
GIZ and the University of Nairobi (Ogot et al., 2018). Data were processed from the format as 
provided in the report into the format as required by TEAM-Kenya according to a set of 
assumptions as described in (Giki & Dixon, 2023). 

Changes to travel 
demand (baseline 
year) 

Concurrent CCG work is currently (at the time of writing in May 2023) collecting travel survey data 
from approx. 1000 participants in Kenya. However, these data are not yet available. As a working 
version, travel demand data (trips and distance by modes and purpose) were input based on data 
from a 2013 World Bank study as published in (Salon & Gulyani, 2019). As data in the latter only 
covers commuting travel, a set of assumptions based on the literature were made to translate 
travel demand for commuting trips into other trip types (Dixon et al., 2023).   

Changes to 
background 
demographic data 
and projections to 
2050 

The population, GDP, number of households and urban/rural split, the share of households with 
more than 1 person, and the share of the population of driving age, for the base year (2015) were 
taken from a set of online sources. Projections were made, either from online sources or by using 
assumptions based on proxies. For a list of data sources and assumptions, see (Dixon et al., 2023). 

A graphical user interface (GUI) was developed for TEAM-Kenya to allow effective communication of model 
results (Figure 1). TEAM-Kenya modelling results are still in development and are due for release in July 2023. 
However, the next section covers the development of scenarios used for modelling. 

Figure 106. Web-based graphical user interface for communication of results (Ziarkowski & Dixon, 2023) 

 

Scenario development 

Whilst both Global North and Global South transport transformations appear to be similar in aspiring to cleaner, 
just and modern transport, the futures in which both transformations are occurring and their plausible outcomes 
are strikingly particular to the place where they are planned and executed. Taking this difference as a basis, 
this study was designed to identify narratives from the point of view of the experts and decision-makers based 
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in and currently key to the planning and implementation of transport and energy in Kenya. Modellable scenarios, 
pertaining to the three points above (context; policy; demand), were developed for the TEAM-Kenya model 
through (i) interviews with local experts and (ii) a scenario development workshop. 

41 key experts were first identified and then interviewed to provide insights from the current state of transport 
in the country and the key areas of transformation in the sector but also in wider social and economic dynamics. 
The key experts covered the central actors engaged both in the planning, regulation, implementation, service 
provision, manufacturing, and financing of transport. As such it covered civil servants in the Kenyan national 
and local government of Nairobi, manufacturers, start-ups and transport service providers, NGOs and financing 
institutions (Figure 2). The interviews, each lasting approx. 1 hour, were formulated around a set of semi-
structured questions around the current state of Kenya and visions of Kenya in the future. The questions are 
available in the appendix. 

Figure 107. Breakdown of experts and decision-makers engaged for scenario development for interviews (left) and 
workshop attendees (right) 

 

The full-day workshop was attended by 32 stakeholders on 28 March 2023 in Nairobi. The workshop was 
planned and executed following methodologies for scenario-making that place the identification of narratives 
from the central actors –or users– as the core-basis of scenario building (Ramírez & Wilkinson, 2016). In this 
sense, the purpose of the workshop was not to extract knowledge from participants, nor to give them 
instructions of a preconceived outcome. Rather, it consisted of a collaborative process of unstructured exercises 
to prompt both their expertise and imagination for understanding their present setting and plausible future 
events to occur in their environment. 

The workshop was structured around three main sessions. 

1. The first session consisted on the identification of the factors that influenced decision-making (e.g. 
fiscal policy), as well as wider actors in the sector (e.g. ministry of transport) influenced or impacted 
by such factors. 

2. In the second session, the participants were asked to identify plausible outcomes of those factors, and 
choose the two most definitive for the sector to work over a four-quadrant chart. This builds the core 
of the scenario-making exercise, and sets how particular factors interact and impact outcomes. The 
result gave a chart of four scenarios to which participants had to discuss within their groups to find 
fitting names to what was plausible to occur in each pane. An example chart is shown inFigure 3, which 
used the axes of ‘strength of legislation’ and ‘availability of finance’ to produce four separate scenarios. 
The scenarios’ names are references to Kenyan popular culture. 

3. Finally, in the third and last sessions, participants were asked to provide the storyline of how the most 
likely or most interesting scenario to them would have to unfold. The starting point was chosen 
depending of the first crucial step taken towards that scenario, or the event setting the scenario in 
motion. Such point could be located in the past, as well as starting in the present. Equally, the previous 
outcome identified of the scenario in the quadrant could be considered the end of the story as well as 
the middle point of it. Thus, the participants within their teams had to decide how to arrange the 
narrative to fit a causal chain of events and their progression across time. 
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Figure 108. Example quadrant of four scenarios: Omoka, Wash-Wash, Fuliza and Kujinauo 

 

Conclusion 

The KTEF project represents, to the authors’ knowledge, a vanguard effort to develop decision support tools in 
a data-poor context to assist policymakers in trialling policies to support low-carbon economic growth. Whilst 
the project is still underway – at the time of writing, data is still being collected and efforts are ongoing to 
translate the scenarios developed from the workshop into modellable scenarios in TEAM-Kenya – there have 
been many lessons learnt from the project, in terms of the availability of data and the cumbersome nature of 
translating transport models from one context to another.  

In comparison to many other sub-Saharan African economies, availability of data on the transport system in 
Kenya is relatively good: there are datasets on travel behaviour and vehicle fleet datasets (albeit some of these 
are at least partially from modelled results, such as (Ogot et al., 2018)). That being said, developing a model 
with sufficient detail for the TEAM framework in Kenya was challenging and required significant resources in 
data collection and model development. 

Ultimately, transport systems across the world are highly diverse and, as such, pathways for their evolution in 
meeting climate mitigation and economic development goals must be context-specific. Renewed effort is 
required in developing modular, open-source tools that can be easily adapted according to different transport 
contexts and levels of data availability; in order to do that, in-country stakeholders must be engaged from the 
start. Investment in the development of these tools is necessary, but will act to promote climate finance being 
assigned to the right projects in securing climate-compatible transport pathways for the world. 
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Introduction 

The European Union adopted the target of achieving net-zero greenhouse gas (GHG) emissions by 2050 
(European Commission, 2021) and the transportation sector is one of the most significant contributors 
(European Environment Agency, 2022). Fleet electrification has gained momentum in this regard, but electric 
range anxiety and insufficient charging infrastructure have become important issues. For this reason, plug-in 
electric vehicles (PHEV) appear in the market as a middle-way choice, including the benefits of electric and 
internal combustion engine vehicles. Numerous studies show that auxiliary systems consume a significant share 
of a vehicle’s energy. And vehicle heating, ventilation and air-conditioning (also known as mobile air-
conditioning, MAC) systems play an essential role in overall energy consumption. Hence, the automotive sector 
is interested in making them more efficient, so the electric range increases. From 2025, EU law will consider 
these efficient systems to contribute to reducing CO2 emissions, as part of the Eco-innovation scheme (EC, n.d.). 
The standard CO2 measurement methods used to evaluate technologies that generate electrical energy (i.e., 
reducing CO2 emissions in real-world driving) may not accurately quantify the amount of CO2 savings in PHEV. 
The Eco-innovation scheme has been in place since 2009 (Malfettani et al., 2016); nevertheless, the industry 
has not applied for any technology installed in PHEVs. For this reason, the present study introduces a 
methodology aimed at determining the CO2 emissions reductions coming from innovative technologies installed 
in PHEVs, both in Charge-Depleting (CD) and Charge-Sustaining (CS) mode, as well as the additional CO2 
emissions to due extra electrical loads. This activity will be used as a basis to update the Technical Guidelines 
governing the Eco-innovation scheme (EC, 2018). 

Methodology 

The main challenge when studying the CO2 emissions and energy consumed in PHEVs is finding and developing 
an approach that combines CD and CS modes. Eco-innovative technologies (so-called eco-innovations, EI) 
consume energy in a more efficient way, thus, the overall battery consumption is affected, together with the 
number of cycles driven in CD and its electric range. According to Regulation (EU) 2017/1151, the utility factor 
(UF) calculation is influenced by the vehicle’s electric capabilities, hence this aspect needs to be considered 
when calculating the new combined CO2 from an eco-innovative vehicle. As mentioned in the Introduction, the 
prompt irruption in EU markets as a CO2-reducing component (Frieske et al., 2013) and being the largest 
auxiliary consumer, as seen in literature (Mamikoglu et al., 2017; Mebarki et al., 2013; Suarez-Bertoa et al., 
2019; Zhang et al., 2017), make MAC systems suitable for the study. 

The PHEV methodology addresses separately the CD and CS modes to represent all ways of exploiting the 
powertrain energy management system. The CS mode represents a regular Hybrid mode where the internal 
combustion engine (ICE) and the electric motor work simultaneously to conserve the HV battery’s State of 
Charge (SOC). In this case, the already-in-place approach to calculate CO2 savings in Hybrid Electric Vehicles 
can be adopted. As defined in Appendix 2 to Sub-Annex 8 to Annex XXI to Regulation 2017/1151, these savings 
can be calculated by the eco-innovation’s power difference and the K_CO2 factor, as shown in Equation 1. 

𝐶𝐶𝑂2 =
𝐾𝐶𝑂2 · ∆𝑃 · 𝑈𝑠𝑎𝑔𝑒 𝑓𝑎𝑐𝑡𝑜𝑟

v ·  𝜂𝐷𝐶𝐷𝐶
 

Equation 1 

Where K_CO2 is the CO2 correction factor [(gCO2/km)/(Wh/km)], as defined in paragraph 2.2 of Appendix 2 to 
Sub-Annex 8 to Annex XXI to Regulation (EU) 2017/1151, Usage factor defines the usage of the technology in 
real-world conditions [-], ∆P is the technology’s power increment between the eco-innovative and the baseline 
vehicle [W], v is the mean driving speed of the WLTC, 46.5 [km/h], and ηDCDC is the efficiency of the DC/DC 
converter. This term shall be neglected if the eco-innovative technology is powered by the high-voltage system 
of the vehicle. 
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As for the CD mode, this study introduces a model-based approach to run a sensitivity analysis on the impact 
of an eco-innovative technology. The aim is to determine the effect of the eco-innovations energy saved, thanks 
to the higher efficiency, through an in-house 0D vehicle simulator. The model is developed in Python and it is 
adopted to simulate an average C-segment passenger car with a generic technology on board. Generally 
speaking, the model can simulate the presence of an energy-providing device and an extra electric load that 
consumes energy. The model can simulate the entire type approval campaign for a PHEV, giving as output the 
most relevant information such as CO2 emissions in CD, CS and combined, and CD range and the Equivalent All-
Electric Range (EAER). These two ranges are defined in Regulation 2017/1151. 

The same baseline vehicle has been scaled up and down to simulate vehicles with different characteristics, 
thus, enlarging the applicability of the methodology to a wider range of PHEV models. The scaling was done by 
playing with its electric capability, i.e. the HV battery capacity, and its driving resistance, i.e. its road loads. As a 
result, each virtually-tested vehicle was defined by a dimensionless parameter as in Equation 2. 

𝑟𝑎𝑡𝑖𝑜 =
𝐻𝑉 𝐵𝑎𝑡𝑡 𝑁𝑜𝑚𝑖𝑛𝑎𝑙 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦 [𝑘𝑊ℎ]

𝑉𝑒ℎ𝑖𝑐𝑙𝑒 𝐶𝑦𝑐𝑙𝑒 𝐸𝑛𝑒𝑟𝑔𝑦 [𝑘𝑊ℎ]
 

Equation 2 

Where Vehicle Cycle Energy is calculated as described in SAE J2951 (“J2951_201401,” n.d.). Nine ratios were 
investigated, meaning that nine different versions of the baseline vehicle were simulated. More in detail, the 
model simulates a technology whose power ranges from -4 to 4 kW on the HV side: negative power stands for 
additional electric loads, while positive power stands for generated energy. This being said, the Eco-innovation 
saved energy due to higher efficiency can be treated as positive electrical energy given to the HV vehicle 
network. This wide range was chosen to accommodate multiple power consumption. Innovative MAC systems 
could consume up to 4 kW in cold temperatures during a WLTC (i.e., without solar radiation) and with controlled 
temperatures. 

Results 

As already mentioned, nine vehicle versions were simulated under five conditions of power demand, i.e., +4, +2, 
0, -2, and -4 kW; this means simulating 45 scenarios based on a C-segment PHEV. Positive power demand 
indicates energy provided (saved in case of EI) while negative power demand refers to energy consumption 
requested to the vehicle network as an extra load. 

Figure 109. Dependency of CO2 emissions (CS, CD and combined) and EAER with technology’s power contribution 

 

Source: Authors’ elaborations. 
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Figure 1 shows the output of the analysis performed via the model-based approach for nine vehicle versions, 
where each dot represents a model variant. The plots share the same x-axis, i.e. the sweep of power demand 
from the installed technology that goes from -4 kW to +4 kW. The first subplot shows the simulated CO2 
emissions in CS mode for the 45 different scenarios, where a linear relationship exists between CO2 in CS mode 
and on-board power demand. Additionally, three linear groupings can be detected by observing the mentioned 
subplot. Hence, the cases are grouped by the different road loads since vehicle 1 to 3, 4 to 6 and 7 to 9 share 
the same RL parameters. This means that the relevant parameter in CS mode is the vehicle resistance to motion, 
while the battery size can be neglected. This occurs because the battery SOC in CS mode is kept almost constant 
and this technology does not work to propel the vehicle in electric mode. The linear relationship highlighted by 
the model validates the assumption made in the Methodology section: a K_CO2 factor can be applied to 
transform energy into CO2. In the second and third subplots, the CO2 emissions in CD mode, and the combined 
CO2 emissions are displayed, respectively. In this case no linear relationship is found because other parameters 
such as the UFs play a role in the CO2 emissions calculation. This is also reflected in the calculation of the 
vehicle’s EAER (last subplot). Moreover, . 

Figure 110. 3D correlation between CD electric range (z-axis), vehicle dimensionless ratio (x-axis) and with 
technology’s power contribution (y-axis) 

 
 summarizes all the above findings in one single 3D plot. Generally, a higher ratio between HV Battery Capacity 
and Cycle Energy, and a higher energy saved from a eco-innovation, leads to a higher the CD range. 

Table 20. CO2 savings calculated with Equation 1 for different eco-innovation energy consumptions. A usage factor of 
0.2 has been used as dummy value to apply the Equation 1 

EI Energy [W] CO2 emissions(1) [g/km] KCO2 factor [(g/km)/(Wh/km)] CO2 savings [g/km] 

4000 4.72 0.946 16.28 

2000 10.32 0.959 8.25 

0 19.56 0.976 0.00 

(1) Combined CO2 emissions from the CD sequence plus the CS cycle. 

Source: Authors’ elaborations. 
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Figure 110. 3D correlation between CD electric range (z-axis), vehicle dimensionless ratio (x-axis) and with technology’s 
power contribution (y-axis) 

 
 

Conclusions 

Findings show that charge-sustaining cycles have a linear dependency between the technology’s consumed or 
provided energy and the cycle CO2 emissions and, hence, potential CO2 savings and it is strongly dependant on 
the vehicle road loads. As for the CD sequence, the method proposed relates the MAC electric energy and CO2 
emissions with the vehicle’s battery capacity and road loads, and both electric range and equivalent all-electric 
range (EAER). The tendency shows that increasing the MAC efficiency, the electric range and EAER increase with 
a non-linear dependency. Moreover, higher battery capacities have a positive impact in the ranges. 

Currently, the authors are working on expanding the database used for the synthetic analysis in order to retrieve 
an empirical relationship between EI saved energy and combined CO2 emissions that can be integrated in the 
updated Technical Guidelines. 
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Heavy-duty vehicles (HDV), defined as trucks and buses with gross vehicle weights above 3.5 tonnes, are 
responsible for over one quarter of transport-related CO2 emission across the 27 Member States of the 
European Union (EU-27), despite accounting for only 2.5% of road vehicle annual sales. The combat this growing 
disparity, on February the 14th 2023, the European Commission released a proposal to amend the existing CO2 
standards for HDVs (European Commission 2023b). Currently, the regulation mandates emissions reductions in 
new vehicles of 15% in 2025, and 30% in 2030, compared to a 2019-2020 baseline (European Commission 
2019). The CO2 standards are currently only applicable to some of the highest-emitting vehicle segments that 
together accounted for 66% of total HDV sales in 2022.27 The proposed amendment increases the 2030 target 
to 45% and introduces targets of 65% in 2035 and 90% in 2040. It also extends the scope of the standards to 
cover more varieties of trucks, buses, coaches, and trailers which when combined comprise over 90% of annual 
heavy-duty sales. 

To accurately model the impact of these newly proposed standards, it is critical to have a detailed representation 
of the vehicle stock, including age profiles and energy consumption by vehicle type. Data on HDVs in Europe is 
normally aggregated to a high degree, however the truck market is highly heterogenous with a wide variety of 
vehicle classes. We apply an optimization framework to use sales data to conform registration data by Member 
State. We apply this methodology to split heavy-duty vehicles from aggregated data into 48 vehicle categories, 
following the current VECTO vehicle groups (the characterization by with the CO2 standards are applied), and 
model their future stock, activity, and emissions. This process is shown below in Figure 1. The process also 
enables for trucks to be categorized under new and used vehicles. 

Figure 111. Calculation of HDV stock by age profile and VECTO grouping 

 

We evaluate the tailpipe CO2 emissions from HDVs between 2020 and 2050 using the ICCT’s Roadmap model. 

Applying the European Commission’s proposed CO2 standards sees a reduction in overall HDV emissions by 

77% by 2050 relative to 2020. By contrast, the overall target of the European Commission is to reduce road 

transport by 90% by the same year. These results are shown below in Figure 2. 

                                                        

 

27 Based on annual sales data supplied by IHS Global SA; Copyright © IHS Global SA, 2022. 
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Figure 112. Emissions reductions under the newly proposed CO2 standards 
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Introduction 

The prospect of automated mobility on-demand (AMoD) services has garnered significant research, policy and 
economic interest. However, the prognosis on AMoD availability is mixed, while its interaction with current 
mobility pattern types and impacts on system performance has yet to be fully determined. Optimistic studies 
project that AMoD will potentially reduce costs (Pavone, 2015), VKT (Alonso- Mora et al., 2017; Vazifeh et al., 
2018) and parking demand (Zhang and Guhathakurta, 2017). AMoD, under environmentally conscious 
regulation, has also been demonstrated to reduce energy usage and greenhouse gas (GHG) emissions 
(Greenblatt and Shaheen, 2015). Yet, the expected efficiencies of AMoD could further exacerbate cannibalization 
and even active modes (Le Vine and Polak, 2014). Bleaker outlooks suggest that any energy gains from AMoD 
could be negatively moderated by increased demand for travel (Wadud et al., 2016). In some instances, AMoD 
is also expected to worsen congestion (Hensher, 2018). A comprehensive review of recent and important AMoD 
studies can be found in Zhao and Malikopoulos (2019). 

Various experiments have demonstrated how AMoD could impact urban mobility under various cost, demand, 
supply (fleet control and management) and policy scenarios. These studies have however been modeled on 
either specific cities (Azevedo et al., 2016; Vazifeh et al., 2018; Alonso-Mora et al., 2017; Santi et al., 2014) or 
on virtual cities (Basu et al., 2018; Wen et al., 2018; Zhang and Guhathakurta, 2017; Gross et al., 2019) under 
idealized conditions. The result is that the implications of these studies are neither readily nor broadly applicable 
to a wide range of cities. These limitations highlight the importance of understanding how differences in urban 
form and behavior affect moderate the impacts of new modes such as AMoD. Insights from consequent 
investigations could consequently dictate the optimal implementation of AMoD strategies in relevant cities. To 
address this knowledge gap, Oke et al. (2019) embarked on a typologization of cities based on mobility-relevant 
indicators. Subsequently, AMoD scenario simulations were conducted on two prototypes of auto-dependent cities 

generated to represent their respective typologies Oke et al. (2020( and equity analyses are performed in 
Nahmias-Biran et al. (2020). This paper further contributes to the prototype-city simulation approach by 
developing and simulating AMoD scenarios in two dense, transit-oriented city type. 

Methods 

Our objective is to examine the environmental impacts of future AMoD strategies in dense transit-oriented 
cities, in order to provide insights for sustainable implementation. Given the infeasibility of modeling and 
simulating all cities of interest due to time and data constraints, we classified cities on a global scale, based on 
network topology, socio-economic indicators and mobility factors (Oke et al., 2019). From these groups, which we 
call urban typologies, we then developed broadly representative prototype cities (Oke et al., 2020) that can be 
used to analyze scenarios with outcomes that are relevant to the cities in that typology. 

Urban typologies 

Based on data from over 300 cities worldwide , Oke et al. (2019) uncovered 9 urban dimensions and 12 
typologies. These 9 factors are composed of: metro propensity, bus rapid transit (BRT) propensity, bikeshare 
propensity, development, population, sustainability, congestion, sprawl and network density. The reader is 
referred to (Oke et al., 2019) for an explanation of the typology approach and detailed descriptions of each 
typology. In this paper, our simulation experiments are performed on a prototype city representing the 
MassTransit Heavyweight and a futuristic Tel Aviv for 2040. Tel Aviv is expected to become MassTransit 
Heavyweight once the massive investments in public transportation will be realized by 2040. MassTransit 
Heavyweight is a group of highly developed and densely-populated cities with robust mass transit availability 
and usage. Examples of MassTransit Heavyweight member cities include Madrid, Seoul, Berlin, Paris and 
Singapore. 

Simulation environment 

The MassTransit Heavyweight city was modeled using SimMobility Mid-Term (SimMobility-MT) is an agent-
based simulator that models a given population’s daily decision-making and movement, capturing supply-
demand interactions (Adnan et al., 2016). SimMobility-MT has been extended to include various fuel types, 
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costs, and energy consumption and emissions models (Oke et al., 2020; Chen et al., 2018), including on-demand 
modes in a flexible framework (Nahmias-Biran et al., 2019). Further details on the SimMobility-MT framework 
are provided in Oke et al. (2020). Tel Aviv metropolitan area was modeled using a simulation framework which 
is a hybridization of SimMobility MT and Aimsun next. Aimsun Next is a commercial software provides multi-
resolution model for large-scale networks (Aimsun, 2018). Further details on the SimMobility-Aimsun 
framework are provided in (Nahmias-Biran et al., 2022). 

City Generation 

We created two cities: one is a prototype city to represent the characteristics of the MassTransit Heavyweight 
typology and a futuristic Tel Aviv which is expected to expected to belong to the same topology by 2040. Both 
are a high-fidelity testbed in which we develop AMoD scenarios for agent-based simulation. 

Population and land-use synthesis: We synthesize MassTransit Heavyweight population using the hierarchical 
iterative proportional fitting (HIPF) approach (Mü ller and Axhausen, 2012). On the individual level, age, income 
and educational status are controlled for, while income and vehicle ownership are controlled for on the 
household level. After the population was synthesized, the prototype city was gridded into cells. Based on the 
land-use category (residential, commercial, education) of each cell, households, employment locations and schools 
were randomly allocated in order to match totals in each SAL. Workers and students were then assigned to their 
respective workplaces and schools via a gravity model. 

Demand modeling: The PreDay ABM was initially estimated for Boston (de Lima et al., 2018). We then 
calibrated it to fit the average mode shares, activity shares and trip generation rate of the MassTransit 
Heavyweight typology and Tel-Aviv typology. This was accomplished by manually adjusting alternative-specific 
constants, scale parameters (Chen et al., 2018) and variable coefficients to coincide with the MassTransit 
Heavyweight and Tel-Aviv activity shares and mode. Simultaneously, using the same adjustment procedure, we 
also fit the model to European fuel price elasticities. We also performed checks on temporal patterns, mode-
activity proportions, trip and tour distributions. 

Supply modeling: We modeled the supply network by obtaining the archetype road network and mass transit (bus 
and rail) data from OpenStreetMaps and General Transit Feed Specification sources, respectively. We then 
calibrated the network parameters (lane capacities and speeds) to match highway and arterial peak period 
speeds for the archetype city. After the supply model was specified, path sets for the road and transit network 
were generated prior to simulation. Passenger route choices are modeled in the WithinDay module, while the Supply 
module of SimMobility-MT provides trajectories of person and vehicle agents in the simulation. From these, the 
travel times, which were link-based for WithinDay iterations, were aggregated by zone and feedback to 
equilibrate traffic assignments. Similar feedback mechanizem was created for SimMobility-Aimsun framework, 
were for Tel-Aviv network the supply was modeled via Aimsun (Nahmias-Biran et al., 2022). 

Energy and emissions considerations: For each vehicle the energy is computed during the simulation based on 
speeds and accelerations in successive timeframes. This was accomplished using a powertrain- specific energy 
model for internal combustion engines (conventional vehicles), hybrid- electric vehicles, battery-electric vehicles, 
diesel buses and electric trains (Rakha et al., 2011; Fiori et al., 2016; Wang and Rakha, 2017a,b) for the 
MassTransit Heavyweight Gross et al. (2019). For Tel-Aviv 2040, the emissions were calculated according to 
emission factors that link pollution to activity based on the HBEFA methodology (Dadashev et al., 2022). 

Scenario Design 

To analyze the impacts of AMoD across the two cities under consideration, we consider four scenarios. Through 
these, we explore plausible AMoD futures in which passive or active strategies are employed to manage AMoD 
across the cities. In these scenarios, the AMoD fleet is assumed to be fully electrified while MoD vehicles, if presents, 
are gasoline-powered hybrids. With such an imposed regulation, this can be seen to represent a future characterized 
by environmental- friendliness and optimism. 

Base Case: The Base Case represents current conditions for MassTransit Heavyweight and Tel-Aviv in terms of 
mode availability and choice, and network performance. Available modes are Private Car (single and pooled), 
Mobility on-Demand (taxis and ride-hailing), Mass Transit (bus and rail), Active Mobility (bicycle and walk) and 
Other (motorcycle and private bus). Taxi and ride-hailing fares are modeled according to city regulations and Grab, 
respectively. 

AMoD Intro: These conditions describe a future in which AMoD services are introduced in replacement of 
MoD at a 50% discount from regular taxi fares, but without further policy interventions or strategies. Earlier 
studies investigating the cost implications of AMoD provide context for this cost starting point (Pavone, 2015; B¨osch 



 

266 
 

et al., 2018). The AMoD service offers both single and shared ride (pooling) options to allow for additional fare and 
energy consumption reductions. Shared AMoD rides are 30% cheaper than single AMoD rides. The demand 
models assume that consumer preference—modeled via coefficients—for AMoD is the same as for MoD. 

AMoD Transit Integration: Rather than allow a passive and transit-competitive introduction of AMoD, 
governments could intervene by subsidizing the integration of AMoD with mass transit. The potential of the 
integration of on-demand with transit to improve connectivity has received considerable attention (Scheltes and de 
Almeida Correia, 2017; Shen et al., 2018; Wen et al., 2018) as a viable urban policy. Therefore, we explore this 
strategy via the AMoD Transit Integration scenario, whereby AMoD is subsidized by 20% for shared access-
and-egress connectivity to rail stops. 

AMoD + Car Reduction: Another intervention that can be imposed by governments is the reduction in car 
ownership through the increase in costs or other instrument. Recent studies have indicated that AMoD could 
encourage a reduction in car ownership (Firnkorn and Mü ller, 2015; Giesel and Nobis, 2016). We thus test such 
an approach under the scenario AMoD + Car Reduction. Here, we simulate the effects of restricted car ownership 
along with the use of a low- cost AMOD service in lieu of traditional MoD. The ownership restriction is actualized 
by a reduction of 25% in household car ownership. 

Results 

In this section, preliminary results of the AMoD scenario simulations are presented. We plan to analyze the 
impacts on demand, VKT, congestion, energy and emissions in the full paper for both cities and compare the 
results. 

Demand impacts 

AMoD introduction does not appreciably increase the number of trips (0.2%) demanded relative to Base Case. Under 
both AMoD Transit Integration (0.2%) and AMoD + Car Reduction (∼ 0%), similar effects are observed. These 
results indicate that there is no existing latent demand in MassTransit Heavyweight. We show the mode shares 
across all scenarios in Figure 1. 

Figure 113. Summary of mode shares and trip impacts 

 
 

Under AMoD Intro, there is an increase of 180% for on-demand trips, while for private car trips there is a 
decrease of 3%. In addition, Transit use decreases by 4%. Integrating AMoD with transit (AMoD Transit 
Integration) reverses cannibalization, as transit ridership increases by 4%. In this scenario, there is an increase 
of 75% for on-demand trips and a decrease of 5% for private car trips. Shifts from AMoD and mass transit make 
up the largest portion of the integrated AMoD. 

Vehicle kilometers traveled 

We calculate the passenger vehicle kilometers traveled (VKT) as the distance covered by all passenger vehicles 
during a 24-hour day. Passenger vehicles comprise both private cars and on- demand fleet (MoD or AMoD). 
Under AMoD Intro, passenger vehicle kilometers traveled (VKT) significantly increase by 29% (Figure 2). Notably, 
on-demand VKT increases by 380% (from 4 million km to 19.4 million km) under this scenario. Private car VKT, 
however, only reduces by 3%. Transit integration significantly moderates the impact of AMoD in MassTransit 
Heavyweight. While VKT increases by 29% under AMoD Intro, it only increases by 8% under AMoD Transit 
Integration. Reducing car ownership also mitigates the VKT impacts of AMoD. Under AMoD + Car Reduction, 
VKT only increases by 13% (compared to the 29% under AMoD Intro), as shown in Figure 2. The private VKT 
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share is much lower, decreasing by 29% (compared to 3% under AMoD Intro). Notably, this strategy is the 
most successful in MassTransit Heavyweight at significantly reducing private car VKT. 

Figure 114. Passenger vehicle kilometers traveler 

 

Conclusion 

We developed and calibrated two large scale cities: one is a prototype city representing the MassTransit 
Heavyweight typology and the other is the future city of Tel-Aviv which will belong to the same typology. This 
typology is characterized by a high level of development coupled with a significant mass transit availability and 
usage. We investigated the effects of Automated Mobility on-Demand services in these transit-oriented cities. 
The goal was to understand which strategies would lead to the most sustainable outcomes in these types of 
cities. From the Base Case, three scenarios were simulated and compared, namely: AMoD Intro, AMoD Transit 
Integration and AMoD + Car Reduction. We expect the results will indicate that even with high levels of AMoD 
transit integration and massive reduction in car ownership, AMoD still increases VKT and congestion. Thus, 
infrastructure and demand-based pricing are likely to be more effective in tackling the congestion problem. 
However, we expect that both the integration and car reduction strategies will reverse the cannibalization of 
mass transit. We expect these simulation results to provide valuable insights to policymakers and other 
researchers in the continuing exploration of AMoD implementation and AMoD regulation. Furthermore, they would 
be of immediate value to cities in the MassTransit Heavyweight typology. 
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Modelling the effects of mobility hubs using a Predictive Digital Twin 
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a TNO, The Netherlands 

Introduction 

MOVE21 is a four-year European Horizon 2020 Innovation project started in 2021, aiming to transition European 
cities and their surroundings such that a 30% transport-related emission reduction is achieved by the year 
2030 (MOVE21, 2021). Mobility measures enabling this transition, such as public transportation hubs, shared 
modes and zero emission zones are explored on both people and freight transport with an integrated approach. 
Living labs in the cities of Oslo, Gothenburg and Hamburg with replicator cities in Munich, Bologna and Rome 
form a central part of the approach within MOVE21. 

Within the project, upscaled variants of the living labs are explored for both people and freight transport in 
these six urban areas across the Scandinavian-Mediterranean (Scan-Med) corridor of the Trans-European 
Transport Network (TEN-T). The aim is to learn from the living labs to identify and harness successful 
interventions which contribute to transport-related emission reductions and to validate the effectiveness 
beyond the so-called urban nodes to the entire Scan-med TEN-T corridor. In this way, MOVE21 delivers new, 
(close to) market ready solutions that have proofed to be effective in different regulatory and governance 
settings. 

One of the proposed solutions explored within MOVE21 is the notion of mobility hubs for both people and 
freight. Mobility hubs can be defined as “physical locations where different shared transport options are offered 
at permanent, dedicated and well-visible locations and public or collective transport is available at walking 
distance.” (SmartHubs, 2021). Successful hub designs have the potential to positively impact efficiency, quality, 
environment and health within the mobility system (Heezen et al., 2022). When designing the living labs in 
MOVE21, ex ante analyses are made of potential mobility hub implementations and supporting policies in a 
digital simulation environment representing characteristics of the real world cities. 

Methodology 

The simulation environment applied within MOVE21 is built using the by TNO developed Urban Strategy 
platform. Urban Strategy is a unique set of GPU-accelerated simulation models integrated trough a scalable 
and fast communication framework (Lohman et al., 2023). Given these unique capabilities, Urban Strategy 
allows to construct so called Predictive Digital Twins, which allow to perform exploratory ‘what-if’ scenarios to 
estimate the potential impact on both traffic, noise and air quality of individual and combined policy measures. 
These measures can consist of urban development (e.g. addition of housing, workplaces or other facilities), 
transportation policies (e.g. pricing strategies and the introduction of new modes) and traffic management (e.g. 
mode specifically limit street access or alteration of the speed and capacity of roads) (Borst, 2010). 

The simulation of mobility hubs within MOVE21 is achieved through the appliance and continuous development 
of the Urban Strategy multi modal mode choice and two assignment models as shown in Figure 1. 

The multi modal mode choice model, referred to as the ‘New Mobility Modeller’ (NMM), re-estimates (based on 
a multinomial logit-model) the mode choice for each population group after an intervention is applied by 
computing new utilities for every origin-destination (OD) pair in the network (Snelder et al., 2019). Input data 
of the NMM consist of both population data (e.g. car possession and drivers’ licenses) and the original trips 
between the OD-pars as input. Given the aforementioned speed of Urban Strategy, the NMM allows to 
interactively explore the impact of pricing strategies and the introduction of new modes to the mode choice on 
a city scale. This is used within MOVE21 to explore different micro-mobility hub configurations and geographical 
integration. 

The assignment models utilizes the results from the NMM by recalculating the new route choices in this 
alternated scenario. Within the Digital Twin applied in MOVE21, both an assignment model for traffic is used, 
as well as a separate assignment model for public transport. The Urban Strategy traffic assignment model 
handles the assignment of trips by car, truck and bicycle on the road networks. Additionally, trips performed by 
new (shared) modes like shared bikes, kickscooters and shared cars are also assigned by the same module. The 
model utilizes an all-or-nothing algorithm for trips by truck and bicycle, this means that route-choice of these 
modes are not influenced by congestion on individual roads or routes. The muti-user class assignment volume 
averaging algorithm is utilized to assign trips by car (and shared car), implying route choice of car trips are 
influenced by intensities on a road from other car trips. The resulting car and freight trips are then used as an 
input for environmental calculations, computing the noise and air emissions related to road traffic. The 
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assignment model for public transport assigns public transport trips to the public transport network  (van der 
Tuin et al., 2022). The module incorporates both line choice (e.g. bus, light rail and inter-city trains), stop choice 
and the choice for access and egress mode (i.e. first mile/last mile). 

Figure 115. Overview of modules for computing effects of mobility hubs in Urban Strategy 

 

A visualisation model of Urban Strategy allows to visualise the impact of interventions in different indicators 
such as modal split, road intensities and intensity/capacity ratios (i.e. congestion levels) which is utilized within 
interactive simulation sessions with stakeholders from the different cities. The interactive sessions consisted of 
a common exploration of model specific parameter values, impact assessment and (re)formulation of policy 
measures in additional scenario’s. 

Results 

The described methodology has been implemented for the city of Hamburg. First a digital twin in Urban Strategy 
has been created based on the traffic model of the city of Hamburg (Hamburg, 2020) for the future year 
scenario 2030. Next, the several modules (New Mobility Modeller, Traffic assignment, Public Transport 
assignment, Environment) have been calibrated and set-up. This makes it possible to run various scenarios 
related to mobility hubs. 

The scenarios for upscaling mobility hubs have been designed in collaboration with the city of Hamburg. This 
resulted in three scenarios each involving 10 mobility hubs in the district of Altona, shown in Figure 2. In the 
base hub scenario travellers can pick-up various shared modes at the mobility hub: shared cars, shared kick 
scooters and shared bikes. It is assumed that the maximum walking distance toward the hub is 800 meters. 
The second scenario is identical, but includes parking costs for cars around the hub to encourage usage of 
shared modes instead of the own car. The third scenario focusses on a situation where only shared bikes are 
available at the hubs (i.e., no shared cars and shared kick scooters), encouraging active forms of mobility. 

Figure 116. 10 mobility hubs are positioned in district Altona in Hamburg 

 

The New Mobility Modeller computed the resulting modal split for the district of Altona for each of the 
aforementioned scenarios. It can be seen in Table 1 that the introduction of mobility hubs, lead to replacing 
trips originally performed by public transport, bike or car by shared modes via the hub. In total, more people 
use a car (combination of car and shared car), which is usually an undesirable effect in terms of mobility 
transitions. By increasing the parking costs this problem is mitigated. The third scenario only focussing on shared 
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bikes shows that mainly shorter distance trips by public transport and bike are being replaced by shared bike 
trips. 

Table 21. Modal split in district Altona for each scenario 

Scenario Car Public 
transport 

Bike Shared 
car 

Shared bike Shared kick 
scooter 

Base 49.2% 37.5% 13.3% 0.0% 0.0% 0.0% 
Mobility hubs 48.5% 34.9% 12.9% 1.7% 1.8% 0.1% 
Mobility hubs and parking cost 46.2% 35.1% 13.5% 2.4% 2.5% 0.2% 
Mobility hubs shared bike only 49.1% 34.8% 13.1% 0.0% 3.0% 0.0% 

Figure 117. Road intensities (left) and accompanying NO2 emissions (right) 

 

The resulting trips have been assigned to the network. This provides traffic flows, used as an input for 
environmental calculation modules as shown in Figure 3. It should be noted that the shared cars are assumed 
to be electric, zero-emission, cars. Thereby an increase in overall car usage (scenario 1) results in an 
improvement of air and noise quality as shown in Table 2. It can be concluded that the introduction of mobility 
hubs result in a higher usage of shared modes as well as improved environmental conditions. However, the 
results also show that introducing shared cars may lead to more car trips in total being performed (in favour 
of public transport), which is an undesirable effect. This effect can be mitigated by introducing flanking policies 
like increase of parking costs. 

Table 22. Difference in air (NO2 , PM10) and noise (Lden) emission levels within Hamburg for each scenario compared to 
base 

Scenario  NO2 change   PM10 change    Lden change  

Mobility hubs -0,002% 0,000%  -0,008% 
Mobility hubs and parking const -0,013% -0,003%  -0,076% 
Mobility hubs shared bike only -0,001% 0,000%  -0,002% 

Conclusion 

This paper provides a brief overview of the EU H2020 MOVE21 project, aiming to transition European cities and 
their surroundings such that a 30% transport-related emission reduction is achieved by the year 2030. The 
contribution of TNO is embedded in the realisation of Predictive Digital Twins with Urban Strategy of the cities 
Oslo, Gothenburg and Hamburg, as well within the guidance and advice when constructing, exploring and 
assessing different upscaled mobility scenario’s in these digital replicas. 

Exploring different mobility interventions or alternative policies can be challenging due to risks, costs and time 
constraints (Borst, 2010). Simulation within a Predictive Digital Twin provides an efficient and effective 
alternative for examining upscaled scenario’s of mobility hubs or when comparing the effectiveness of different 
policy variants. The approach within MOVE21 of combining Predictive Digital Twins with the living labs adds 
value to the living lab due to the ability to experiment with small set-ups including flanking policies that give 
promising results in simulations. 
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The interplay between the several Urban Strategy models within the digital twin have been demonstrated in 
this paper in the instance of the city of Hamburg, Germany. Results indicate that the implementation of a 
mobility hub in the district of Altona results in a modal shift, resulting in less car, public transport and bike trips 
in favour of trips by shared modes offered at the hub. Due to the reduced use of cars also emission levels are 
affected positively. Further exploration of additional policy measures alongside the hub show that pricing 
measures, such as parking pricing for cars, can further stimulate the use of shared modes at the expense of, 
among others, cars. 

This use case demonstrates the added value and potential of utilizing Predictive Digital Twins when exploring 
the required (combination of) policies in order to transform towards a sustainable city wide mobility system. 
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Current network coordination control in practice is mainly realized by control subarea partitioning, which fails 
to describe the intrinsic property of urbanite trip reflected by vehicle paths, while some path-based network 
coordination control methods depend strongly on given critical paths derived from subjective experience. In this 
paper, a path-based coordination control optimization model is proposed under a multi-agent control modelling 
framework. Aiming at minimizing the total delay, network coordination control is realized through agent self-
optimization and an optimization iterator describing the interaction between neighbouring agents. Evaluation 
was done through a simulation case with satisfactory results outperforming Synchro and MULTIBAND model by 
29.4% and 27.2%, respectively.  
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Introduction 

After exploiting both ground and underground urban mobility, the idea of adding the “third dimension” to urban 
transportation networks has been receiving increasing attention, making the Urban Air Mobility (UAM) concept 
more and more popular. However, this is not new: first examples of UAM services using helicopters are dated 
to the 1940s and operated for more than two decades, ceasing their activities only due to several incidents of 
mechanical failures, highlighting safety concerns (Thipphavong et al., 2018). The list of direct and indirect 
enabling technologies related to the nowadays renewed idea of introducing UAM services is wide (Pons-Prats 
et al., 2022), but progresses in sensor and communication systems, together with recent advances in electric 
batteries (Li et al., 2021; Yang et al., 2021), have been identified as crucial for developing new aerial vehicles, 
the so called electric Vertical Take-Off and Landing (eVTOL) aircrafts (Rezende et al., 2018). Many vehicle 
manufacturers, such as Joby Aviation, Airbus, Volocopter and Lilium, are competing to bring advanced eVTOL 
technologies to market for UAM commercially operating services, while national and regional administrative 
and political bodies are preparing roadmaps for a sustainable UAM adoption. Integration of these new services 
within the existing mobility system is one of the main challenges and a well-designed ground infrastructure 
system is fundamental to this aim (Wu and Zhang, 2021): UAM services need vertiports, i.e., eVTOL take-off 
and landing infrastructures, whose location should be optimally identified to maximize potential passenger 
demand from the service operator perspective. 

There is still uncertainty about what kind of use cases (e.g., airport shuttles or city taxis) should be prioritized 
at an early implementation stage and what will be perceived as the most appealing one from a user perspective. 
To this aim, this study investigates passengers value of travel time (or users’ willingness to pay) for UAM 
services, comparatively exploring the differences between two potential business models, i.e. airport shuttle and 
city taxi services. Data from a large-scale Revealed and Stated Preference (RP/SP) survey in the Milan 
metropolitan area (Italy) have been collected in the period 2021-2022 and these have been subsequently 
analysed by means of discrete choice models. The goal is to provide policy indications to both public and private 
transport planner interested in deploying and developing a sustainable UAM ecosystem. 

Methodology 

A mixed RP/SP survey was designed and on-site distributed to interviewees randomly approached at the major 
transport nodes and points of interest of the Milan metropolitan area, including airports, railway stations, huge 
bus stations and other important urban attraction poles. The data collection campaign lasted 3 months, from 
November 2021 till to January 2022, collecting a total of 4’174 complete interviews. 

The aim of the RP section was twofold: collecting socio-economic data of the interviewee and profiling 
respondents with respect to their travel habits. At the end of the RP section, a video describing the UAM service 
and travel experience was proposed: this has shown all the journey steps, starting from the UAM service booking 
to the vertiport access, from the check-in and security checks to the boarding, from the flight to the deboarding, 
and concluding with the egress from vertiport till to destination. Finally, interviewees were asked to participate 
in an SP choice experiment (with a maximum of six choice situations per person), designed following the optimal, 
or statistically efficient, approach (Hensher et al., 2015; Rose and Bliemer, 2009). Respondents were asked to 
implicitly compare and choose among four mobility solutions (using Car, Public Transport, Taxi or UAM) to carry 
out the same travel typology they were doing when interviewed, considering level of service attributes such as 
access/egress time, waiting/boarding time, in-vehicle time and monetary cost. 

Data gathered have been analyzed through Mixed Multinomial Logit (MMNL) (McFadden and Train, 2000) 
discrete choice models: these allow to consider systematic and random components for each alternative 
included in users’ choice sets differing among respondents; thus, the assumption of constant marginal utilities 
across all individuals is relaxed and heterogeneity in travelers’ tastes can be identified. Moreover, panel data 
have been used to consider the non-independence of the observations associated with the same interviewee, 
while choices of different individuals have been still assumed independent. 

It has been considered that an individual 𝑛 has preferences on each transport mode 𝑗, in the different choice 
situations 𝑠, which can be measured through the perceived utility function  𝑈𝑛𝑠𝑗 (see Equation below). The 𝑈𝑛𝑠𝑗 

function is set equal to the sum of the systematic utility function 𝑉𝑛𝑠𝑗 plus random residuals 휀𝑛𝑠𝑗 , where  𝑉𝑛𝑠𝑗 
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is assumed as a weighted by 𝛽𝑛𝑘  linear combination of 𝑘 explanatory variables 𝑥𝑛𝑠𝑗𝑘 (i.e. level of service and 
socio-economic variables). 

𝑈𝑛𝑠𝑗 = 𝑉𝑛𝑠𝑗 + 휀𝑛𝑠𝑗 =∑(𝛽𝑛𝑘 ∙ 𝑥𝑛𝑠𝑗𝑘)
𝑘

+ 휀𝑛𝑠𝑗 

The probability of choosing a transport mode 𝑗 among those available is expressed as: 

𝑃𝑟𝑜𝑏(𝑐ℎ𝑜𝑖𝑐ℎ𝑒𝑛𝑠 = 𝑗) = ∫(
𝑒𝑥𝑝(𝑉𝑛𝑠𝑗 𝜃⁄ )

∑ 𝑒𝑥𝑝(𝑉𝑛𝑠𝑗 𝜃⁄ )𝐽𝑛𝑠
𝑗=1

)𝑓(𝛽)𝑑𝛽 

The above reported Equation means that the probability of choice is a weighted average of the Multinomial 
Logit formula evaluated for different values of 𝛽, with weights given by the mixture of distributions 𝑓(𝛽). 
Parameters estimation has been performed by means of the Maximum Simulated Likelihood Estimation (MLSE) 
method. 

Results 

To comparatively explore differences between passengers’ value of travel time related to two potential UAM 
use cases (i.e. airport shuttle and city taxi services), dataset where split in two sub-datasets depending on the 
interviewee trip pattern. Particularly, it turned out that the sub-dataset related to access/egress trips to/from 
airports has a sample size 𝑁 = 1127, while the one related to city trips has a sample size 𝑁 = 1018. 

Therefore, two different MMNL models have been considered, estimating 𝛽 parameters for each of the variable 
included in the systematic utility specifications, i.e., in-vehicle time, monetary cost, access/egress time, 
waiting/boarding time, and socio-economic dummies. Note that the β associated to the monetary cost variable 
have been considered as random (i.e., assuming them to be distributed as a normal random variable with μ 
mean and σ standard deviation); moreover, interactions with the trip purpose variable (i.e., a dummy equal to 1 
if the interviewee was traveling for business purpose) have been introduced in the specifications. 

Starting from the estimated coefficients and following suggestions by (Hess et al., 2005) in the case of MMNL 
models, the population of the ratios between in-vehicle travel time and monetary cost coefficients (i.e., Values 
of Travel Time - VoTT) was simulated, subsequently analysing distribution properties. Particularly, a Monte Carlo 
simulation have been run generating 1000 samples, each of size 1000, and for each resulting distribution, the 
central tendency was estimated by the sample median. Simulation results for in-vehicle VoTT, classified by 
service type (from/to airports or within city), by transport mode (Car, Public Transport, Taxi and UAM) and trip 
purpose (business and non-business) are reported in Table 1. 

Table 23. Simulation results for in-vehicle Value of Travel Time (VoTT) [€/h] 

[1]Trip purpose [2]VoTTs - From/to airports trips  VoTTs - City trips 

 Car [3]PT [4]Taxi [5]UAM [6]Car [7]PT [8]Taxi [9]UAM 

[10]Business [11]20 [12]4 [13]62 [14]65 [15]4 [16]6 [17]20 [18]50 

[19]Non-Business [20]17 [21]4 [22]51 [23]52 [24]4 [25]6 [26]19 [27]46 

Source: Authors’ elaborations. 

Conclusions 

Results shown in Table 1 highlight how the in-vehicle VoTT for UAM airport shuttle services is in a range of 65-
52 €/h, where higher values are related to those travelling for business purpose. Likewise, the estimated value 
for UAM city taxi services is in the range of 50-46 €/h. Depending on the trip purpose, VoTTs for UAM airport 
shuttle services are about 29-14% higher than those for city taxis. Therefore, looking at these values and 
reading them as (potential) users’ willingness to pay for UAM, this suggests how the implementation of UAM 
airport shuttle services should be prioritized over within-city UAM taxi ones, especially in a first phase which will 
be probably characterized by high fares, gradually decreasing over time. 

Furthermore, focusing on trips from/to airports and looking at the competition between transport modes, users' 
willingness to pay for UAM services (65-52 €/h) resulted to be at maximum 5% higher than those related to 
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taxis (62-51 €/h), suggesting how differences between the two mode of transport pricing policies should be 
reduced at minimum to promote a significant modal shift from taxi to UAM services accessing/egressing 
airports. 

Future research could deepen the analysis by investigating the impact of individuals’ latent traits, such as 
personal attitudes (e.g., aversion to fly, vocation for technology) and perceptions (e.g., expectations and safety 
concerns), on VoTTs for UAM services. 
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Towards replicable mode choice models for transport simulations in France 

S. Hörla 
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Introduction 

Transport models play a crucial role in understanding the impact of new technologies, services, and policies on 
the transportation system. Their impact can be studied through simulations of entire territories. The simulations 
incorporate these new elements with the aim of evaluating their effects on economic, ecological, and social 
indicators. 

Recently, a framework for creating synthetic travel demand data sets in France was developed by (Hörl and 
Balac, 2021). It creates households, persons, and their daily activities with times and locations in a replicable 
way. Since the input data sets are standardized in France and the framework is open source, it has been applied 
for various additional cases such as Nantes (Le Bescond et al., 2021), Lille (Diallo et al., 2021), Lyon (Hörl and 
Puchinger, 2022), or Rennes (Leblond, Desbureaux, and Bielecki, 2020). 

Various modelling frameworks, such as MATSim (Horni, Nagel, and Axhausen, 2016) or SUMO (Lopez et al., 
2018) exist which make use of the trips connecting the activities in travel demand data sets. The trips are 
simulated all at once, leading to phenomena such as congestion and crowding. The experienced travel 
characteristics can then be used to obtain updated choices for each trip’s mode of transport. The choices are 
mandated by a behavioural model, the Multinomial Logit model (Train, 2009) being the most commonly applied 
approach in transportation. Extending the logic from (Hörl and Balac, 2021), in this paper, we take another step 
towards a fully replicable simulation of French territories by focusing on the mode choice component. 

Methodology 

We propose a data preparation pipeline in six steps leading to semi-standardized mode choice models for French 
use cases. The first step is the cleaning of the Household Travel Survey (HTS) data. They provide the daily 
activities and connecting tips for a specific sample of the population in a study area. In France, several formats 
of such data sets exist and they are partly standardized. They are available for most of the cities and regions 
in France and generally available for research. Some of them are available as open data, for instance, for 
Nantes and Lille. Often, the surveys are spatially anonymized. However, Euclidean distances between trip origins 
and destinations are known, and zone identifiers (municipalities or specifically designed shapes) are provided. 
Based on this information, it has been shown that it is possible to synthesize representative origin and 
destination coordinates from which choice models with high quality can be estimated (Balac, Hörl, and Schmid, 
2022). The goal of the cleaning process is to obtain origins and destinations of all trips in the HTS along with 
additional attributes on the trips and the decision-makers. 

The second step is the generation of car alternatives, i.e., for each trip in the HTS data, we obtain a 
representative travel time when using the car. Our goal being to develop an easily adaptable and replicable 
pipeline, we don’t make use of the common approach of using a commercial routing API. Instead, we propose 
to use data from OpenStreetMap (OSM) which is available anywhere in France to obtain travel times based on 
the speed limit. The routing is based on the Dijkstra algorithm and is performed using the osmnx package 
(Boeing, 2017). After, the travel times need to be corrected to represent realistic speeds. The correction is 
performed in two steps. In order to consider congestion, we make use of the TomTom Congestion Index (Cohn, 
Kools, and Mieth, 2012) which is available online and describes the inflation of travel times by hour of the day 
with respect to free-flow conditions in a region. On top of these hourly factors, we add another global factor 
that (1) corrects for the difference between maximum speeds according to the speed limit and regular free-
flow speeds and (2) potential shifts in travel times between the HTS survey period and today. This global 
correction factor is obtained by performing a line search with the objective of minimizing the offset between 
the reported travel times of HTS trips that have been performed by using the car and the routed values. For 
validation, the resulting statistical deviation can be examined. 

Third, we generate transit alternatives giving information on the number of transfers, in-vehicle times for 
individual transit modes (metro, tram, bus, …), access times, and connection frequencies when using public 
transport. For that purpose, we make use of digital transit schedules in GTFS format that are generally available 
in France. While for some regions, like Île-de-France, consolidated GTFS data sets with all operators are 
available, they need to be collected and merged for other use cases. We provide the respective tools in our 
framework. After, the routing is performed using the RAPTOR algorithm (Delling, Pajor, and Werneck, 2015) with 
a specific implementation in Java that is part of the MATSim framework. During routing, waiting times and 
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travel times for the individual transit modes can be weighted differently to represent differing levels of comfort 
and reliability across the transit modes. For that purpose, we use as ground truth those HTS trips for which 
public transport was chosen. We perform a black-box optimization using the CMA-ES algorithm (Hansen, Müller, 
and Koumoutsakos, 2003) to obtain routing weights that minimize the offset between the distribution of transit 
modes and the distribution of transfers between the HTS and the routed trips. We have found that the resulting 
itineraries are more realistic than bare time-minimizing routes and that they provide a better model fit in the 
final choice model. 

As the fourth step, a cost model needs to be defined, which will be specific to each individual use case. While 
the car costs may be fixed to a general rate per distance, we also include parking costs that can be defined on 
a spatial zoning system and may depend on the duration of the activity following the trip. Public transport 
pricing systems are usually more complex and need to be modelled for every use case. 

Fifth, we impute contextual information to the data sets. Specifically, for the current version of the generic 
model, we include an indicator on parking pressure which is the quotient of the number of cars registered in a 
statistical area (available for any place in France) and the total length of the road network in that area (obtained 
from OSM). The indicator greatly increases the explanatory power of the resulting choice model. 

Finally, a choice model for the chosen alternative in the HTS can be estimated making use of trip attributes 
for the car and transit modes. Additional attributes for walking and bicycle are obtained, but they are modelled 
simplistically (for the current state of the pipeline) based on Euclidean distances. As an additional feature, we 
include the car passenger mode, which, in the downstream simulations is often a requirement to realistically 
simulate activity chains, especially for persons without car access (because of age) and limited public transport 
supply (in rural and suburban areas). The model is a standard Multinomial Logit Model with mode availabilities 
based on per-person attributes such as whether the person has a driving license. 

Results 

The described pipeline has been applied to the case of Paris and the Île-de-France region. The Enquête Globale 
Transport survey (Île-de-France Mobilités, OMNIL, and DRIEA, 2010) has been used which provides detailed 
origin and destination coordinates for research purposes. Table 1 shows the choice dimensions for the five 
defined transport modes. While a full documentation of the model equations and the estimated model 
parameters exceeds the scope of the present abstract, they will be presented at the symposium. We have 
obtained a promising R2 of 0.54 and Values of Time (10.50 EUR/h for car) that are in line with previous research 
(Meunier and Quinet, 2015). 

For Île-de-France, specific developments have been performed to clean the HTS data and define the cost models 
for the car and public transport modes. All other steps of the pipeline are sufficiently generic so that they can 
directly be applied to other use cases. Furthermore, during the selection of variables, it was verified that the 
same choice attributes are available in other relevant HTS data sets. 

Table 24. Attributes and Value of Time (VOT) for the estimated model for the Île-de-France region 

Transport mode Attributes 

Private car Travel time (min), Monetary cost (EUR), Parking pressure (veh/km) 

Car passenger Driving permit (Y/N), Travel time (min), Parking pressure (veh/km) 

Public transport Driving permit (Y/N), Headway (min), In-vehicle time (min), Only Bus (Y/N), 
Access/Egress time (min), Transfers (discrete), Monetary cost (EUR) 

Bicycle Travel time (min) 

Walking Travel time (min) 

Source: Authors’ elaborations. 

Conclusion 

In conclusion, we have set up a pipeline to estimate a discrete choice model for mode choice in French territories. 
The pipeline provides a clean basis for future improvements with a successful application to the case of Paris 
and Île-de-France. We have available most of the necessary data for other cities, including cleaned HTS for 
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Nantes, Lyon, and Lille, which are based on the above-referenced synthetic population implementations. The 
only pieces that are missing so far are the pricing structures for these cities. 

There are two interesting avenues for future research on the model itself. The first is to estimate the same or 
a similar model for all available French cities and compare the results. The second is to estimate a pooled model 
for these use cases to have a general model for France, which could have high potential for generalization. 

We, furthermore, have combined the model for Île-de-France with our synthetic travel demand data for the 
region and integrated both into an agent-based simulation based on the MATSim framwork. This activity has 
already provided fruitful results, although further optimization steps for network optimization will be necessary. 
The final goal in this line of research will be to publish a fully replicable and reproducible agent-based transport 
simulation for a large territory like Île-de-France in a future publication. 
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Using digital twins & simulation to aid operational planning & disaster recovery 
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Spatial Simulations will help us make better decisions about the roadways we construct, dealing with large 
crowds, and how we respond to disasters. With spatial simulation, we can peer into the future to see the impacts 
of our efforts, running “what-if” scenarios that answer our questions without having to wait and see what the 
impact might be years down the line. While the problems that spatial simulations can solve are significant, the 
difficulty of building and running simulations is a barrier for all. Learn how AWS SimSpace Weaver has been 
enabling our customers for large-scale city modelling, crowd simulation and disaster recovery. 

In this session we walk through the opportunities and challenges that exist in scaling spatial simulation, and 
talk through how our lead lighthouse customers and research organisations have been using this technology 
for transportation data and modelling. 
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Introduction 

State-of-the-art model estimation techniques in the deep learning (DL) field enable to obtain models that fit 
large amounts of data. Models used to fit data exhibit high predictive performance. The more oriented the fit is 
to the data, the more the model is overfitted, and the lower the generalisation performance. Accordingly, various 
algorithms have been developed to avoid overfitting. There are methods to choose a model that is a good fit, 
such as AIC or cross-validation. Regularisation can also avoid overfitting by appropriately varying the objective 
function. Currently, in the transportation field, GPS positioning in smartphones, automobiles, and other devices 
allows for the collection of a vast amount of passive data and observation of human behaviour. Therefore, 
algorithm development to fit the data is necessary to obtain generalisable parameters for models in the 
transportation field. 

The development of point-based observation techniques and service systems, such as demand-response e-
hailing and micro-transit, have necessitated higher-resolution destination choice models. In the 20th century, it 
was sufficient to forecast major rail and car trips over relatively large zones but new transportation services 
require forecasts at greater resolution in both time and space. For high-resolution prediction, the smaller is the 
spatiotemporal scale, the fewer are the number of observations tied to each spatiotemporal zone. Even in the 
era of Big Data, it is only possible to observe the behaviour of some people. The smaller is the sample, the 
greater the risk of overfitting an out-of-representative sample becomes. Algorithms developed in the DL field 
avoid overfitting and obtain generalised parameters considering the flatness of the objective function 
(Hochreiter & Schmidhuber (1997)), such as stochastic gradient descent (SGD) (Keskar et al. (2016)). Meanwhile, 
discrete choice models, such as the network-GEV model (Daly & Bierlaire (2006)), have improved the 
representativeness of the correlation structure but their parameter estimation algorithms aim to simply 
maximise the likelihood. Therefore, the predictability of a discrete choice model is lower than that of the 
deep/machine-learning models; however, discrete choice models have the advantage of explaining behavioural 
reasoning (Zhao et al. (2020)). There is room for further development of discrete choice models by introducing 
parameter estimation algorithms that can increase their generalisability. 

The network-GEV model requires an algorithm to obtain highly generalisable parameters. The model is highly 
expressive owing to using scale and allocation parameters to define the network structure. The richness of these 
parameters is similar to that of the DL models. Indeed, they can encapsulate the spatially correlated logit model 
structure (Bekhor & Prashker (2008)) and effectively address destination-choice problems. However, the 
likelihood function of network-GEV models is multimodal and likely to yield locally optimal parameters. In 
addition, parameter estimation of the constant terms of the zone pairs increases the prediction accuracy of 
destination choice (Zhu & Ye (2018)). Naturally, as the number of parameters increases, the likelihood of 
overfitting and difficulty of parameter estimation increase. Therefore, an effective parameter estimation 
algorithm is needed to apply the network-GEV model to the destination choice problem. The algorithm must 
solve overfitting and multimodality problems. 

In this study, we propose an algorithm to estimate parameters with respect to the generalisability of the 
network-GEV model. This study improves the sharpness-aware minimisation algorithm (SAM) (Foret et al. 
(2020)), which evaluates the flatness of the likelihood function. Our numerical examples validate the 
performance of the proposed algorithm in a destination choice problem. 

Proposed Estimation Algorithm 

A highly generalisable model can be constructed by obtaining the model parameters from the flat part of the 
objective function. The objective function to be optimised in the parameter estimation considers the model, 
parameters, and data. In other words, each parameter changes as the data changes. Figure 1 shows the 
relationship between the objective function for each dataset regarding sharp and flat parameters. Suppose that 
the parameter minimising the objective function is obtained for the (observed) training data but the shape of 
the objective function around the parameter is sharp. In such cases, the obtained parameters may not yield a 
good objective value for slightly different (unobserved) population data. However, if a parameter with a 
sufficiently small objective value is employed as an estimator in a flat objective function shape, a good objective 
value can be maintained for slightly different population data. Figure 1 illustrates this relationship. 



 

284 
 

Figure 118. Example of network structure 

 

SGD, which is used as a parameter estimation algorithm in DL, has been proven empirically to converge to 
flatter solutions when the batch size is sufficiently small compared to the training data size (Keskar et al. 
(2016)). Foret et al. (2020) proposed an SAM algorithm that directly obtained a flat solution. The flatness of 
the solution neighbourhood is defined as the maximum value 𝐿(𝜽 + �̂�) of the objective function 𝐿 that should 
be minimised in the neighbourhood space 𝜌 around a parameter 𝜽: 

max
‖𝜺‖𝑝≤𝜌

𝐿(𝜽 + 𝜺), 

where is ‖∙‖𝑝 denotes the 𝑝-order norm. The gradient of 𝜽 + �̂�(𝜽) in the direction of the smaller value is used 

to update 𝜽. 

 To apply the SAM algorithm to the network-GEV model, we allow exploration under constrained 
conditions. First, the G-function is defined as follows: 

𝐺𝑖 = ∑ 𝛼𝑖𝑗𝐺𝑗
𝜇𝑖 𝜇𝑗⁄

𝑣𝑗∈𝑆(𝑣𝑖)

, 

where is 𝑆(𝑣𝑖) is the set of lower nodes of node 𝑣𝑖. The G-function introduces the choice probability of the 
alternatives (Daly & Bierlaire (2006)). The network-GEV model requires a circuit-free network, as shown in 
Figure 2, and each node 𝑣𝑖 has a scale parameter 𝜇𝑖 . The scale parameters must satisfy the condition for upper 
node 𝑣𝑖 and all its lower nodes 𝑣𝑗  (∈ 𝑆(𝑣𝑖)): 0 ≤ 𝜇𝑖 ≤ 𝜇𝑗 ≤ 1. The proposed modified SAM algorithm obtains 
parameters that satisfy the constraints by introducing an exterior penalty approach. The penalty function 
𝐸𝑃(𝜇𝑖) is defined as follows:  

𝐸𝑃(𝜇𝑖) = {

|𝜇𝑖|
2  𝑖𝑓 𝜇𝑖 ≤ 0,

0 𝑖𝑓 0 ≤ 𝜇𝑖 ≤ ∀𝜇𝑗  (𝑣𝑗 ∈ 𝑆(𝑣𝑖)),

|𝜇𝑖 −min𝜇𝑗|
2

𝑖𝑓 ∃𝜇𝑗 < 𝜇𝑖  (𝑣𝑗 ∈ 𝑆(𝑣𝑖)) .

 

Using the probability 𝑃ℎ(𝑑) that and individual ℎ will choose the destination 𝑑, which can be calculated using 
the G-function, the proposed likelihood function 𝐿𝐿′ is defined as follows: 

𝐿𝐿′ =∑𝛿ℎ𝑑 log 𝑃ℎ(𝑑)

∀ℎ

+ 𝜆 ∑ 𝐸𝑃(𝜇𝑖)
𝑇(𝑣𝑖)

, 

where 𝛿ℎ𝑑 is an indicator that equals 1 if the individual ℎ chooses the destination 𝑑 and 0 otherwise, 𝜆 is a 
hyperparameter for penalty terms, and 𝑇(𝑣𝑖) is a node set different from the bottom layer. The first term is 
the usual log-likelihood 𝐿𝐿 on the right-hand side. 

In likelihood maximisation, in addition to the scale and allocation parameters, the parameters for the 
explanatory variables are estimated by setting the deterministic utility as 𝑉 = ∑𝛽𝑋. If the GEV network has 
multiple nests, the probability 𝑃ℎ(𝑑) includes the 𝜇-square of 𝑉. The sensitivity of 𝜇 is usually not equivalent 
to 𝛽 in the likelihood function. In the maximisation process of 𝐿𝐿′, the partial differentiation with respect to 𝜇 
is larger than that with respect to 𝛽, and then 𝜇 is prone to exhibit large changes. We introduce the momentum 
approach (Qian (1999)), which reflects the previous parameter-updating direction, to the SAM-based algorithm 
for reducing variability. 



 

285 
 

Numerical Examples 

The experiment used artificial trip data generated in a virtual urban space based on the model developed by 
Bekhor and Prashker (2008). The total number of trips taken was 40,000. The experiment regards this total trip 
data as "population data". Next, we randomly extracted 40, 400, and 4000 (observed) sample data from the 
population data. We used the sample data for training and estimated the parameters with the following 
estimation algorithms: proposed SAM, SGD, and differential evolution (DE). DE optimises the usual log-likelihood 
function and obtain the parameters; however, SAM and SGD optimises the proposed LL'. Each algorithm was 
executed 100 times. We compared the obtained log-likelihood values against the population data to evaluate 
the predictability and flatness of the estimated parameters. The log-likelihood value in the population data is 
defined as follows: 

∑ 𝛿ℎ𝑑 log 𝑃ℎ(𝑑|�̂�)
40000

ℎ=1
 

using the estimated parameters �̂� and population data. We evaluated the flatness through  

max
‖𝝐‖<𝜌

𝐿𝐿(�̂�) − 𝐿𝐿(�̂� + 𝝐) 1 +⁄ 𝐿𝐿(�̂�) 

using sample data. A smaller value denotes greater flatness. 

Figure 3 shows that the proposed SAM and SGD attain excellent prediction performances over small samples 
(N=40). The results validate the flatness characteristics regarding predictability, especially for small-sample 
cases. Figure 4 with N = 40 demonstrates that our proposed algorithm obtains flat parameters in a stable 
manner; however, the algorithm may have room for improvement regarding the results obtained with N = 400 
and higher. In addition, we compared the distribution of each parameter and (artificial) true value to evaluate 
estimability. Although space is limited and results cannot be displayed here, the proposed SAM yielded 
parameter distributions with true values for all parameters, as did SGD, but not DE, which did not consider 
flatness. For N=40, the proposed SAM estimates of the scale parameters were superior to the SGD results. 

Next, we evaluate the algorithm that combines the momentum method with SAM. The results for N = 40 and 
400 reported in Table 1 indicate that the SAM with momentum is superior to that without momentum. By 
reducing the variation in the estimates of the scale parameter search process, we obtained parameters with a 
better generalisation performance. 

Figure 119. Log-likelihood value in population data with each sample size (N =40, 400, 4000) 

 

Figure 120. Flatness with each sample size (N =40, 400, 4000) 

 



 

286 
 

Table 25. Log-likelihood value in population data to compare the results obtained with/without Momentum 

Algorithm N=40 N=400 N=4000 
SAM -61286 -47937 -47175 
SAM + Momentum -59868 -47915 -47915 

Conclusions 

This study proposed an algorithm to estimate parameters considered the generalisability of the network-GEV 
model by improving the SAM algorithm used in the deep learning field. The algorithm was mainly used to 
evaluate the flatness of the likelihood function. The parameter around the flat objective function provided a 
good objective value when the training data were slightly different from the test data. Our numerical examples 
validated the proposed algorithm in a destination choice problem, particularly with a small sample size. 
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A preliminary study for exploring ML algorithms to understand the mode choice 

preferences with a special focus on access mode choice to train stations 
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Travel mode choice has become a complex problem with the increasing number of transport modes. The early 
research has used discrete choice models to predict and model travel mode choice (Barff et al. 1982, Hensher 
et al, 1993). However, recent studies have used Machine learning algorithms to predict travel mode choice 
which have proven to give better results (Cheng et al. 2019, Nam et al. 2017). Access mode choice to railway 
had also its fair share of studies by applying mostly discrete choice models. The goal of this study is to fill the 
gaps by using machine learning to model and predict the combined modes choice (all the modes taken by the 
traveller to make their trip) with a special focus on railway trips and eventually compare the performances of 
the two modelling approaches.  
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Road-Side Units location optimization: a Mixed Integer Linear Program approach 
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Introduction 

The deployment of Cooperative-Intelligent Transport Systems (C-ITS) and Connected Vehicles (CVs) in traffic is 
only possible in parallel with the development of the communication infrastructures as RSUs to ensure vehicle-
to-infrastructure (V2I), infrastructure-to-vehicle (I2V), or infrastructure-to-infrastructure (I2I) communications 
through Dedicated Short-Range Communication (DSRC) devices. Like any other type of sensor (e.g. Loop 
Detectors or LDs), RSUs are expensive to install and maintain. Thus, their installation places have to be chosen 
carefully. Therefore, our problem is a Traffic Sensor Location Problem (TSLP). 

Owais presents in [1] a review and a categorization of TSLP studies. A distinction is made between them based, 
among others, on: their objective, the type of the studied sensor (passive or active), the location of the sensor 
(node or link), the mathematical formulation and the solution method. Different objectives are distinguished as 
the O/D estimation/updating, Path reconstruction, or the Travel Time estimation (TME) [2]. A lot of different 
mathematical formulations were used. Among them, the ones that come up most often are Systems of Linear 
Equation (SLE), Binary Integer Programming (BIP) and Binary Integer Non-Linear Programming (BINLP). 

Mixed Integer Linear Program (MILP) formulation is not listed in [1]. Yet, MILPs are widely used, especially in 
transportation problems as transport network downsizing to adjust its offer to the demand,which can both 
suddenly vary as seen during the COVID-19 crisis, by selecting an optimal sub-network [3]. In [4], Ahmed et al 
adress the TSLP by focusing on RSUs with a specific objective and therefore not mentioned above. The aim is 
to locate RSUs to minimize transmission and propagation delays and ensure optimal communication between 
vehicles and the infrastructure. The problem is modelled as an Integer Linear Program (ILP). 

In this study, we also focus on RSUs i.e. passive detectors, which will be located on the network nodes. Thus, we 
propose a new formulation of TSLP by modelling it as a MILP with a new objective: to provide the most accurate 
speed profile of the network with a limited number of RSUs. We assume that the speed of road sections on 
routes can only be captured if a sensor is nearby. If not, the value of its speed is set to the speed limit. Thus, 
we want to install RSUs in locations where they will be able to capture the greatest differences between actual 
speeds and speed limits on the road routes around. Furthermore, we formulate the constraints to avoid 
overlapping between RSUs coverage but to enable a partial coverage of some road sections by RSUs. 

This paper is organized as follows: section 2 presents the methodology, section 3 exposes the case studies and 
the performances achieved, and section 4 discusses the conclusions and perspectives from this work. 

Methodology 

This section introduces the problem definition and the MILP formulation. The generic framework is introduced 
in Figure 1. 

Figure 121. Generic Framework 
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Step 1: Problem definition 

This step aims to build Graphs 𝐺  and 𝐷𝐺 of the considered network. 

Let 𝐺 = (𝑉, 𝐴) be a directed graph representing the road network with 𝐴 the set of arcs representing all the 
network route roads and 𝑉 the set on |𝑉| = 𝑁 vertices representing all the intersections between the network 
road routes. 

We introduce: 

- 𝐾 the maximum number of RSUs available; 

- 𝑑𝑣1 ,𝑣2 the Euclidean distance between two vertices, 𝑣1, 𝑣2 ∈ 𝑉; 

- 𝑑𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒  the coverage distance of a RSU, representing the detection's radius of the RSU; 

- 𝑣𝑚𝑎𝑥(𝑎) the speed limit on arc a. We have 𝑣𝑚𝑎𝑥: 𝐴 →  ℝ 

 𝑎 ↦ 𝑣𝑚𝑎𝑥(𝑎) 

- 𝑣𝑎𝑐𝑡𝑢𝑎𝑙(𝑎) the actual speed on arc a. We have 𝑣𝑎𝑐𝑡𝑢𝑎𝑙: 𝐴 →  ℝ 

  𝑎 ↦ 𝑣𝑎𝑐𝑡𝑢𝑎𝑙(𝑎) 

A solution to our problem is a subset 𝑉′ ⊆ 𝑉 with |𝑉′| ≤ 𝐾 in which we place the RSUs. 

Let 𝐷𝐺 = (𝑉, 𝐸) (𝐷𝐺 for DiskGraph) be an undirected graph where neighbours of each vertex in the 
road network are connected to it. In this graph, two vertices are connected if and only if the Euclidean distance 
between them is smaller than the detection radius of a RSU. We have: 

𝐸 =  {(𝑣1, 𝑣2) ∈ 𝑉
2 | 𝑑𝑣1,𝑣2 ≤ 𝑑𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒} 

We also define 𝑁𝑈𝐺 the set of neighbours of vertex i:  

𝑁𝑈𝐺(𝑖)  =  {𝑗 ∈ 𝑉 |∃𝑒 ∈ 𝐸, 𝑒 = (𝑖, 𝑗)} 

We call "detected" a vertex that is within the detection radius of a RSU. In particular, if 𝑖 ∈ 𝑉′, all vertices 
of 𝑁𝑈𝐺(𝑖) are said to be detected. Similarly, an arc 𝑎 = (𝑣1, 𝑣2)  ∈ 𝐴 is said to be detected if both vertices 𝑣1 
and 𝑣2 are detected. 

We call 𝐴𝑑𝑒𝑡(𝑉′) the set of arcs detected for the RSUs location choice 𝑉′. 

We assume that we know the actual speed on the detected arcs, and that for the others we will consider their 
speed as the arc's speed limit. The aim is to detect arcs whose actual speed is far from the speed limit, that is 
to say:  

△ (𝑉′) =  ∑ (𝑣𝑚𝑎𝑥(𝑎) − 

𝑎 ∈ 𝐴𝑑𝑒𝑡(𝑉′)

𝑣𝑎𝑐𝑡𝑢𝑎𝑙(𝑎)) 

The problem which consists in finding 𝑉′which maximizes △ (𝑉′) is called the Traffic Sensor Location Problem 
(TSLP). 

Step 2: MILP formulation 

We decided on the following formulation: 

1) The decision variables are: 
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∀𝑖 ∈ 𝑁, 𝑌(𝑖) = {
1, 𝑖𝑓 𝑤𝑒 𝑝𝑙𝑎𝑐𝑒 𝑜𝑛𝑒 𝑅𝑆𝑈 𝑎𝑡 𝑣𝑒𝑟𝑡𝑒𝑥 𝑖

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 
 

∀𝑖 ∈ 𝑁, Ỹ(𝑖) = {
1, 𝑖𝑓 𝑖 𝑖𝑠 𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑 
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

 

∀𝑒 ∈ 𝐸, 𝑧(𝑒 = (𝑖, 𝑗)) = {
1, 𝑖𝑓 𝑒 𝑖𝑠 𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

 

Note that the use of z(e) could be avoided, but it eases the formulation's writing. 

2) The objective function is: ∀𝑒 ∈ 𝐸, 𝑓𝑜𝑏𝑗 = min∑ ( (1 − 𝑧(𝑒)) ∗ (𝑒 𝑣𝑚𝑎𝑥(𝑒) − 𝑣𝑎𝑐𝑡𝑢𝑎𝑙(𝑒)) )  

Thus, to minimize this sum, a maximum number of arcs 𝑒 has to be observed. 

3) The constraints are: 

(a) ∑ 𝑌(𝑖)𝑖∈𝑁 ≤ 𝐾     We have a limited number of RSUs.  

(b) ∑ Ỹ(𝑖)𝑖∈𝑁 ≤ ∑ 𝑌(𝑗)𝑗∈𝑁𝐷𝐺
     This constraint ensures that Ỹ(𝑖) = 0 if no RSU is located near i.  

(c) 𝑧(𝑒 = (𝑖, 𝑗)) ≤
1

2
∗ ( Ỹ(𝑖) +  Ỹ(𝑗) )  This constraint ensures that $z(e = (i,j)) = 0$ if no RSU is located 

near i and j.  

Then, let us consider the mathematical Program (𝑃): 

𝑚𝑖𝑛                                          ∑( (1 − 𝑧(𝑒)) ∗ (
𝑒

𝑣𝑚𝑎𝑥(𝑒) − 𝑣𝑎𝑐𝑡𝑢𝑎𝑙(𝑒)) ) 

𝑠𝑡                                             ∑ 𝑌(𝑖)𝑖∈𝑁        ≤ 𝐾                                                                     ∀𝑖, 𝑌(𝑖) ∈ {0,1}      (1) 

∑ Ỹ(𝑖)𝑖∈𝑁        ≤  ∑ 𝑌(𝑗)𝑗∈𝑁𝐷𝐺
                                                 ∀𝑖, Ỹ(𝑖) ∈ {0,1}       (2) 

                                                   𝑧(𝑒 = (𝑖, 𝑗))  ≤
1

2
∗ ( Ỹ(𝑖) +  Ỹ(𝑗) )                                           ∀𝑒, 𝑧(𝑒) ∈ {0,1}      (3) 

The decision variables are binary and the three constraints are linear. Thus, (𝑃) is a MILP. Thus, an optimal 
solution can be found using a standard MILP-solver as CPLEX. 

Test case and Results 

Figure 122. Reference Speed Profile and Observed ones according to K (for one seed) 
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We apply the formulation above on a sandbox example based on the M50 network in Dublin introduced in [5]. 
We build a simple case where we define the graphs 𝐺 = (𝑉,𝐴) and 𝐷𝐺 = (𝑉, 𝐸) according to the M50 SUMO 
network with 𝑁 the number of road vertex.Then, we define: 

- 𝑑𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒 = 250 𝑚 and ∀𝑎 ∈ 𝐴, 𝑣𝑚𝑎𝑥(𝑎) = 33 𝑚/𝑠; 

- ∀𝑎 ∈ 𝐴, 𝑣𝑎𝑐𝑡𝑢𝑎𝑙(𝑎) is artificially built to control the congestion location.  𝑣𝑎𝑐𝑡𝑢𝑎𝑙(𝑎)  follows a normal 

distribution with mean µ and standard deviation ơ, 𝑣𝑎𝑐𝑡𝑢𝑎𝑙(𝑎) ~N (µ, ơ
2). As shown in Figure 2a, where the 

reference speed profile is shown for one seed (of normal distribution), speeds are close to the maximum 
speed in all the network (all section roads in dark blue) except in one part of one of the principal axes called 
the congested area (in red). Thus, in the congested area, we have 𝑣𝑎𝑐𝑡𝑢𝑎𝑙(𝑎) ~N (5, 0.5). And, in the rest of 
the network, we have 𝑣𝑎𝑐𝑡𝑢𝑎𝑙(𝑎) ~N (33,3.3). 

- 𝐾 the maximum number of RSUs available on the road network vertex. It varies with the scenarios under 
consideration from 1 to 50 with the following discrete values {1, 2 ,3, 5, 10, 20, 50}. 

Figure 123. Variability of the predicted value compared to the reference one according to K 

 

In Figure 2b, only edges detected by a RSU (red nodes) are colored as a function of the observed speed with 
one, two, or three RSUs, for one seed. When 𝐾 = 1 and 𝐾 = 2, RSUs are located in the congested area as 
expected. Two RSUs are enough to detect the entire congested area. Thus, the third one is located on one of the 
road interchanges, and it seems to be the one that presented the most variability to the maximum speed 
allowed. 

In Figure 3, indicators MAPE and RMSE are displayed for five seeds as a function of the number of RSUs 𝐾. 
They both summarize the variability of the predicted value compared to the reference ones. As expected in this 
sandbox test case, error values are low even with only one RSU. However, there is an expected trend: the error 
values tend to be 0 when 𝐾 (number of RSUs) tends to N (number of nodes on the network). 

Discussion 

The aim was to obtain speed tricolours as close as possible to the reference profile with as few RSUs as possible 
by defining the problem as a MILP. We validate here a Proof of concept with results showing that RSUs are 
located in the only congested area of the network. Future work will test our formulation on more complex 
network before applying the methodology on real instances. Supplementary perspectives lie in a new 
formulation with the objective of placing RSUs in the optimal locations of the network to apply control strategies 
such as a Variable Speed Limit Systems. 
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Introduction 

As Koshi et al. (1992) point out, traffic congestion caused by sags has long been a problem in Japan, and road 
administrators are implementing various congestion countermeasures (e.g., Sato et al., 2021). However, there 
is no established method for identifying precise bottleneck section, while the bottleneck is determined (as a 
point) using rules of thumb such as speed criteria and the starting point of speed recovery in practice. This study 
discusses the spatial heterogeneity of the traffic capacity inside sag sections using the continuum traffic flow 
theory which treats the bottleneck as a continuous section rather than a point. 

Methodology 

In the continuum traffic flow theory for sag bottlenecks proposed by Jin (2018) and Wada et al. (2020), it is 
assumed that the capacity continuously decreases inside the bottleneck section due to the increase in the safety 

time gap. Let 0 ≤ 𝑥 ≤ 𝐿 denote the section and 𝜏(𝑥) denote the time gap at position 𝑥 where 
𝑑𝜏(𝑥)

𝑑𝑥
> 0. With 

the triangular fundamental diagram, the traffic capacity 𝐶(𝑥) at position  𝑥 can be shown in the following 
equation. 

𝐶(𝑥) =
𝑢𝜅

1 + 𝑢𝜅𝜏(𝑥)
                  0 ≤ 𝑥 ≤ 𝐿                     (1) 

where 𝑢 is the free-flow speed and 𝜅 is the jam density. In short, 𝐶(0) represents the traffic capacity before 
the bottleneck section, and 𝐶(𝐿) represents the traffic capacity at the downstream end of the bottleneck 
section, namely “bottleneck capacity.”  

During persistent congestion, the capacity drop is observed and traffic states such as the flow and speed are 
almost stationary and stable (Koshi et al., 1992; Ozaki, 2003). We refer to this state as “capacity drop stationary 
state.” Let  𝐶𝑑 be the dropped capacity (or queue discharge flow rate) in the stationary state, then the stationary 
speed 𝑣(𝑥) at position 𝑥 in the bottleneck section can be expressed as follows (Jin, 2018). 

𝑣(𝑥) =
1

{1 𝐶𝑑⁄ − 𝜏(𝑥)}𝜅
               0 ≤ 𝑥 ≤ 𝐿                 (2) 

The basic idea of estimating the capacity using the above theory is very simple. Once  𝐶𝑑 and 𝑣(𝑥) during the 
capacity drop stationary state are given by observation, the time gap 𝜏(𝑥) can be uniquely determined by 
solving equation (2) for 𝜏(𝑥). Also, assuming that free flow speed 𝑢 and jam density 𝜅 are given, the traffic 
capacity 𝐶(𝑥) can be calculated from equation (1). If 𝐶(𝑥) is calculated continuously at the bottleneck section 
(0 ≤ 𝑥 ≤ 𝐿), it can represent the change in traffic capacity from the upstream end to the downstream end of a 
bottleneck section. Note that we used the calibration method of the continuum traffic flow theory presented by 
Wada et al. (2022) to determine the bottleneck section (0 ≤ 𝑥 ≤ 𝐿) appropriately by using the detector data 
and probe data. 

Results 

We examine four Japanese highway sag sections shown in Table 1. These are selected from the heavily 
congested sections, emphasizing the following points. 

— The queue length is long enough to cover the sag section. 

— The head of the traffic congestion is in the sag in question. 

— Traffic congestion is not affected by other bottlenecks. 

— Traffic congestion continues for several hours. 
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— Sufficient probe samples are obtained. 

Figure 1 shows the spatial heterogeneity of the estimated traffic capacity and longitudinal gradient inside each 
bottleneck section. These box plots are calculated by the estimated traffic capacities of 10 congestion events 
per section. Figure 2 shows the average spatial heterogeneity of the normalized traffic capacity (i.e., 𝐶(𝑥)/𝐶(𝐿)) 
with respect to the bottleneck capacity for comparison. These are calculated only for those locations where 
traffic capacities are estimated for all 10 events. 

Table 124. Target expressway sections 

No. Expressway Name Direction Bottleneck Name 
Num of lane   

(by direction) 
Longitudinal gradient 

A Tomei east bound Nisshin 2 -2.7% ~ 1.1% 

B Meishin east bound Semimaru 2 -3.5% ~ 2.7% 

C Kan-etsu south bound Takasaka 3 -0.4% ~ 1.1% 

D Kan-etsu north bound Komagawa 3 -1.2% ~ 1.0% 

Source: Authors’ elaborations. 

Figure 125. Spatial heterogeneity of traffic capacity 

 

Source: Authors’ elaborations. 
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Figure 126. Normalized traffic capacity with respect to the bottleneck capacity 

 

Source: Authors’ elaborations. 

Discussion 

From Figure 1, we can see that the position of the decrease in the capacity inside the sag section varies 
significantly across locations. Specifically, the estimated capacity decreases (A) at Nisshin, from the bottom of 
the sag to the middle of the upgrade; (B) at Semimaru, from the beginning of the downgrade to the middle of 
the upgrade; (C) at Takasaka, from the middle of the upgrade to near the crest; (D) at Komagawa, along the 
downgrade-to-downgrade section located upstream of the bottom of the sag. 

Figure 2 shows that the spatial decreasing rate in the traffic capacity also differs across locations, and that 
longer [shorter] bottleneck sections do not necessarily result in a more gradual [sudden] degree of capacity 
reduction. Another interesting finding is that (D) at Komagawa, which is downgrade-to-downgrade bottleneck 
among target sections, exhibits the largest spatial decreasing rate in traffic capacity. According to the theory 
(Wada et al., 2020), it can be interpreted as the speed adjustment to the vehicle ahead during the speed recovery 
process is delayed more at (D) at Komagawa than others. This might be because drivers drive more carefully 
by taking into account the increase in acceleration on a downgrade. 

The above results suggest that the relationship between longitudinal gradient change and bottleneck section is 
not simple, indicating the importance of properly identifying bottleneck section at each sag. The analysis and 
results in this study will help to more effective spatial placement of congestion measures. Furthermore, 
although the measures may have been focused on downgrade-to-upgrade sags where it is easy to imagine 
speed reductions, if the spatial decreasing rate in traffic capacity is generally greater for downgrade-to-
downgrade bottleneck it will call for revisiting the priority of sag bottlenecks for introducing congestion 
measures. 
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Introduction 

Road transportation is a vital part of our communities, even if transportation externalities include environmental 
damage, accidents, congestion, and oil dependence. The carbon emissions from road transport are increasing 
(IEA, 2022). Road traffic injuries are the leading cause of death for children and young adults aged 5-29 years 
according to the WHO (WHO, 2022). Additional costs include the time wasted in traffic congestion. The rise of 
automation and connectivity provides an important opportunity to change that trend (European Commission. 
Joint Research Centre, 2019). However, automation alone may not be sufficient, to make road traffic networks 
more efficient and sustainable, and connectivity could be required (Mattas et al., 2018). Indeed, automated 
driving systems that are commercially available have been shown to be potentially harmful to traffic flow 
(Ciuffo et al., 2021). Connectivity solutions are not yet available in the market, and since there are several 
problems to be overcome before this is possible, alternative solutions are being investigated (Donà et al., 2022). 

In recent years, a new idea promises to improve the way we are driving. It is assumed that human drivers tend 
to “Drive to keep Distance” (DD), meaning that human drivers have an interpretation of what is a safe distance 
to a preceding vehicle, and their behaviour is based on keeping this distance. However, human drivers could 
alternatively “Driving to keep Inertia” (DI) (Blanch Micó et al., 2018). Frequently, human drivers can be string 
unstable in their driving behaviour, meaning that speed perturbations coming from preceding vehicles are 
amplified when travelling upstream (Wilson and Ward, 2011). This has been also witnessed with commercially 
available Adaptive Cruise Control (ACC) systems (Makridis et al., 2020), which represent automation level 1 or 
2 according to the SAE taxonomy (SAE, 2021). Those novel inertia-oriented driving techniques suggest that a 
driver can be conscious of the traffic shockwaves in order to attenuate their magnitude (Lucas-Alba et al., 
2020). The effectiveness of this approach has been investigated in driving simulator experiments (Tenenboim 
et al., 2022). Both young and experienced drivers were able to change their driving style after following a short 
course. Moreover, they were able to decrease the energy consumption, also for the vehicles upstream, by 
keeping larger distances be able to absorb some of the traffic oscillations. 

Two possible questions arise. Firstly, if this is a tactic that human drivers can easily follow, is it possible that 
also automated driving systems can replicate this behaviour, bringing benefits to the traffic flow? Secondly, 
influencing traffic flow can be challenging. Changing drastically the driving behaviour can induce the emergence 
or strengthening of phenomena such as traffic hysteresis and capacity drop (Laval, 2011), and alter 
macroscopic characteristics of the traffic flow in ways that are not obvious a-priori. Further investigation is 
required to understand the effects of DI on capacity, flow and throughput, and possible interactions with vehicle 
dynamics that are not always considered (Makridis et al., 2019). 

In the present paper, we explore the possibility to model DI in microscopic simulation. Such a model can allow 
a thorough investigation of DI for different conditions and different penetration rates. Moreover, the DI model 
is designed to be similar to traditional car-following models, which can represent the DD behaviour,  using 
similar inputs, assuming the same information is known to drivers of both types. In this way, it is possible to 
compare the two driving styles. The model is based on Fuzzy logic (Zadeh, 1965), to replicate fairly the different 
suggestions that are given to human drivers in the aforementioned driving simulator experiments (Tenenboim 
et al., 2022). 

Methodology 

Two microscopic car-following models are used in the current work. To represent the DD driving behaviour, a 
simple linear model is used, which has already been investigated in terms of string stability (Wang et al., 2017). 
For the alternative inertia-oriented technique, a new Fuzzy DI model is developed. 

Linear model. The linear model, with some adjustments, has been used to simulate both human drivers and 
ACC systems (Gunter et al., 2021; Shladover et al., 2012). The control mechanism is presented in equation 1. 

�̇�𝑖 = 𝑘𝑣(𝑢𝑖−1 − 𝑢𝑖) + 𝑘𝑠(𝑠𝑖 − 𝑢𝑖𝑡𝑑 − 𝑠0), (1) 
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where 𝑘𝑣 and 𝑘_𝑠 are gain factors for the speed error and the spacing error respectively; 𝑡𝑑 is the desired time 
gap; 𝑠𝑖  the leader-follower instantaneous spacing; 𝑠_0  is the standstill spacing. There is no perception or 
actuation delay. Two different parameter combinations are considered in the present work, one denoted linear 
S, which corresponds to a string stable parametrization, and linear U which corresponds to an unstable one. For 
Linear S, 𝑘𝑣 is equal to 1 and 𝑘𝑠 is 0.25, while the respective values for the linear U are 0.13 and 0.4. For the 
present work, the two cases serve as a qualitative comparison of the different behaviours, and additional 
calibration efforts are omitted. 

Fuzzy DI model. The DI driving behaviour is based on a few simple rules. The DI driver should not allow the 
preceding vehicle to be too far away. Moreover, the inter-vehicle distance should not be shorter than the safety 
distance. Up to this point, the behaviour is not different to a simple DD driver behaviour. The most important 
rule is that the driver should keep additional space, termed the anti-jam distance, that can be used to attenuate 
perturbations in the leader’s speed. Moreover, examples of the behaviour presented in the aforementioned 
papers show an indifference of the DI driver behaviour to small perturbations in the leader’s speed (Blanch Micó 
et al., 2018). This indifference in the DI distance is not common in traditional car-following models, for which 
there is a specific desired distance for each steady state speed. Models including indifference have been 
proposed, such as the application of the three-phase theory (Kerner et al., 2007), however, this is commonly a 
simulation of the uncertainty of the estimation of distance and not a wide anti-jam distance. 

To simulate the behaviour, a Fuzzy controller is developed. Fuzzy controllers are based on ‘If…then...” rules, in 
which both the antecedent and the consequent can be fuzzy linguistic variables. A fuzzy linguistic variable can 
represent the expression “too long” in a robust way, that is similar to the intuitive understanding of humans. 
Thus, the simple suggestions given to DI drivers can be formalized. 

For the formalization, three linguistic variables have to be defined, using fuzzy sets. Firstly, the safety distance 
can be fuzzified using the Proactive Fuzzy surrogate Safety metric (PFS) (Mattas et al., 2020). When the PFS 
membership value is 1, the situation is unsafe, and the value 0 corresponds to a safe distance. However, the 
PFS membership value can take any value between 0 and one, representing a situation that is unsafe with a 
degree of truth. Similarly, the anti-wave space is represented by a trapezoidal fuzzy set. Finally, another 
trapezoidal fuzzy set represents the linguistic variable “too long”. 

The fuzzy controller is of the Takagi-Sugeno type (Scherer, 2012), where the consequent is not fuzzy. The rules 
defined are: 1) If the distance is unsafe (PFS) Then decelerate (6 m/s2), 2) If the distance is on the Anti-wave 
space Then do nothing, 3) If the distance is Too Long Then accelerate (2 m/s2). The final acceleration is 
calculated as a weighted average of the consequent accelerations. 

Results 

A simple simulation experiment of two vehicles car following is carried out. The preceding vehicle is following 
a predefined speed profile, while the follower vehicle uses one of the three car-following models. The results 
are presented in Figure 1. The speed drops and increases for the Linear U are more extreme that the leader’s 
while there is also an overshoot in the initial acceleration. For the Linear S, the oscillation is dampened, but the 
effect of the Fuzzy DI is distinctively different, with the oscillation being completely absorbed, on the cost of 
keeping a larger constant distance. 

This is an important advantage of the DI approach, as the following vehicles would not experience a 
perturbation. Additionally, the speed of the DI vehicle is constant for most of the simulation, while the 
intervehicle distance is oscillating, with a decreasing trend. This shows the indifference, that can lead to multiple 
different equilibrium conditions. Finally, in the acceleration phase, the DI takes more time to achieve the steady 
state speed. This can be influential to the throughput after bottlenecks in real world conditions and has to be 
further investigated. Additional rules could be established to correct this, in case it presents negative impacts. 
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Figure 127. Resulting speed profiles for (a) Linear S, (b) Linear U, (c) Fuzzy DI models 

 

(a) 

 

(b) 

 

(c) 

 

Source: Authors’ elaborations. 

Conclusions 

In the present paper, a modelling framework is presented to simulate an inertia-oriented driving technique in 
micro simulation. The results show that this technique can be reproduced in simulation using a Fuzzy model. 

The effect of DI is evident and different to string stable parameterizations of traditional car-following models. 
Based on this, the effects of such an approach can be investigated, for the relevant effects on traffic flow. For 
further research, the model’s parameters have to be calibrated on DI human drivers, or optimized if they can 
be applied to ACC systems. Moreover, the current Fuzzy DI model includes only the most necessary rules. 
Additional rules, coming from observing results of simulation experiments, or from experienced DI drivers, may 
further improve the model's simulation. Finally, realistic vehicle dynamics can also be added, to further support 
relevant results. 
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Introduction 

One key operational challenge associated with mobility-on-demand (MoD) systems can be characterized by 
vehicle imbalances due to asymmetric travel demand. Recent advances in automated vehicles (AVs) provide an 
excellent opportunity to address such a challenge by allowing MOD operators to coordinate their fleets in a 
centralized manner. Despite the benefits of AVs, it is evident that the development and deployment of AVs can 
only happen gradually. In the near future, MoD systems will be operating a mixed fleet of human-driven vehicles 
(HVs) and AVs, whereby HVs could strategically respond to the actions of AVs, making global coordination 
computationally challenging. 

Several studies have explored control strategies for managing mixed-fleet MoD. Afeche et al. (2018) analyzed 
the steady-state system equilibria under different control regimes, taking into account of HVs' profit-oriented 
behavior. Yang et al. (2020) proposed a bi-level Stackelberg framework to control mixed-fleet MoD, developing 
a game-theoretic HV behavioral model at a lower level and model predictive control at a higher level. Xie et al. 
(2022) proposed a two-sided multi-agent (i.e., the operator and HVs) deep reinforcement learning (RL)-based 
approach to address the challenge of spatial-temporal uncertainty in demand considering the interactions 
between HVs and AVs. Although these methods have succeeded in improving mixed-fleet MoD operations, they 
may not scale well to large transportation networks due to computation complexity and sample efficiency. To 
address this issue, we propose an RL-based control framework for AVs that integrates a model-free advantage 
actor-critic approach and mode-based components, including a dynamic model of the system and prior 
knowledge of HV behavior (e.g., Feinberg et al., 2018). The proposed method can improve the computation 
efficiency in operating a mixed-fleet MoD while being sample efficient. 

Our contributions are summarized as follows. First, we devise a dynamic model-enhanced RL-based algorithm 
for rebalancing AVs in mixed-fleet MoD systems, whereby a dynamic model simulating the MoD system is 
integrated into the model-free RL framework to improve sample efficiency. Second, we employ a Wasserstein 
loss function for training the dynamic model to align the prediction accuracy of the next state with the control 
objective of the RL framework. The Wasserstein loss can mimic the rebalancing process. Third, we incorporate 
prior knowledge (i.e., theoretical model) about HV cruising behavior into the neural network-based dynamic 
model in a physics-informed manner. Such behavioral models can help improve sample efficiency and ensure 
that the trained dynamic model is physically meaningful. 

Methodology 

We consider a city with a transportation network described as a directed graph 𝒢 =  (𝒱, ℰ), where each vertex 
𝑖 ∈  𝒱 represents a station (i.e., pickup/dropoff locations), and each edge (𝑖, 𝑗)  ∈  ℰ represents a connecting 
path between station 𝑖 and station 𝑗. The considered time horizon is discretized as a set 𝒯 =  {0, 1, 2,· · · , 𝑇}. 
Here we consider the scenario where the MoD fleet takes a small percentage of the entire vehicle population 
on the road network, and therefore the travel time is independent of operational algorithms. The system 
operates as follows. After receiving a batch of requests, the MoD operator will perform order dispatching to 
assign each request to a vehicle (AV or HV). AVs will always accept the assigned passengers, while HVs can 
choose to reject passengers with low profits. Vehicles without passengers will either stay at the same station 
or move to another station. Specifically, AV rebalancing decisions are made by the MoD operator, whereas HV 
cruising decisions are made by themselves. 

We focus on AV rebalancing. Our dynamic model-enhanced RL builds on a state-of-the-art RL-based approach, 
which formulates a bi-level problem. The lower level problem at time step t is formulated as Eq.(1)-Eq.(4). 

min
{𝑓𝑖𝑗𝑡}(𝑖,𝑗)∈ℰ 

𝛽∑ 𝜏𝑖𝑗𝑡𝑓𝑖𝑗𝑡(𝑖,𝑗)∈ℰ   (1) 

𝑠. 𝑡. ∑ (𝑓𝑗𝑖𝑡 − 𝑓𝑖𝑗𝑡)𝑗∈𝒱 +𝑚𝑖𝑡 ≥ 𝑜𝑖𝑡 , ∀𝑖 ∈ 𝒱 (2) 

∑ 𝑓𝑖𝑗𝑡𝑗 ≤ 𝑚𝑖𝑡 , ∀𝑖 ∈ 𝒱 (3) 
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𝑓𝑖𝑗𝑡 ≥ 0, ∀(𝑖, 𝑗) ∈ 𝒱 (4) 

where 𝜏𝑖𝑗𝑡 is the travel time from station 𝑖 to station 𝑗 at time 𝑡; 𝑓𝑖𝑗𝑡 represents the AV rebalancing flow from 

station 𝑖 to station 𝑗 at time 𝑡; 𝑚𝑖𝑡 represents the number of AVs in station 𝑖 at time 𝑡; 𝑜𝑖𝑡 is the desired number 
of AVs in station 𝑖 at time 𝑡, which is given by the RL agent at the upper level. 

The upper-level problem is formulated as a Markov decision process (MDP) (𝑆, 𝐴, 𝑃, 𝑟, 𝛾) with state space 𝑆, 
action space 𝐴 , process 𝑃 , reward function 𝑟 , and discounted factor 𝛾 . The state (𝒔𝒕 ∈ 𝑺 ) contains the 
information needed by the rebalancing strategies, including (1) attributes of the transportation network (i.e., 
adjacency matrix and travel times), (2) passenger demand and trip prices in current and past time steps, (3) 
current availability and predicted arrivals of AVs and HVs. The action (𝒂𝒕 ∈ 𝑨) is defined as the desired number 
of idle AVs over all stations, which can be calculated using the probability sampled from a Dirichlet distribution, 
denoted by 𝑧𝑖𝑡 , ∀𝑖 ∈  𝒱. Naturally, we have ∑ 𝑧𝑖𝑡𝑖∈𝒱 =  1 and 𝑧𝑖𝑡 ≥ 0, ∀v ∈ 𝒱. Note that the desired number of 
vehicles 𝑜𝑖𝑡 used in Eq.(2) can be written as 𝑜𝑖𝑡 = 𝑧𝑖𝑡 ∑ 𝑚𝑖𝑡𝑖∈𝒱 . The round reward (𝒓𝒕) is defined as the profit at 
each time step, i.e., the difference between the total revenue and cost (i.e., cost from order dispatching and 
rebalancing). The dynamics (𝑷(𝒔𝒕+𝟏|𝒔𝒕, 𝒂𝒕)) describe the transition of the system state 𝒔𝒕 in the current time 
step 𝑡  to the state 𝒔𝒕+𝟏  in the next time step, given the rebalancing decisions. The attributes of the 
transportation network are directly obtained from real data. Passenger demand is assumed to follow a time-
dependent Poisson process with the Poisson rate obtained from real data. The vehicle availability is updated 
every time step with vehicle conservation equations. The RL is based on advantage actor-critic (A2C), whereby 
the policy ( πθ(at|st)), i.e., a mapping from a state to the probability of selecting an action, is defined as a 
Dirichlet distribution with a concentration parameter 𝜃 calculated from a graph neural network with the current 
state as input. The actor takes the current state as input and outputs the concentration parameter for the 
Dirichlet distribution. The critic takes the current state and action as input and outputs the estimation of the 
future state value (Vπθ(st)). 

We improve the sample efficiency of the RL using a dynamic model-enhanced approach. Specifically, we train 

a dynamic model �̂�(𝒔𝒕+𝟏|𝒔𝒕, 𝒂𝒕) to approximate the dynamic process 𝑷 in an online manner, i.e., to simulate 
the dynamics of the MoD system to enhance the RL agent. The dynamic model is leveraged to "imagine" the 
future transition states resulting from the current policy πθ(at|st). It has been theoretically proved by Feinberg 
et al. (2018) that such a framework can provide a more accurate estimation of the future state value Vπθ(st), 

and thus improve the sample efficiency of the proposed RL framework. Our dynamic model is based on graph 
neural networks to exploit the topology of transportation networks. Our dynamic model-enhanced RL includes 
a critic-enhanced module and an actor-enhanced module (see Figure 1). In the critic-enhanced module, the 
dynamic model is leveraged to generate multiple state transition paths to better estimate the future state value 
Vπθ(st), which is further used to update the critic network. The actor-enhanced module uses the dynamic model 

to predict the distribution of HVs at the next time step, which is further incorporated into the actor to inform 
the potential response of HVs. 

Moreover, we integrate our prior knowledge about the HV cruising behavior with the dynamic model in a physics-
informed manner (Mo et al., 2021). The physics-informed dynamic model is implemented by incorporating the 
predictions made by HV behavioral models into the loss function in the training of the dynamic model. Examples 
of such HV behavioral models can include logit models with utility functions considering the revenue and cost 
of rebalancing to a region. The benefits of the physics-informed process include: (i) further improving sample 
efficiency using prior knowledge about HV cruising behavior and (ii) ensuring that the trained model is more 
physically meaningful, such as satisfying certain monotonicity conditions (e.g., higher demand will attract more 
HVs). 

Finally, in order to align the prediction accuracy of HVs' distribution with the control objective of the RL 
framework, we employ the Wasserstein loss function (Goodfellow et al., 2014) in the training of the prediction 
model to mimic the rebalancing process. Inspired by the optimal transport theory, Wasserstein loss measures 
the minimum effort of changing one distribution to another, which is mathematically similar to the rebalancing 
problem. 
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Figure 128. Relationship between different models 

 

Results 

The demand, travel time, and trip price are converted from the trip record data provided by the NYC Taxi and 
Limousine Commission (March 2013). Due to the space limit, we only demonstrate the results for scenarios 
with an AV penetration rate of 50%. The trend is similar for scenarios with other penetration rates. 

Figure 129. Value of the proposed dynamic model-enhanced RL 

a) value of the dynamic model b) value of using Wasserstein loss c) value of phyics-informed model 

 

Figure 2a) shows the value of enhancing the RL agent with the dynamic model. The result suggests that the 
imaginary state transitions provided by the dynamic model can help the RL converge faster and gain a higher 
final average reward. Figure 2 b) validate the value of adopting Wasserstein loss instead of using other 
pointwise losses such as mean absolute loss. The results suggest that adopting Wasserstein loss can improve 
both data efficiency and control performance. Figure 2c) indicates the value of the physics-informed process in 
facilitating the convergence of the RL framework.  

Figure 130. Sensitivity analysis 

 

We further perform sensitivity analysis to important parameters used in the simulation. The sensitivity analysis 
results in Figure 3 confirm that our proposed framework performs well (i.e., outperforms the baseline RL model) 
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under different scenarios with various values of time, HV cruising patterns (i.e., behavior parameters), and HVs' 
passenger acceptance behavior (note that we allow HVs to decline passengers). 

Conclusion 

In this paper, we develop a dynamic model-enhanced RL for coordinating AVs in a mixed-fleet MoD system, 
which integrates the benefits of model-free RL and model-based RL. We build our work on an RL agent based 
on an A2C framework and enhance it by incorporating a dynamic model that simulates the dynamics of the 
MoD system. This dynamic model can predict future state transitions and the corresponding future state values, 
which are leveraged to enhance the training of both the actor and the critic. Moreover, we enhance the dynamic 
model by incorporating prior knowledge about HV cruising behavior to improve the sample efficiency and fidelity 
of the dynamic model. Finally, we leverage Wasserstein loss for training the dynamic model to align the 
prediction accuracy of future states and the RL objective. Simulations show that the proposed method can 
improve both the sample efficiency and the control performance. 

This paper opens several directions for future work. First, the dynamic model-enhanced RL can be extended to 
integrate with other incentive-based strategies (i.e., dynamic pricing, carpooling, and subsidies) in mixed-fleet 
MoD systems. Second, it would be interesting to extend the proposed method to consider the interactions with 
public transport and competitive MoD systems would be interesting. Third, the proposed framework can be 
incorporated with the co-design framework for the joint optimization of mobility services, vehicle parameters, 
and infrastructure design. 
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Non-survey methodology to build a multi-regional input-output model 

P. Delle Sitea, Q. Zhanga, 

a Niccolò Cusano University, Rome, Italy 

Introduction 

This paper deals with non-urban freight transport. The demand of freight transport is the inevitable result of 
economic activities. The Input-Output model (IO model) can capture the economic impacts of a sector’s changes 
in the system, but it fails to investigate the inter-regional effects when the study area has economic 
interchanges with other areas. To overcome such shortage of the basic IO model, the Inter-regional Input-Output 
(IRIO) model and the Multi-Regional Input-Output (MRIO) model are often used to perform the analysis of inter-
regional economy, tracing the relations between various economic sectors in different regions with a set of 
trade coefficients (Kim, 1974; Round, 1978; Hewings and Jensen, 1986; Cascetta, et al., 1996; Isard, et al., 
1998; Oosterhaven and Stelder, 2007; Kanemoto and Murray, 2013). 

Different from the IRIO model, the MRIO assumes that the supply of a generic product from one origin zone in 
the destination region is uniform to all consumption sectors, and the consumption sector is then ignored to 
simplify the model and reduce the data requirement. The concerned information that is used to estimate the 
trade coefficients usually comes from origin-to-destination commodity shipment information. The commodity 
shipment information and the data in the IO models should be uniform somehow (e.g. the categorisation of 
industries and products, the value unit, et cet.). 

The regional IO tables and commodity shipment information are often not available. Due to the complexity of 
the freight transport sector, building the MRIO from disaggregated data via survey requires an important 
amount of resources and efforts. Therefore, we build the MRIO model on the basis of national IO tables and 
other statistical data. The Flegg’s Location Quotients, and the Bi-proportional apportionment are used. 

In the next section, building local IO tables and trade flows matrices using the data-driven methodology is 
reported. The subsequent section illustrates the expected results of the MRIO model in a case study related to 
the Decision Support System (DSS) under development for one regional government in Italy. 

Methodology 

The national IO table of “activity by activity” is the accounting of national economy; it tells the value of sectoral 
productions used by national business and consumers. These sectoral productions come from both national 
activities and foreign suppliers. For each national sector of activity, it uses these sectoral productions as input; 
the national supply of this activity is the sum of these intermediate uses, its tax and added value. Adding the 
value of imports, we get the total supply from this sector. On the other hand, for each sectoral production, the 
total use is equal to the sum of all intermediate uses by different national activities and final consumers, as 
well as the exports abroad. For each sector, the total supply is equal to the total use. 

By subtracting the IO table of imported resources from that of all resources, we have obtained the IO table of 
national resources. Then the table of national and imported resources are proportioned to the regional level 
according to the statistical data of the population and the employment. The 4 constraints from the Regional 
Accounts (regional added value per sector, regional total expenditure of families, regional total expenditure of 
public administrations, and total regional gross fixed investment) are used to calibrate the proportioned data. 
The sum of regional uses of a sectoral production should equal the correspondent value in the national table. 
Then these regionally proportioned tables are brought down to the sub-regional level. They represent the value 
of sectoral productions with national and foreign origin used by local activities and consumers. 

The Location Quotients (LQ) methods are among the most common "non-survey" tools to assess the degree of 
regional self-sufficiency. LQ methods consider the specialization of production in the region, the relative size of 
the activities and of the region (Round, 1978). The Flegg’s Location Quotients (FLQ) is developed by Flegg et al., 
(1995) to overcome the shortcoming of the Cross-Industry Location Quotients (CILQ) of not taking into 
consideration the relative size of the study area, and the shortcoming of the Simple Location Quotients (SLQ) 
of not considering the relative size of the consumer sector, and it is reformulated by Flegg and Webber (1997): 
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where 𝑞𝑚𝑠
𝑅  is the degree of self-sufficiency that indicates in the region R the share of the intermediate demand 

from sector s for the production of sector m satisfied by the local production. 𝐸𝑚
𝑅 , 𝐸𝑚

𝑁 , 𝐸𝑅 , 𝐸𝑁  are the 
employment of the sector m, and the total employment on the regional and national level, respectively. 

The local IO tables show the local supplies and uses as well as the exchanges with other areas in terms of 
sectoral production value. Based on the international trade data from EUROSTAT, the import and export value 
in the national IO table are allocated to all other countries in the world.  These data are used as the total value 
of every column and row in the matrix of national trade, international exports and international imports. The 
initial matrices are then generated using the bi-proportional apportionment method. This adjustment method is 
also known as iterative proportional fitting. Lahr and Mesnard (2004) provided an overview of this method and 
discussed its application in the field of economic research.  There are two ways to build the initial matrix: 

For the generic product m, the share of the origin region O ’s export to the destination region D in the total 
import of the region D is equal to the ratio of the region O ’s export to the total export from all regions except 
region D: 

𝑠𝑐𝑚
𝑂𝐷 = 𝐼𝑚

𝐷𝑂 = 𝐼𝑚
𝐷 ⋅

𝑋𝑚
𝑂.𝑟𝑒𝑔

∑ 𝑋𝑚
𝑂.𝑟𝑒𝑔

𝑂 −𝑋𝑚
𝐷.𝑟𝑒𝑔 , 𝑠𝑐𝑚

𝐷𝐷 = 0 

For the generic product m, the share of the destination region D ’s import from the origin region O in the total 
export of the region O is equal to the ratio of the region D ’s import to the total import to all regions except 
region O: 

𝑠𝑐𝑚
𝑂𝐷 = 𝑋𝑚

𝑂𝐷 = 𝑋𝑚
𝑂 ⋅

𝐼𝑚
𝐷.𝑟𝑒𝑔

∑ 𝐼𝑚
𝐷.𝑟𝑒𝑔

𝐷 − 𝐼𝑚
𝑂.𝑟𝑒𝑔 , 𝑠𝑐𝑚

𝑂𝑂 = 0 

Then the deviations in the initial matrix are minimized by, alternatively, row scaling and column scaling 
iterations: 

Row scaling: reduce/increase the value of each cell according to the ratio of the sum of all cells in the row to 
the corresponding value of “total export”: 

𝑠1 𝑐𝑚
𝑂𝐷 = 𝑠0 𝑐𝑚

𝑂𝐷 ⋅
𝑋𝑚
𝑂.𝑟𝑒𝑔

∑ 𝑠0 𝑐𝑚
𝑂𝐷

𝐷

 

Column scaling: reduce/increase the value of each cell obtained in “row scaling” according to the ratio of the 
sum of all cells in the column to the corresponding value of “total import”: 

𝑠2 𝑐𝑚
𝑂𝐷 = 𝑠1 𝑐𝑚

𝑂𝐷 ⋅
𝐼𝑚
𝐷.𝑟𝑒𝑔

∑ 𝑠1 𝑐𝑚
𝑂𝐷

𝑂

 

These OD flows are in terms of the sectoral production value. We assume that the technology of production is 
identical at both national and local level. Then, the national resource table of “products by activity” is taken as 

𝑞𝑚𝑠
𝑅 = {

1,

𝐹𝐿𝑄𝑚𝑠
𝑅 ,

      
𝐹𝐿𝑄𝑚𝑠

𝑅 ≥ 1
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

,   𝜆∗ = [𝑙𝑜𝑔2 (1 +
𝐸𝑅

𝐸𝐼𝑇⁄ )]
𝛿

 

𝐹𝐿𝑄𝑚𝑠
𝑅 =

{
 
 

 
 𝜆∗ ∙

𝐸𝑚
𝑅 𝐸𝑚

𝐼𝑇⁄

𝐸𝑠
𝑅 𝐸𝑠

𝐼𝑇⁄
,   𝑚 ≠ 𝑠

𝜆∗ ∙
𝐸𝑚
𝑅 𝐸𝑚

𝐼𝑇⁄

𝐸𝑅 𝐸𝐼𝑇⁄
,    𝑚 = 𝑠

 



 

307 
 

reference to the composition of sectoral production. Once flows are converted into those in terms of product 
value, the COMEXT database is taken as price reference to convert the flows into those in terms of product 
weight. In this step, only principal material products are considered. The worldwide average FOB prices are used 
to convert the national flows, the country-specific FOB prices to convert international exports flows, the country-
specific CIF prices to convert the international imports flows. 

Finally, these flows of products can be converted into flows of freight types (dry bulk, liquid bulk, and other 
cargo), on the basis of the Sagmods model (Vierth, et al., 2017) and the correspondence between the transport 
statistics classification NST/R and the European classification for products CPA v2.1. Due to the different 
classification system, only the total value in the freight transport statistics by mode published by ISTAT are 
taken as constraints. 

Results 

The illustrative example is related to the freight mobility DSS under development for use of the government of 
the Lazio region in Italy. The zoning system is defined as: 378 municipalities in the Lazio region, 21 provinces 
in the Toscana, Umbria, Abruzzo, and Campania regions, 15 other Italian regions, 57 European and 
Mediterranean countries, and 11 supranational zones for the rest of the world. 

The 414 local IO tables produced during the construction of MRIO model allow the analysis of local economy 
for each national study area. The MRIO model produces the production-consumption (P/C) flows between any 
pair of Italian study areas, or between one Italian and one foreign area. As output, there are 4 types of matrices: 

— Matrices of trade flows in terms of either sectoral production value or product value: 63 national flows 
matrices with the dimension of 414*414, 29 exports matrices with the dimension of 414*68, 29 imports 
matrices with the dimension of 68*414. 

— Matrices of trade flows in terms of product weight: 21 national flows matrices with the dimension of 
414*414, 29 exports matrices with the dimension of 414*68, 29 imports matrices with dimension of 
68*414. 

— Matrices of freight flows in terms of weight: 3 national flows matrices, 3 exports matrices and 3 imports 
matrices. 

Conclusions 

Using the MRIO model to provide P/C flows is the prerequisite for the implementation of the DSS, but building 
the MRIO using disaggregated data is extremely resource consuming. The paper has provided a methodology 
to build the MRIO model using national IO tables and statistical data of population, employment, regional 
accounts, and international trade. 

References 

Cascetta, E., Di Gangi, M., Conigliaro, G., A multi-regional input-output model with elastic trade coefficients for 
the simulation of freight transport demand in Italy, Association for European Transport, 1996. 

Eurostat, Easy Comext, accessible at: http://epp.eurostat.ec.europa.eu/newxtweb/mainxtnet.do. 

Flegg, A. T., Webber, D., On the appropriate use of location quotients in generating regional input-output tables: 
Reply. In: Regional Studies, 31, 1997, pp. 795-805. 

Flegg, A. T., Webber, C. D., Elliott, M. V., On the appropriate use of location quotients in generating regional input-
output tables. In: Regional Studies, 29(6), 1995, pp.547-561. 

Hewings, G. J., Jensen, R. C., Regional, Interregional and Multiregional Input-Output Analysis, edited by P. Nijkamp, 
Handbook of Regional and Urban Economics (Vol. I, pp. 295-355). Elsevier Science Publishers BV, 1986. 

Isard, W., Drennan, Drennan, M. P., Miller, R. E., Saltzman, S., Thorbecke, E., Methods of Interregional and Regional 
Analysis, Ashgate, 1998. 

ISTAT, Il Sistema di Tavole Input-Output - Anni 2015-2018, Roma, 2021, accessible at: 
https://www.istat.it/it/archivio/264985. 

ISTAT, Trasporto Marittimo, accessible at: https://dati.istat.it/Index.aspx?DataSetCode=DCSC_TRAMAR#. 

ISTAT, Trasporto merci su strada, accessible at: http://dati.istat.it/Index.aspx?DataSetCode=DCSC_TRAMERCIS1#. 



 

308 
 

Kim, U., Evaluation of Interregional Input-Output Model For Potential Use in the McCLELLAN-Kerr Arkansas River 
Multiple Purpose Project Impact Study, The Catholic University of America, Institute of Social and Behavioral 
Research. Washington, D.C.: National Technical Information Service, U.S. Department of Commerce, 1974. 

Lahr, M. L., & Mesnard, L. D., Biproportional Techniques in Input-Output Analysis: Table Updating and Structural 
Analysis. In: Economic Systems Research, vol. 16, No. 2, 2004, pp. 115-134. 
doi:10.1080/0953531042000219259. 

Kanemoto, K., Murray, J., What is MRIO: Benefits and Limitations. In: The Sustainability Practitioner's Guide to 
Multi-Regional Input-Output Analysis, edited by Lenzen, M., Murray, J., Common Ground Publishing LLC, 
Champaign, Illinois, USA, 2013. 

Oosterhaven, J., Stelder, D., Regional and Interregional IO Analysis. Faculty of Economics and Business, University 
of Groningen, Groningen, 2007. Accessed in June 2014 at: 
http://www.regroningen.nl/irios/doc/Regional%20IO%20Analysis.pdf. 

Round, J. I., An interregional input-output approach to the evaluation of nonsurvey methods, Journal of Regional 
Science (18), 179-94, 1978. 

Vierth, I., Lindgren, S., Jong, G. d., Baak, J., Hovi, I. B., Berglund, M., Edwards, H., Recommendation for a new 
commodity classification for the national freight model Samgods, Centre for Transport Studies, Stockholm, 
2017. 

  



 

309 
 

An advanced hybrid traffic flow model for mixed traffic flow  
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This paper proposes an enhanced traffic flow model that can support the presence of human-driven and 
connected vehicles in a mixed traffic flow condition. It is based on the hybrid model H – CA&CTM; Hybrid Cellular 
Automata Cell Transmission Model of Storani et al. (2022), which combines the meso-microscopic Cellular 
Automata model (CA; Nagel and Schreckenberg, 1992) and the macroscopic Cell Transmission Model (CTM; 
Daganzo, 1994). The whole model can represent: i) the Human-driven vehicles mode, ii) the Adaptive cruise 
control mode, and iii) the Cooperative adaptive cruise control mode. In more detail: the considered CTM was 
adapted from Yao et al. (2022), while the CA model was adapted from Jiang et al. (2021). The model was tested 
on a ring-shaped arc. 
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Autonomous driver identification using vehicle trajectory data 
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Prominent behavioural differences exist between human-driven vehicles (HDs) and automated-driven ones 
(ADs). The complexity of road traffic dynamics is primarily attributed to the heterogeneity of individual driver 
characteristics. Therefore, driver-type identification presents enormous potential in traffic monitoring, 
management and control, safety, driver understanding, and energy efficiency. We propose a methodological 
framework that uses a sophisticated behavioural feature design and deep learning to identify the driver type 
(i.e., HD or AD) from raw trajectory observations. The implemented empirical mode decomposition-based design 
drastically increases the efficiency of any employed deep learning architecture. The employed bidirectional long 
short-term memory (bLSTM) architecture outperforms other solutions in the limited literature. Finally, we 
demonstrate for the first time the ability of such an approach to generalize on unseen data through concept 
drift. The results demonstrate the robustness of the proposed approach. 
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Maximum likelihood estimation of freight transport modal chain choice logit 

models from aggregate secondary data 
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Introduction 

We deal with non-urban freight transport. The simulation of the modal chain choice is an essential component 
of any decision support system (DSS). A survey of models and data used for estimation is found in de Jong 
(2014). Flows by modal chain in base year for the origin-destination (od) pairs of the adopted zoning are needed 
to assign demand to the multi-modal network. Assignment provides tonne-km, vehicle-km and vehicle-hour 
travelled, with the associated environmental, safety and economic impacts. At the same time, these flows are 
needed for forecasting aims, in cases where they are used in combination with an incremental logit model (see: 
Ortúzar and Willumsen, 2011, for multinomial logit; Bates et al., 1987, for nested logit) to provide flows in 
future scenarios. This is because the incremental form of logit models pivots from the base-year modal chain 
shares, while using only the terms in the utility functions that are subject to change. 

Most often, od freight flows by modal chain are not available in base year. Clearly, they cannot be obtained 
using models available from other studies, because alternative-specific constants are not transferable. 
Therefore, there is a need to provide estimates using secondary data and models. In the paper, we refer to data 
as secondary when they result from spatial aggregations of od flows. Logit models, either multinomial or nested,  
are used.  

In the next section, we report on the methodology that is proposed to estimate base-year od flows by modal 
chain from secondary data. In the subsequent section, we present results in a case study related to the freight 
transport DSS that is being developed for one regional government in Italy. 

Methodology 

Assume neither disaggregate nor aggregate data at the level of the od pairs of the adopted zoning are available. 
Data available relate to traffic in tonnes for distinct modal chains between selected geographic areas or in 
selected nodes. Examples of traffic in nodes include the number of tonnes per year arriving by ship to a port,  
or the number of tonnes per year leaving by train in container or swap bodies from a road-rail terminal. It is 
possible to treat traffic in a node as aggregation of od flows, if a preliminary all-or-nothing assignment of the 
od flows to the nearest node of the modal chain is performed. Assume the modal chain choice is modelled 
using either a multinomial or a nested logit. 

The methodology in the sequel applies to any segmentation of demand. Transtools, the decision support system 
developed within the Framework Programmes of the European Commission (Jensen et al., 2019), uses three 
distinct chain choice models according to load type: solid bulk, liquid bulk and other. The other type includes 
container and general cargo. 

The expected value of the od flow in tonnes on the modal chain alternative 𝑖 is: 

𝑋𝑜𝑑𝑖 = 𝑋𝑜𝑑𝑃𝑜𝑑𝑖 , 

where 𝑋𝑜𝑑  is the total, known, od flow and 𝑃𝑜𝑑𝑖 the logit probability that a shipment on the od pair uses the 
modal chain alternative. For simplicity, the demand segment index is omitted. The utilities of the modal chain 
alternatives, which contribute to the logit probabilities 𝑃𝑜𝑑𝑖 , depend linearly on the travel time and monetary 
cost evaluated for the od pair and alternative. 

The coefficients in the expressions of the utilities, namely the coefficients of travel time and monetary cost and 
the alternative specific constants, are estimated using maximum likelihood. The likelihood function is 
constructed as follows. 

Let ℎ denote the index of the traffic statistic available. Take the example of the traffic arriving by ship to a port. 

Every tonne has a probability �̂�ℎ of being counted in the traffic statistic. In the example, probability �̂�ℎ is the 
total probability of the events consisting in the arrival of a tonne from one of the od pairs that use the port. 
Therefore, we can write: 
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�̂�ℎ = ∑𝑎𝑜𝑑𝑖ℎ
𝑋𝑜𝑑

∑ 𝑏𝑜𝑑ℎ𝑋𝑜𝑑𝑜𝑑

𝑃𝑜𝑑𝑖
𝑜,𝑑,𝑖

, 

where: 

𝑎𝑜𝑑𝑖ℎ is 1 if the od pair and modal chain alternative is relevant to traffic statistic ℎ, it is 0 otherwise, 

𝑏𝑜𝑑ℎ is 1 if the od pair is relevant to traffic statistic ℎ, it is 0 otherwise. 

The log-likelihood function is: 

log 𝐿 =∑[𝐴ℎ log �̂�ℎ +𝐵ℎ log(1 − �̂�ℎ)]

ℎ

, 

𝐵ℎ =∑𝑏𝑜𝑑ℎ𝑋𝑜𝑑 − 𝐴ℎ
𝑜𝑑

, 

where 𝐴ℎ is the traffic in tonnes of statistic ℎ. The log-likelihood function takes into account that, for each 
traffic statistic ℎ, there are 𝐴ℎ tonnes using a subset of modal chain alternatives, there are 𝐵ℎ tonnes using 
the remaining alternatives. 

Maximum likelihood estimators are obtained by unconstrained maximization of the log-likelihood. Since there 
is no evidence of concavity, a global optimization approach is needed because of the possibility of local maxima. 
The typical heuristic that is used includes two steps. First, a candidate hyper-rectangle in the space of the 
coefficients is explored. Second, the best point found by the exploration step is used as starting point of the 
local search algorithm. For the exploration step, a recently proposed technique is the one based on the Lissajous 
curve (Ziadi et al., 2020). This provides a more uniform exploration of the candidate region compared with a 
purely random strategy. For the local search step, the classical, derivative-free, Nelder-Mead algorithm is used 
(Nocedal and Wright, 2000). 

Maximum likelihood estimators are, for large samples, normally distributed with covariance matrix (Newey and 
McFadden 1994): 

𝐶𝑂𝑉 =
ℑ−1

𝑁
=
1

𝑁
(𝛻𝜷𝜷 log 𝐿)

−1
, 

where ℑ  is the Fisher information matrix (the covariance matrix of scores), 𝑁  is the total number of 
observations of the available traffic statistics, 𝜷 is the vector of coefficients, 𝛻𝜷𝜷 log 𝐿 is the Hessian matrix of 
the log-likelihood function. All matrices are evaluated at the maximum likelihood point. Tests of hypotheses 
about true values of the coefficients are performed using the t-statistic associated with each coefficient. The 
application is, however, problematic. This is because the number 𝑁  of observations associated with the 
available traffic statistics is not determined. This is different from aggregate estimation of passenger mode 
choice models where the observation unit is, clearly, the individual passenger. 

Results 

The illustrative example relates to the freight transport DSS which is being developed for use of one regional 
government in Italy. In Italy there are 20 regions. The region considered is Lazio, which includes the Rome 
metropolitan city. To the aim of simulating the internal, outbound, inbound and crossing flows of the region, 
zoning extends to the global dimension. Internally, each zone is a municipality. Externally, the size of the zones 
increases with distance from Lazio. The total number of zones is 482, of which 378 are internal zones. 

The DSS includes a production/consumption (P/C) flow model, a multi-modal network model, a modal chain 
choice model, and a traffic assignment model. The P/C flow model is a Multi-Regional Input-Output (MRIO) 
model. MRIO provides P/C flows in tonnes/year. The multi-modal network model provides the od travel times (in 
time units per shipment) and the od monetary costs (in EUR/tonne). 

There are three modal chain choice models, one for each load type, as in Transtools. The alternatives are shown 
in Figure 1. For the other goods load type, the model provides the shares of container and RoRo traffic. 
Systematic utilities of the alternatives includes travel time, monetary cost and an alternative specific constant. 
Coefficients of travel time and monetary cost are common across alternatives. 

Inputs for estimation include the od flows provided by the MRIO model, the matrices of od travel times and 
monetary costs provided by the multi-modal network model, and a selection of available traffic statistics. Traffic 
statistics include flows using road between Lazio and other Italian regions, traffic at ports of Lazio, container 
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traffic at the main regional road-rail terminal. All inputs refer to 2018 base year. Lack of additional data on rail 
traffic in tonnes/year required a few ad-hoc assumptions. 

According to results of the estimation of multinomial logit models, both coefficients of travel time and monetary 
cost have the correct sign. Thus, the estimated models can be used for forecasting aims, with no need to use 
the Transtools models. Application to a sample of od pairs has provided realistic shares. 

Figure 131. Choice trees  

 

Conclusions 

Providing estimates of the od flows by modal chain is key to application of the DSS to both base and future 
years. Od flows by modal chain need to be assigned to the multi-modal network to provide estimates of traffic 
indicators, such as vehicle-hour and vehicle-km, that enable impact assessment in the base year. For future 
years, base year flows by modal chain are needed to enable the use of logit models in incremental form. Data 
available most frequently for the base year do not provide modal flows at the spatial level of the adopted 
zoning. The paper has provided a methodology for their estimation based on secondary data. A comment is in 
order. The accuracy of the estimates is affected by the input data that are used. This calls, in turn, for accuracy 
of the outputs provided by trade flow and network models. Availability of rail traffic statistics with the proper 
units (tonnes/year) is a criticality. 
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Introduction 

Cross-carrier truck platooning refers to forming platoons of trucks from different trucking companies to reduce 
fuel consumption and increase efficiency. To maximize the cost savings of truck platooning, there has been a 
series of studies focusing on synchronizing itineraries spatiotemporally, which is addressed as the (high-level) 
coordination of truck platooning. Larson et al. (2013) first formulated the coordination problem as an 
optimization problem under the assumption that all trucks are cooperative. Their study is followed by a series 
of research attempting to improve the model and/or the solution algorithm (Nourmohammadzadeh and 
Hartmann, 2016; Nourmohammadzadeh and Hartmann, 2018; Abdolmaleki et al., 2021; Luo and Larson, 2022; 
Zeng et al., 2022). These models and algorithms fit well only in a single-fleet operation, i.e., all trucks belong to 
one carrier.  

Recent studies suggest significant savings can be achieved when including trucks from other companies in the 
platoon (Johansson et al., 2022). More researchers shift focus to cross-carrier truck platooning coordination. 
Johansson et al. (2022) propose a framework in which each carrier has one corresponding third-party 
coordinator as a bridge for cross-carrier interactions. The coordination is triggered when a truck approaches 
‘hubs’ on the road network for a real-time feature. However, the optimization objective of the research is set to 
be the savings of each truck.  By contrast, the framework is also applied by Johansson et al. (2021) for a Pareto-
improving cross-carrier method, in which the coordinators aim to optimize a carrier’s savings. However, 
disclosing routing plans to a third-party coordinator is required and this is the concern of real-world stakeholders 
(Farokhi et al., 2017). There are also attempts to remove the coordinator for all carriers with encryption 
methods, with the main focus on the encryption method for privacy (Farokhi et al., 2017). The method proposed 
in the literature does not elaborate on the method for all fleets since there is no guarantee for convergence.  

To summarize, a coordination method that achieves an acceptable trade-off in the privacy risk with a third-
party coordinator, the convergence of the planning with non-cooperative peers and the cost savings 
performance is still missing. This study proposes a Pareto-improving and privacy-preserving cross-carrier 
coordination method with a profit-sharing rule.  A carrier performs information exchanges with other peers 
based on a consensus method (Li et al., 2019) before applying the best-response search. The convergence of 
the itineraries selection is encouraged by the profit-sharing rule. 

Methodology 

Each carrier has one fleet and aims to optimize its own cost with limited cooperation. A truck with index 𝑘 
belongs to the fleet with index 𝑖, which consists of a subset of all trucks denoted by 𝒦i. Adapting the denotations 
from Zeng et al., (2022), the planning of a carrier is given by 

𝐚𝑖 = ∑ 𝐱𝑘
𝑘∈𝒦𝑖

(1) 

where 𝐱𝑘 is a binary-element vector presenting the edge selection on a spatiotemporal network (Zeng et al., 
2022). Subsequently, 𝐚𝑖 is the presentation of the planning of carrier 𝑖 in a vector form, with each element 
representing the number of trucks from carrier 𝑖 on the corresponding spatiotemporal link. Each carrier is to 
optimize its single-fleet cost, which is the cost upper bound of the following framework.  

We assume there are 𝑛 carriers in the network and 𝑛 is known by all. With the averaging method proposed by 
Li et al., (2019), the average value of all 𝐚i is known to all, and a carrier may further derive the 𝐚−𝑖 , which is 
the sum of all carriers other than 𝑖. The process is denoted by (2) for simplification, 

�̅� = ℎ(𝐚1, 𝐚2,⋯ , 𝐚𝑛) (2) 

A best-response search is performed by each fleet 𝑖 sequentially to optimize the planning based on the planning 
of other peers as given in (3), 

𝐚i
∗ = argmin𝑓𝑖(𝐚𝑖 , 𝐚−𝑖) (3)  

It is noted that convergence is not guaranteed. A profit-sharing rule is proposed in which all fleets share all 
their extra utilities achieved with cross-carrier cooperation. It is assumed that all fleets will select the planning 
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with the maximum overall extra utilities. The realized extra utilities are distributed to all carriers based on the 
proportion of the fleet size. The process is visualized in the following figure. 

Figure 132. Simplified flowchart for the proposed coordination  

 

The process is initialized with each fleet building its planning without any partners. After exchanging itineraries 
information, a carrier may notice the opportunistic platooning chances and utilize them.  The simple combination 
of all individuals is set as the search start point. In Figure 132, all red fonts are used to highlight the process 
that requires iterations of information exchange required by Li et al., (2019).  

Under our approach, a carrier may access the total number of platooning trucks on each road segment without 
knowing their detailed route plan. A simulation experiment is designed to demonstrate the performance of the 
proposed approach. 

Simulation results 

To compare the cost savings performance of the proposed method, we chose the Pareto-improvement method 
introduced in Johansson et al., (2021) as the benchmark but in an off-line and pre-trip manner. A simulation is 
performed on an artificial road network, which is a 5x5 Hanan grid. Four fleets are simulated in the network, 
with 16, 12, 8, and 4 trucks respectively. The cost of each link is set as 1 for all trucks. It is assumed that 10% 
savings of each follower in the platoon and the profit are shared among all participating trucks. For simplicity, 
only the fuel cost is taken in the simulation, and routes are only synchronized spatially. The simplification still 
captures the mathematical essence of the problem: coordinating peers on a directed graph with user-dependent 
cost on each link (Zeng et al., 2022). The simulation is repeated 100 times with randomly generated origins and 
destinations for each truck. 

Figure 133. Proposed method vs. a centralized Pareto-improving method: Savings 

 



 

317 
 

Error! Reference source not found. compares the savings performance of the proposed method and a 
centralized Pareto-improving method in the four fleets. Overall, both methods guarantee a non-negative utility 
compared to single-fleet platooning, and the performance is similar, while the proposed method preserves 
privacy. 

Discussion and conclusions 

In this study, a coordination method for cross-carrier truck platooning is proposed based on the privacy-
preserving distributed average consensus method. The method is Pareto-improving and guarantees non-
negative utility increment compared to intra-carrier platooning. A simulation study shows that the method has 
comparable performance in saving fuel with the centralized benchmark method while preserving privacy by not 
directly sharing route information with either a third party or a peer. The study can be further extended to a 
more realistic set-up for simulation. So far, the coordination is limited to the pre-trip planning of all trucks. 
Moreover, the ongoing related studies show the potential of applying the method in real-time. It is also of 
interest to handle the case with convergence differently to comply better with the self-interest nature of a 
commercial carrier. 
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This paper estimates welfare optimal modal shares of freight transport in Sweden. Transport demand is derived 
from a multinominal logit model accounting for a simultaneous choice of transport mode and shipment size. 
We estimate modal shares given internalized external costs and study impact of internalization on transport 
costs, external costs and governmental revenues. Internalization shifts freight from rail to road and waterborne 
transport. However, the average changes in modal shares across origin-destination pairs are minor. 
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Introduction 

In recent decades, the number and magnitude of disasters have grown significantly (Wang et al., 2018, Hsieh 
and Feng, 2020). In the aftermath of a disaster, the first and foremost action is to deploy search and rescue 
(SaR) teams and aids to disaster-hit areas which could be a mammoth logistical task (Holguín-Veras et al., 
2014). Hence road network restoration in early hours is of highest importance which requires a proper damage 
assessment of the road infrastructure (Özdamar and Ertem, 2015). With today’s technology, satellite images 
and remote sensing can assist authorities in their operational planning and decision making (Sakuraba et al., 
2016). Hence, in early hours data is available, the question is how to allocate  road restoration operations to 
various aid centers. To this end the literature lacks some vivid gaps: (i) methods that deal with large-scale 
disasters are not readily available, (ii) models' computational burdens might prevent them from being used in 
actual disasters, (iii) from practical and academic perspectives, real-time algorithms (fast algorithms) designed 
for optimal resource allocation and operation planning are in high demand (Özdamar and Ertem, 2015). 

To address these shortcomings, we, in this study, develop a decision support system for zoning a city on a real-
time basis after a disaster hits which is two folds: what is the capability of each aid center after initial 
assessment and which roads must be cleaned up first to provide access to the aid centers. 

To this end, we formulate these two questions integrated as a single mixed integer problem (MIP) which is 
solved analytically (i.e. exact solutions not heuristic). 

Literature review 

An exhaustive review of the literature on humanitarian operations in disaster relief operations, as well as 
modeling approaches, can be found in (Kovács et al., 2017, Kovács and Spens, 2007, McCoy, 2008, Manopiniwes 
and Irohara, 2014). 

Duque et al. (2016) investigate roads restoration after a disaster by minimizing the time to get to rural towns 
aiming. Yan et al. (2014) study emergency repair problems under large-scale supply-demand perturbations.  
Fiondella (2013) examines the vulnerability of a transportation network in the wake of emergency response.  
Yan et al. (2012) present a task support scheduling model for a given emergency repair task. Liberatore et al. 
(2014) address the problem of planning for recovery of damaged elements of a road network as a multi-criteria 
formulation. Aksu and Ozdamar (2014) maximize network accessibility for all locations in a target zone during 
the restoration operations. Sakuraba et al. (2016) address the road network accessibility and the worktroops 
scheduling problems. Kasaei and Salman (2016) investigate clearing blocked roads by minimizing the time to 
reconnect the road network. 

To the best of our knowledge, partitioning cities based on the aid centers’ operations right after a disaster has 
not been explicitly addressed in the literature (we call it real-time or online zoning). 

Mathematical formulation 

We formulate the OZP as a network flow problem that is to send one unit of commodity from a dummy origin 
to each destination such that total traversed time is minimized. All the notations used in the formulation of the 
OZP is introduced in Table 1. The OZP can be written as follows: 

OZP: 𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒
𝑥𝑖𝑗,𝑦𝑖𝑗 ,𝐵

𝑍(𝑥𝑖𝑗 , 𝑦𝑖𝑗) = ∑ 𝑥𝑖𝑗 . 𝑡𝑖𝑗(𝑖,𝑗)∈𝐴∪𝐴′ + 𝐵, (1) 

s.t. ∑ 𝑐𝑖𝑗 . 𝑦𝑖𝑗 ≤ 𝐵(𝑖,𝑗)∈𝐴′  (2) 

𝑦𝑖𝑗 = {0,1}                          (𝑖, 𝑗) ∈ 𝐴
′   (3) 

∑ 𝑥𝑘𝑗𝑗 − ∑ 𝑥𝑖𝑘𝑗 = {
−1
|𝐷|
0

𝑘 ∈ 𝐷
𝑘 = 𝑜
𝑜. 𝑤.

 (4) 



 

321 
 

𝑥𝑖𝑗 ≤ 𝑀. 𝑦𝑖𝑗(𝑖, 𝑗) ∈ 𝐴
′ (5) 

𝐵 ≤ �̄� (6) 

𝑥𝑖𝑗 ≥ 0, (𝑖, 𝑗) ∈ 𝐴 ∪ 𝐴
′ . (7) 

The first term of Equation (1) is to minimize the total traverse time (from the origin to the destinations). The 
second term of the objective function is to find the most optimal budget value. Note that, since it is a 
minimization problem and the dummy links from the origin to destinations are labeled with a high traverse 
time, minimization of the total traverse time is equivalent to restoration of the network from the aid centers to 
the destinations. Constraints (2) and (3) ensures feasibility of the solutions with respect to the costs and the 
budget. Constraint (4) ensures flow conservation at each node of the network. Constraint (5) ensures that a 
damaged road (i,j)∈A∪A^'or the only access road of an aid center j is open (i.e., x_ij≥0), if and only if, the 
corresponding binary decision variable is set to be y_ij=1, otherwise (y_ij=0), the damaged (access) road is 
closed (x_ij≤M.0=0). Note that Mis a sufficiently large value. Constraint (6) imposes an upper bound to the 
optimal value of the budget (note that B ̄ is the maximum available budget). By releasing the budget’s upper 
bound to infinity, the OZP can then provide the optimal value for the budget which has valuable practical 
implications. 

Table 26 Notation used for the shelter location problem 

Symbol Description 

𝐴 Set of undamaged roads including the dummy directional links. 

𝐴′ Set of damaged roads as well as the access roads representing the aid centers. For the latter, (𝑖, 𝑗) ∈ 𝐴′, the 
end node denotes the location of the respective aid center. 

𝑐𝑖𝑗  The restoration cost of the road (𝑖, 𝑗) ∈ 𝐴′ , if it is a damaged road the cost includes expense related to the 
debris clean up, repairment and construction. If it is an access road to an aid center the cost includes expenses 
related to the equipment and procurement etc. 

𝐵 A limited budget. 

�̄� An upper bound to budget, or the maximum available budget. 

𝑦𝑖𝑗  Binary decision variables pertaining to (𝑖, 𝑗) ∈ 𝐴′ . If it is assigned the value of 𝑦𝑖𝑗 = 1, the respective link is 

open and operational, otherwise ( 𝑦𝑖𝑗 = 0) it is closed. 

𝑥𝑖𝑗 A continuous variable denoting traffic flow on the directional roads (𝑖, 𝑗) ∈ 𝐴 ∪ 𝐴′. 

𝑡𝑖𝑗  Traverse time (or delay) of the road(𝑖, 𝑗) ∈ 𝐴 ∪ 𝐴′ 

𝐷 Set of destinations, 

𝑜 The dummy origin simply called the origin. 

|𝐷| The cardinality of the set of destinations which is the total number of the SaR teams to dispatch from the origin 

𝑍 Total traverse time (the objective function) 

Numerical tests 

The methodology algorithm is coded with Python linked to MS-Excel as a user interface and calls MATLAB and 
GAMS/CPLEX to solve the MINLP, we set a very fine convergence gap (i.e., 0.001%) to arrive at an exact and 
precise solution. 

The case-study of Melbourne is tested to demonstrate computational efficiency of the proposed methodology 
when addressing real-life problems. We consider 40 candidate aid centers scattered all around the city. The 
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Melbourne’s road network consists of 510 nodes and 2100 directional roads which account for all the main 
roads (excluding the local roads). The city has been divided into 199 main zones to be served by aid centers. 
Figure 1  shows the Melbourne’s network and the locations of the candidate aid centers. 

Figure 134. A zoning map, decomposition of the city based on the aid centers 

 

Optimal budget 

We solve the OZP as stated in formulation (1) to (7) resulting in selection of 37 aid centers out of 40, restoration 
of 307 roads out of 1622 which accounts for total budget of 344 (i.e., 344 = 37*2 + 307*1) and total traverse 
time of 1472.98 (hence, value of the objective function is 1816.98 = 1472.98 + 344).  Figure 1  exhibits 
locations of the selected aid centers as well as the roads to be restored in the context of the destinations. As 
can be seen, the city (roads and destinations) has been decomposed based on the coverage area of the aid 
centers, which are the mission areas assigned to the respective aid centers. Moreover, the total number of 
households or other land uses falling into the coverage area of an aid center can be considered as the capacity 
of the respective aid center. That is to inform decision-makers and authorities of how much supply, relief 
materials and rescue team must be provided to each aid center. 

Minimum budget, minimum connectivity 

In the above solution, the budget of 344 is optimal. Nevertheless, for practical purposes, it is also important to 
know the minimum budget, such that for every destination there exist at least an access route to an aid center? 
This results in a least-cost zoning map. An intuitive way is to conduct a sensitivity analysis on various values of 
the budget as shown in Table 2. 

Table 27. Melbourne case study, sensitivity analysis on the value of the budget 

Budget Objective function Number of aid centers Number of links traverse time 

344 1816.98 37 270 1472.98 

340 1819.25 36 268 1479.25 

330 1825.63 35 260 1495.63 

320 1839.68 32 256 1519.68 

310 1872.16 31 248 1562.16 

300 1943.74 25 250 1643.74 

290 2111.92 20 250 1821.92 

280 2409.18 15 250 2129.18 

271 5886.50* 6 259 5627.50 

Conclusion 

In this study, we addressed online zoning of a city immediately after a disaster based on the operation of aid 
centers for real-life examples. In the meantime, restoration of transport connectivity from aid center to the 
disaster-hit areas is also sought. The online zoning problem (OZP), was formulated as a linear programming 
problem and solved using GAMS/CPLEX. The results show that the OZP can be solved exactly in few minutes 
even for large-sized cases such as the case of Melbourne. The proposed methodology can also be used to elicit 
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more insight into the managerial aspects of the post-disaster operation. In particular, it is important to know 
the optimal budget as well as a minimum budget to set up aid center and a zoning map based on which one 
can make sure no area is left behind in the relief operations. 
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Introduction 

Rural low-volume roads (LVRs) are an integral part of the United States highway system. These roads are 
typically two-lane, two-way highway facilities with lower functional classification, and many of them are 
unpaved roads serving remote rural areas. Further, some of the LVRs are outside the jurisdiction of state 
highway departments as they are owned and operated by local government agencies such as counties, 
townships, and tribal governments. 

While LVRs play a significant role in connecting rural communities and moving crops from farms to markets, 
they also pose unique challenges for highway departments, particularly in terms of traffic safety. According to 
a recent government report, only 19% of people in the US live in rural areas, however, 31% of the vehicle miles 
traveled and 43% of all fatal crashes occurred on rural highways (NHTSA, 2022). This highlights the importance 
of enhancing safety on rural roads, including those with low traffic volumes, and the need for incorporating 
LVRs into states’ safety improvement programs to ensure progress toward vision zero objectives. Moreover, to 
implement roadway safety improvement projects, it is essential to identify candidate sites through network 
screening. Over the years, various network screening methods for crash hotspot locations have been developed 
and implemented. The traditional and widely used network screening methods such as the Empirical Bayes (EB) 
method and crash frequency/rate methods are resource intensive and require extensive historical crash and 
traffic data at individual sites. These methods are easily implemented on roadways with higher traffic volumes 
and more frequent crashes. However, on LVRs, crash occurrences, particularly fatal and serious injury crashes, 
are sporadic and infrequent due to low traffic volumes. Besides, it is expected that many of the property damage 
only (PDO) and other less serious crashes (minor and possible injury for instance) may go unreported on LVRs. 
This makes it challenging to identify hotspots and treat sites that are in greatest need of safety improvements 
using traditional network screening methods. Therefore, it is imperative to develop a new network screening 
method for identifying safety improvement sites specifically on LVRs where the use of the conventional network 
screening methods is deemed impractical. 

Proposed Methodology: Heuristic Safety Models 

Given the limitations of the conventional network screening methods on LVRs, a new method is needed with 
the following requirements in mind: 1) the method should not rely solely on crash history in identifying sites for 
safety improvements, and 2) the method should require a minimal amount of information that can easily be 
acquired by local agencies and can reasonably be applied by staff with a limited technical background. 

The proposed method consists of heuristic safety models, for roadway segments and intersections, that were 
developed using the guidance and safety principles in the Highway Safety Manual (HSM). The HSM is the premier 
guidance document in the United States for conducting quantitative safety analyses in the highway project 
planning and development processes (AASHTO 2010). A key component of the HSM is the use of safety 
performance functions (SPFs), also known as crash prediction models. SPFs are mathematical models that 
estimate the expected number of crashes on a particular roadway type based on various factors such as traffic 
volume, speed, and roadway features. Another important aspect of the HSM is the use of crash modification 
factors (CMFs). A crash modification factor is a multiplicative factor that indicates the proportion of crashes 
that would be expected due to the presence of a roadway feature, or upon implementing a safety 
countermeasure (e.g., lane widening, shoulder rumble strips, etc.). Using the HSM, transportation professionals 
can make data-driven decisions about road safety and prioritize investments in safety programs. 

The proposed heuristic safety models consist of assigning a score to each individual site that is part of the 
roadway network based on roadway characteristics, crash history, and traffic exposure over the analysis period.  
In these models, roadway characteristics are assigned scores based on the presence of certain roadway features 
(e.g., horizontal curve, grade, etc.). These scores were developed based on the rural two-lane highways crash 
modification factors (CMFs) provided in the Highway Safety Manual, the Federal Highway Administration CMFs 
clearinghouse (FHWA, 2020), or published in the existing literature. Roadway characteristics are expressed as 
simple classified variables that do not require exact values or access to detailed databases. The observed 
crashes involve the use of fatal and serious injury crashes as well as the remaining injury and property damage-
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only (PDO) crashes in assigning scores to specific sites. Unlike fatal and serious injury crashes, it is expected 
that many of the PDO and less serious crashes (e.g., possible injury) may go unreported on low-volume roads. 
Further, it is reasonable to think that local agencies have knowledge of the recent fatal and serious injury 
crashes occurring within their jurisdictions, as such crashes represent unusual occurrences. Fatal and serious 
injury crashes are assigned scores in a way to ensure that their sites will receive further consideration regardless 
of existing physical roadway features. Traffic exposure is another component of the proposed safety models. 
The models assign a multiplier (multiplicative factor) in adjusting the relative risk score based on traffic level. 

Upon systemically applying the safety models assigning scores to all sites that are part of the roadway network, 
a list of high-priority sites (ranked from highest to lowest scores) can be established and used for further 
investigation and potential safety treatments. Usually, two priority lists are established: one for roadway 
segments and one for intersections. 

Roadway Segments: Proposed Model 

For segments, the following roadway features were included in the methodology: total roadway width (lane 
width + shoulder width), horizontal curvature, grade, driveway density, roadside (side slope and fixed objects), 
roadway surface type (paved vs unpaved), and pavement condition. Roadway surface type and pavement 
condition were included in the methodology for their potential effects on safety despite the fact that these 
factors are not included in the HSM (Souleyrette et al., 2010). This is primarily because some of the low-volume 
roads owned and operated by local governments are unpaved and some are paved with pavement in poor 
condition, and they constitute an integral part of local road networks. The scoring scheme for roadway segments 
is shown in Table 1. For the purpose of this project, roadway segments refer to roadway sections with similar 
(or uniform) cross-sections and roadside features. 

The use of a scoring scheme and classified variables eliminated the need to access detailed information and 
extensive databases. The scoring scheme can be structured in a simple questionnaire format where the user 
must determine the presence of certain roadway characteristics, observed crashes, and traffic conditions in a 
user-friendly manner. In the following, a few clarifications are provided for the development of the safety 
model. 

1. In developing scores for roadway physical characteristics, crash modification factors (CMFs) were used as 
a guide in assigning the relative scores to different roadway characteristics or risk factors. Specific values 
of roadway characteristics for typical scenarios were used as a guide in deriving the relative scores for risk 
factors used in this table. The objective was to use scores that generally maintain the relative safety 
impacts of various risk factors in the proposed model. 

2. As the Average Daily Traffic (ADT) is part of the HSM safety performance functions (not the CMFs), 
multiplicative factors (referred to as multipliers here) were used to account for the different ranges of 
traffic level. The multipliers for various traffic levels were estimated using the HSM safety performance 
functions for rural two-lane highways. It was decided to use a multiplier for traffic speed as well so that 
all traffic variables are treated similarly in the proposed model. The multiplier for traffic speed was derived 
using the crash modification factor from a study referenced in the CMF clearinghouse (Ksaibati et al. 2009). 

3. The scores assigned to observed crashes were mainly selected to ensure that sites with one or more fatal 
or serious injury crashes receive further consideration/review for potential safety improvements regardless 
of the geometric features present. 

Intersections: Proposed Model 

For local road intersections, a separate model was developed using intersection characteristics, historical crash 
data, and traffic exposure as shown in Table 2. In this model, a baseline score is used to ensure that the relative 
risk compound score (RRCS) does not assume a negative value regardless of intersection characteristics and 
crash history. The presence of left-turn lanes and lighting are believed to improve safety at the intersection, 
thus the negative scores. Again, the scores for fatal and serious injury crashes were selected to ensure that 
intersections with one or more fatal or serious injury crashes receive further consideration/review for potential



 

326 

Table 28. Safety model showing ranking scheme for roadway segments 

 

safety improvements. The method considers crashes occurring in the intersection conflict area as well as 
intersection-related crashes occurring on intersection approaches. Intersection ADT (ADTint) is used as an 
indicator of traffic exposure at the intersection. It is defined as the sum of the ADT for the two crossing 
roadways (e.g., major and minor roads) or the sum of the ADTs for intersection approaches divided by two 
(when ADTs of opposing approaches are different). 

Upon systemically applying the scoring method for all sites that are part of the roadway network, a list of high-
priority sites ranked on their scores (from highest to lowest) can be established and used for further 
investigation and potential safety treatments. 

Concluding Remarks 

This study proposed novel heuristic safety models to predict the relative level of safety for a roadway segment 
or intersection using roadway, crash, and traffic data. The main application of the proposed safety models is to 
screen the rural highway network for sites that are in most need of safety investigations and potential 
improvements. The main merits of the proposed safety models are summarized below. 

1. The models utilize simple classified variables for roadway characteristics and traffic variables that do 
not require exact values or access to detailed databases. This is very important for small agencies 
lacking access to detailed databases and technical staff such as counties, townships, and tribal 
governments. Further, the proposed models could be used with and without traffic exposure data. 

2. While the main utility of the proposed safety models is for rural low-volume roads mostly owned and 
operated by local governments, the models are also applicable to high-volume roads often owned and 
operated by state agencies. The development of the heuristic safety models was primarily based on 
the Highway Safety Manual guidance on two-lane rural highways regardless of traffic exposure. 

Safety-Related Questions If yes, add:

 Risk Factors

Total width (TD)

                    TD ≤ 20 ft.? 7

                    20 ft. < TD ≤ 24 ft.? 4

Horizontal curve?  

                   Flatter curve  (R ≥300 ft.) 30

                   Sharper curve (R<300 ft.) 60

Grade steeper than ± 4%? 3

Six or more driveways per mile? 5

Side slope steeper than 1V:3H?  4

Fixed objects within 15 ft of travel lane? 4

Unpaved Road? 14

Poor pavement condition?  (ruting, potholes, etc.) 7

 Crash History? 

    Fatal or serious injury crashes (N1) N1 X 80

     Other crashes (N2) N2 X 5

Relative Risk Compound Score (RRCS)

      Speed ≥ 50 mph? 
RRCS X 1.25

      Got ADT?

                           ADT ≤ 300 RRCS X 1.0

                          300 < ADT ≤ 600 RRCS X 3.0

                          600 < ADT ≤ 1000 RRCS X 5.0

                          ADT > 1000 RRCS X 7.0

Global Risk Score (GRS)  

LVR Segments Ranking Scheme 
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Table 29. Safety Model Showing Ranking Scheme for Intersections 

 

3. The proposed methodology could also be used in making the decisions needed for the implementation 
of systemic safety improvements at the network level. Many states use systemic improvements at the 
network level to address roadway features associated with certain crash types that are separate from 
their ongoing network screening and hot-spot identification process. Systemic safety improvements 
consist of low-cost safety countermeasures, which makes it a good fit for low-volume roads (given the 
limited resources). 

It is important to keep in mind that while the HSM is the main reference document for performing safety 
analyses in the U.S., it represents the general U.S. context which could be different from that in a specific state 
or region. Further, the proposed models are only meant for use in a comparative analysis such as for network 
screening applications or for comparing multiple improvement alternatives at a specific site. This is because 
the models cannot be used to predict crash numbers or crash rates at any specific site. The next phase of this 
research is currently ongoing and aims at validating the effectiveness of the proposed safety models using 
extensive field data from the state of Oregon in the United States. 
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Safety-Related Questions If yes, add:

 Baseline Score 50

 Roadway Factors

Skew angle > 20 deg ? 10

      Non-controlled intersection? 60

Lighting? -5

Left-turn lanes on non-controlled approach? -30

 Crash History? 

    Fatal or serious injury crashes (N1) N1 X 80

     Other crashes (N2) N2 X 5

Relative Risk Compound Score (RRCS)

      Got ADT?

                           ADT int  ≤ 600 RRCS X 1.0

                          600 < ADT int  ≤ 1200 RRCS X 2.0

                          1200 < ADT int  ≤ 2000 RRCS X 4.0

                          ADT int  > 2000 RRCS X 6.0

Global Risk Score (GRS)  

LVR Intersections Ranking Scheme 

http://www.cmfclearinghouse.org/
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Introduction 

Technologies, such as Autonomous Driving Systems (ADS) are evolving rapidly and manufacturers must ensure 
that their future deployments will behave in the expected manner, and will be efficient at the system level when 
considering environmental aspects, such as pollutant emissions in case of IC engines or battery consumption 
with Electrical vehicles (EV), or traffic performance, such as reducing traffic congestion and delay time (see 
Poczter and Jankovic, 2014; Fagnant and  Kockelman, 2015 and Elvik at al 2019 for an extensive taxonomy 
review of the potential impacts on Connected and Autonmous Transport systems (CATS)). 

Traffic simultion software is a crucial tool for evaluating the safety and performance of Connected and 
Automated Vehicles (CAVs), allowing engineers and researchers to model and analyze complex traffic scenarios 
in a controlled and simulated environment. In doing so, they can identify potential safety risks and evaluate the 
performance of CAV systems before they are deployed in the real world. 

There are several key advantages of using traffic simulation for the assessment of CAV safety: 

— Flexibility: Traffic simulation allows researchers to simulate a wide range of traffic scenarios, including 
different road conditions, traffic patterns, and infrastructure elements. This allows them to identify 
potential safety risks and evaluate the performance of CAV systems in a variety of conditions. 

— Repeatability: Traffic simulation provides a consistent and repeatable environment for testing, allowing 
researchers to conduct multiple simulations with the same conditions and evaluate the results. This helps 
to ensure the validity and reliability of the results. 

— Cost-effectiveness: Compared to real-world testing, traffic simulation is be much less expensive, as they 
do not require the construction of test tracks or the use of physical vehicles. This makes it possible to 
perform a large number of simulations and evaluate a wide range of scenarios at a lower cost. 

— Improved accuracy: Traffic simulation can be calibrated and validated using real-world data, allowing them 
to accurately represent real-world conditions. This can provide a more accurate picture of the performance 
of CAV systems in the real world. 

Most prior research has performed traffic efficiency assessment on connected and/or automated vehicles (e.g., 
Makridis et al.  2018 and Tympakianaki et al 2022) and safety evaluation (Miqdady et al., 2023; Rahman; 
2019) have been based on the abstraction of CAV behavior representing the full CAV system. Other approaches 
are based on plugging the CAV system as external component into a traffic simulator, for example (Liming et 
al 2021) bridges Aimsun Next, a traffic modeling and traffic network simulation tool, integrating it with Robot 
Operating System (ROS), an open-source meta-operating system, to develop a co-simulation platform bridging 
traffic simulations with ego-vehicle CAV simulations. 

This paper describes a simulation environment for assessing future safety-critical situations in mixed scenarios 
with manual driven and automated vehicles. 

The SAFE-UP simulation environment 

The approach of having co-simulation between a traffic simulator and an ADS was considered by the research 
project SAFE-UP28 (www.safe-up.eu) as the starting point for its simulation environment. The goal of SAFE-UP 
was to ascertain future safety-critical traffic interactions by means of behavioral simulations with the following 
goals: 

                                                        

 

28 The SAFE-UP project has received funding from the European Union’s Horizon 2020 research and innovation programme under Grant 
Agreement 861570. 
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— Extend existing microsimulation tools incorporating enhanced behavioural models for VRU’s, automated 
vehicles, and manually driven vehicles. 

— Develop metrics to describe non-safety-critical and safety-critical traffic interactions for future mobility 
systems. 

— Identify safety-critical scenarios for future mobility systems that mix VRU’s, automated and manually 
driven vehicles. 

The requirements of a simulation environment for achieving the expected goals could be summarized as: a) a 
Plug-in to the traffic simulator new enhanced behavioural models for VRU’s and manually driven vehicles, b) 
the Co-simulation of scenarios with multiples instances of AVs for representing realistic penetration rates of 
automated vehicles and c) the Potential for a massive number of simulations for assessing future safety-critical 
situation based on Monte Carlo experiments. 

The simulation environment is based on Aimsun Next traffic simulator (Aimsun, 2022), where the integration 
of all behavioural models (manual driver, AV, Powered Two-wheeler, Pedestrian and Bike) is based on two types 
of technologies available in Aimsun Next, each with a different purpose: a) External Agent Interface (EAI) – 
allows the user to simulate in Aimsun Next microscopic simulation, externally controlled vehicles, for example, 
a human driver in a simulator, an autonomous vehicle controller, or an experimental control system being tested 
in a simulation environment, and b) Aimsun Microscopic Simulator Behavioural Models Software Development 
Kit (microSDK) allows the user to replace Aimsun Next microscopic models (car-following, lane-changing, etc.) 
with their own behavioural models, programmed in C++. 

The system integration architecture consisted of  Aimsun Next platform running in one computer with all 
behavioural models integrated using MicroSDK for the Human driver and PTW model as part of a dynamic 
library, while behavioural models, for AVs, cycling and pedestrians are integrated using the EAI and can run in 
different computers using TCP/IP communication. 

The simulation integration framework requires all behavioural models have the same view of the infrastructure, 
having a common digital map. This common digital map selected is OpenDrive format 
(https://www.asam.net/standards/detail/opendrive/). OpenDRIVE is an open format specification to describe a 
road network's logic. It’s objective is to standardize the logical road description to facilitate the data exchange 
between different driving simulators and traffic simulators. 

The requirements of having potentially massive numbers of simulations and having multiple instances of AVs 
in the same simulation impose a strong requirement on computation power. This requirement leads to the need 
to migrate the simulation environment to Amazon Web services (AWS) using cloud technology. 

The AWS cloud deployment architecture is composed of multiple containers, each container acts as an 
independent computer with its own operating system. These machines communicate with each other through a 
virtual TCP/IP network inside the cloud. The deployment architecture is as shown in Figure 1. 

Figure 135. Architecture of the SAFE-UP AWS deployment 

 

As can be seen in Figure 2 the AWS integration consists of one Aimsun Next container which runs the Aimsun 
road network with the Human driver model and the Powered Two-Wheeler model as dynamic libraries. This acts 
as the main service and is connected to the rest using TCP/IP communication through an External Agent 



 

330 

Interface (EAI). Then, one container for the bike model (managing all instances of bikes) and pedestrian model 
(managing all instances of pedestrians). Finally, one container with the AV model, in this case one instance of 
the container is required for each AV that will run in the simulated network, i.e. as many instances of the 
containers as AVs to be simulated. These different containers communicate using a network generated using 
Amazon Elastic Compute Cloud and a set of Docker instructions. 

The main advantage of this architecture is the scalability in computational power. This translates into avoiding 
two limitations that can happen in private computing infrastructure, with no practical limit on the maximum 
number of AVs that can run in a simulation and no practical limit on the amount of simulation that can be run 
independently in parallel (each simulation represents a simulation of a single scenario). 

To reproduce the experimental workflow necessary, a series of steps are required, as shown in the schematic 
in Figure 1. In general terms, it consists of running two scripts that have all the general information for the 
simulation to be set and run. These generate and place the files needed to run the given simulation on the AWS. 
Also, they indicate where to store the outputs. From that point, the process is controlled by the container settings 
and the AWS and no further action is required to run the simulation. When the simulation ends, the results need 
to be retrieved from the Amazon S3 bucket where they are stored. 

Figure 136. AWS simulations workflow 

 

Figure 137. AWS S3 file and folder structure 

 

Two python scripts are required, one to define the simulation parameters and another to generate the folder 
structure and files required to execute all the experiments. This includes a configuration file of the scenario 
(common to all the containers), the simulation parameters JSON file that provides Aimsun Next with the required 
variables, and the YML file required to execute the experiment in AWS. 

Finally, second python script copies the needed files into the Amazon S3 bucket, see Figure 62. 
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The first script defines the variables to set all the simulations, including how many of the containers will be 
needed for each of them. Then, the second script reads those requirements and builds a scenario for each of 
those contexts so that they can be executed. For each scenario, a folder (or bucket, in AWS terminology) contains 
everything needed for its execution (one single simulation). Inside, the YML file holds the instructions to 
instantiate the network and containers, the simulation parameters JSON file holds the variables that set the 
context for that specific scenario and the configuration JSON file holds technical information the containers will 
need to start the simulation. 

Having this bucket ready, executing it is straightforward. Login to AWS with an account with permission to run 
Amazon Elastic Compute Cloud tasks and write the launch command. The YML file will do the rest and the 
results will be uploaded to the output folder of the scenario’s AWS S3 bucket. 

Conclusion 

In conclusion, traffic simulators play a critical role in the assessment of CAV safety, providing a flexible, 
repeatable, cost-effective, and accurate tool for evaluating the performance of CAV systems. These simulators 
can help to identify potential safety risks and provide valuable insights into ways to improve the safety of CAVs.  
This paper describes the simulation environment for assessing future safety-critical scenarios overcoming 
computational requirements and scalability aspects related to the number of AVs co-simulated. The project 
SAFE-UP deployed this simulation environment allowing a design of a Monte Carlo experiments and their 
analysis. Currently the project is assessing 1000 simulations with 500 without AVs and 500 with Avs and shortly 
will have available the analysis comparing the base line against a future scenario with Avs. 
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Introduction 

Autonomous vehicles (AVs) aspire to operate without human drivers. An AV is equipped with a big number of 
sensors and devices to ensure safety. These sensors and devices collect a large amount of data every second, 
which is needed for navigation. The new generations of cars are becoming increasingly automated from 
currently SAE L3 to L4 and L5 (fully automated). A new challenge faced by the designers of connected 
autonomous vehicles is the management of big input data in real-time under weather conditions, such as fog, 
snow, cloud, and heavy rain (Zhai et al., 2020; Zhang, et al., 2020).   Weather conditions cause discomfort to 
drivers and the traffic efficiency is affected negatively (Jägerbrand and Sjöbergh, 2019).  Adverse weather 
conditions affect directly, the safety of the driver by reducing his safety margin due to a low visibility distance 
and/or low friction. Fog conditions also decrease the reliability of camera-base systems due to altered image 
quality (Chincholkar & Rajapandy, 2019). 

Deep-learning methods have the potential to significantly improve the ability to manage big input data and 
make a short-term travel forecasting in real-time by extracting the attributes of collected big input data under 
fog conditions.  Equipping vehicles with driving automation systems aims to increase the driving comfort and 
eliminate the human errors, which are responsible for the majority of accidents (Raiyn, 2022). The main goal 
of this study is reducing the AV accidents by improving the detection of the traffic anomalies under fog 
conditions. Our contribution will promote a better understanding of the relationship between traffic flow 
characteristics and crash risk under fog conditions. It will help driver assistance system to develop better crash 
prevention measures under fog conditions. The novelty of this study is generating a training set of images of 
extreme fog condition with various possibilities and attempts to calibrate the confidence level using the model 
uncertainty based on optimized Bayesian network (Weidl et al., 2018). 

Related research 

Adverse weather condition is one of the most important factors that influences the critical-safety events. 
Various studies have shown that human drivers have a reduced desire to travel under foggy and snowy 
conditions. On other hand, adverse weather conditions, such as heavy fog, rain, snow, and sandstorms are 
considered dangerous restrictions of the functionality of the installed devices on autonomous vehicles, that 
impact the performance of the detection algorithm and could cause massive detection errors (Bejelic et al., 
2020). The uncertainty and invisibility present a challenge for autonomous vehicles. Most of published detection 
approaches have been aiming to distinguish between scenes with clear and foggy weather situations during 
the day and night (Jose et al., 2022). According to our knowledge, this paper is the first study that presents a 
dataset based on synthesised images with different fog densities (25%, 50%, 75%, 100%). The novelty of our 
algorithm is to perform data analysis and vehicles’ detection based on unsupervised learning. 

Methodology 

Deep-learning (DL) methods are some of the most useful tools in the area of machine learning (Li et al., 2018). 
A DL system learns the features of a dataset and then combines them to achieve a specific goal. In this study, 
a DL method is proposed for the early detection of traffic under fog condition. It is composed of two main 
phases: training and testing. The system proposed here is composed of four phases: (1) preparation of the 
dataset, (2) a training phase, (3) a testing phase, and (4) a performance metrics phase. For the preparation of 
the dataset, we have used Carla simulation to generate images with different visibility of fog conditions. The 
advantages of the Carla simulation are allowing to generate a synthesis image, which can be of any type, such 
as fog conditions in day and night. 

In the training phase, we made two steps. Firstly, we utilized ResNet18 to classify the fog density. In the second 
step we performed object detection, which implements YoloV5 algorithm with backbone based on EfficientNet 
(Li et al., 2022). Neck Network uses a combination of SPP (Spatial Pyramid Pooling), which divides images into 
sub-regions and pools features at multiple scales to enable efficient recognition of objects in images of varying 
sizes and positions, and PAN (Path Aggregation Network), which aggregates features from different levels of a 
convolutional neural network to improve accuracy. The Head network of YoloV5 is responsible for predicting the 
bounding box and its class to localize the objects trained for each class of fog separately. 
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Algorithm description 

This study aimed to develop a real-time crash risk prediction model-based DL under fog conditions. 

The training data includes fog-related images with different density rate. The training datasets have been 
generated with Carla simulation. They consisted of more than 30000 images to classify the fog density and 
50000 images for object detection with three classes of vehicles (car, truck and other). From this data we used 
80% for training and 20% for validation. 

The CNN (ResNet18) has been applied to extract the image features and to detect the density of the fog in five 
scales, i.e. fog density 0% (clear weather), 25%, 50%, 75% and 100%. The so trained model for each class of 
fog density has been used to detect and classify the objects, as illustrated in Figure 138. 

Figure 138. Algorithm description 

 

Source: Authors’ elaborations. 

Discussion and conclusion 

The algorithm is designed to increase the accuracy of object detection under severe weather conditions as 
shown in Table 30. We use YoloV5 for object detection. 

Table 30. Summary of results of the object detection, based on training using yolov5 algorithm for different foggy 
conditions 

Fog Density Precision Recall mAP50 mAP50-95 

0% 0.724 0.737 0.793 0.651 

25% 0.771 0.722 0.778 0.596 

50% 0.754 0.785 0.825 0.665 

 75% 0.822 0.775 0.828 0.654 

 100% 0.759 0.747 0.814 0.651 

Source: Authors’ elaborations. 

The algorithm's performance metrics decreases gradually when we validate object detection on images with a 
fog density different from what the model was trained for (see Table 31). The training accuracy is measured 
by mean average precision (mAP50) threshold intersection over union (IOU=50). Therefore, we can enhance 
perception under severe weather conditions (see Figure 139) by using the algorithm depicted in Figure 138. 
Next, the vehicles’ counting algorithm and the dynamic trend of traffic flow will establish the tendency for a 
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possible congestion on an observed road segment and develop control strategy to improve the traffic flow 
efficiency and safety under severe foggy conditions. 

Figure 139. Detection of vehicles, the density of the fog in this photo is 100% as generated by Carla simulations 

 

Source: Authors’ elaborations. 

Table 31. Evaluation results of the YoloV5, trained for different fog density (metric mAP50) 

  Validation Data 

 Fog Density 0% 25% 50% 75% 100% 

Tr
a
in

in
g 

D
a
ta

 

0% 0.793 0.573 0.237 0.186 0.188 

 25% 0.51 0.778 0.429 0.323 0.388 

50% 0.31 0.305 0.825 0.607 0.607 

75% 0.274 0.259 0.668 0.828 0.684 

100% 0.246 0.347 0.754 0.704 0.814 

Source: Authors’ elaborations. 
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Introduction 

The Adaptive Cruise Control (ACC) system is a widely used driver-assistant system and plays a critical role in 
ensuring safety. However, the research indicates ACC system is unreliable under emergency braking and 
improvements are needed for better safety performance (Mattas et al., 2020). In this research, we use the 
Surrogate Safety Measure (SSM) and data analysis techniques to perform safety assessment of ACC controllers. 
The objectives include (1) understanding the impact of ACC Car-Following (CF) setting (such as Speed and 
Headway) on safety; (2) comparing performance of different ACC controllers; (3) analyzing kinematic 
parameters to unveil the fundamental risk factors during ACC functioning; and (4) suggesting improvements to 
design safer ACC controller. This extended abstract will briefly introduce safety metrics used, dataset, and 
preliminary results based on our earlier empirical experiments conducted in Massachusetts (T. Li et al., 2022). 

Methodology 

The stopping distance requirement is used to derive the collision-free safety metric, called Emergency Surrogate 
Safety Metric (ESSM). The main idea is to assess whether the follower is able to avoid collision if the leader 
conducts emergency braking.  The philosophy of the ESSM is based on the physics of kinematics as proposed 
in our earlier work (Chen et al., 2023), which is also consistent with the distance-based fuzzy surrogate safety 
measures introduced in (Mattas et al., 2020). Moreover, Y. Li et al. (2017) has also embraced similar philosophy 
in safety evaluation of Adaptive Cruise Control. 

Emergency Surrogate Safety Measure 

Here we consider an initial situation that the leader traveling at speed 𝑣𝑙 suddenly conducts emergency braking 
using its maximum deceleration capability, 𝑏𝑙, until it stops.  The follower, traveling at 𝑣𝑓, will react to the 

emergency braking using its maximum deceleration capability 𝑏𝑓 to avoid collision, but the reaction will occur 

after a response delay 𝜏.  During the response delay period, the follower continues its original kinematics, i.e., 
to continue its acceleration 𝑎 , which is assumed constant in the response delay period.  Based on such 
kinematics, we derive the minimum safe spacing (SS0), the initial spacing (bumper to bumper inter-vehicle 
distance) that guarantees that the follower will not collide with the leader for the entire response process until 
both vehicles stop. The SS0 derivation varies with the relative deceleration of follower compared to the leader 
as derived in Chen et al. (2023).  For simplicity, we assume that the leader and follower have the same 
deceleration capability 𝑏𝑙 = 𝑏𝑓 = 𝑏.  Our full paper will include the other cases where 𝑏𝑓 ≠ 𝑏𝑙.  With 𝑏𝑙 = 𝑏𝑓 =

𝑏, the minimum spacing occurs when both vehicles have stopped, and the formulation of SS0 is given below in 
Equation ( 1 ). 

𝑆𝑙 = −
𝑣𝑙
2

2 ∗ 𝑏𝑙
 𝑎𝑛𝑑  𝑆𝑓 =

(𝑣𝑓 + (𝑎 − 𝑏𝑓) ∗ 𝜏)
2

−2 ∗ 𝑏𝑓
−
1

2
∗ (𝑎 − 𝑏𝑓) ∗ 𝜏

2   
( 1 ) 

𝑆𝑆0 = 𝑆𝑓 − 𝑆𝑙 ( 2 ) 

𝑆𝑆0 =  𝑣𝑓 ∗ 𝜏 + 𝑣𝑓 ∗ 𝜏 ∗
𝑎

𝑏
+
1

2
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𝑎

𝑏
) +

𝑣𝑓
2 − 𝑣𝑙

2

2𝑏
 

( 3 ) 

Here,  𝑆𝑙 and 𝑆𝑓 denote the travel distance when they stop. 

We define the Emergency Surrogate Safety Measure (𝐸𝑆𝑆𝑀) as the net distance per Equation ( 4 ), where 𝑆0 
is the actual spacing, 𝑙𝑐 is the vehicle length and 𝐵𝐷  is the additional safety buffer.  Accordingly, the collision 
will occur if ESSM is smaller than zero, otherwise, it’s collision-free. Besides, the value of 𝐸𝑆𝑆𝑀 will indicate 
the collision severity.  For preliminary analysis, we assume  𝑙𝑐 = 5 𝑚, 𝐵𝐷 = 2 𝑚. 
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𝐸𝑆𝑆𝑀 = 𝑆0 − 𝑙𝑐 −𝐵𝐷 − 𝑆𝑆0  ( 4 ) 

Risk Duration (RD) 

Risk duration (RD) is the time-based SSM. It is defined as the continuous time duration with 𝐸𝑆𝑆𝑀 < 0, as 
shown in Figure 2 and defined in Equation ( 5 ). RD will capture the risk persistence.  

Dataset 

The Massachusetts CF oscillation experiments consists of 3-vehicle platoon (Human driven vehicle (HDV) 
followed by ACC1 and then ACC2). A typical trajectory of the lead HDV is shown in Figure 3. The car-following 
characteristics captured during the experiments include headway, speed level; oscillation amplitude, and 
acceleration and deceleration (Mild, Strong), etc. For each model, the sample size is ninety-six oscillation cycles 
covering each ACC parameter setting twice. This study includes three different ACC controllers.  (For details, 
please refer T. Li et al., 2022). 

Figure 142. Desired Speed Profile of Lead V 

 

Figure 143. Speed Profile of HDV-ACC1 (Model X) 

 
 

Figure 144. Actual Spacing, SS0 and ESSM Profile (An 
example from Model X) 

 
  

Results and Discussion 

We applied the derivation of SS0 and ESSM to all leader-follower pairs in ACC data collected.  Specifically, for 
a trajectory pair, each given point (actual trajectories of leader and follower) presents an initial condition, and 
we assess “what if the leader suddenly applies an emergency braking from this time on”.  If 𝐸𝑆𝑆𝑀 < 0, it 

𝑇 = 𝑡𝑓 − 𝑡𝑖  𝑤ℎ𝑒𝑟𝑒 𝐸𝑆𝑆𝑀(𝑡) <  0 ∀ 𝑡𝜖 (𝑡𝑖 , 𝑡𝑓) ( 5 ) 

Figure 140. Leader Follower profile after braking 

 

Figure 141. Risk Duration Representation 
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indicates that collision will occur if the leader applies emergency braking from this instance on.  Therefore, 
corresponding to each point of the trajectory pair, we obtain an 𝐸𝑆𝑆𝑀.  One typical example of speed profile of 

HDV-ACC1 from one model, (referred to as Model X) is shown in and ESSM in (with 𝑏 = 0.5 ∗ 𝑔
𝑚

𝑠2
, 𝜏 =

 0.8𝑠) where 𝑔 is acceleration due to gravity. 

Safety Evaluation using TTC and ESSM 

In this section, we present the result of ESSM for one ACC model (Model X). Note that since we have a three-
vehicle platoon, our analysis includes ACC1 that follows the human leader and ACC2 that follows ACC1.  In our 

evaluation, we use 𝑏 = 0.5 ∗ 𝑔
𝑚

𝑠2
, 𝜏 =  0.8𝑠 , where  𝑔 is the gravity.  The 𝜏  value is consistent with our 

empirical measurement of the response delay in T. Li et al. (2021). 

The minimum ESSM of each oscillation cycle corresponds to the most critical instance of that driving cycle.  
ESSM analysis shows that, for ACC1 the mean of minimum ESSM for headway 1 is -3.03m, and 80 % of cases 
have collision risk (i.e., the minimum ESSM is smaller than 0). For headway 3 the mean of minimum ESSM is 
3.59m, and the follower is under risk of collision.  Note that headway 1 and 3 correspond to the minimum and 
medium headway settings.  It's expected that the risk in headway 1 is much larger than headway 3.  Yet, the 
percentage of case under risk is surprisingly high in headway 1.  While the value will decrease if a much larger 
𝑏 is used, the risk is still significant.  This suggests that headway 1 is too aggressive from the safety perspective. 

Interestingly, the safety risk in ACC2 seems smaller than ACC1.  Specifically, for ACC2 that follows ACC1, the 
mean minimum ESSM value for headway 1 is – 1.54m and 60% of cases are under the collision risk.  Similarly, 
for headway 3, the mean of minimum ESSM is 7.27 m and no risk of collision.  Note that for ACC1 and ACC2, 
the oscillation cycles have the same sample size and parameter setting.  So, the outcomes are comparable.  We 
suspect that this is because ACC2 has some anticipation effect that allows ACC2 to respond more promptly to 
the leader’s deceleration.  We will fully investigate this in the full paper. 

Here we also compare our ESSM with the conventional safety surrogate measurement, time-to-collision (TTC).  
Specifically, we calculated the minimum TTC for each oscillation cycle to capture the most critical instance, 
similar to the minimum ESSM.  Based on the literature, a threshold of 4s is commonly used for TTC (Ali et al. 
2020; Li. et al. 2017).  A TTC below this threshold is considered safety critical.  Based on this standard, 
surprisingly, neither ACC1 nor ACC2 are under the risk of collision. The results here suggest that the conventional 
TTC evaluation is too conservative in assessing the safety risk. 

Results from different ACC models 

The safety risks of three different ACC models are presented in Figure 8 and Figure 11for ACC1 and ACC2, 
respectively.  Note that all three ACC models have the same setting of driving experiments, and the data are 
comparable.  Under the minimum headway, for ACC1, the safety risk is highest in Model X, followed by Model 
Y, and Model Z is much smaller; see the blue, green, and pink lines, respectively.  Interestingly, for the difference 
between ACC1 and ACC2, it’s significant in Model X (higher risk in ACC1; see the blue and yellow lines in Figure 
8).  But such difference is negligible for Model Y (see green and red line in Figure 8) and Model Z (see pink and 
purple line in Figure 8).  In fact, the CDF of ACC2 of Model X becomes similar to the CDF of ACC1/2 of Model Y.  
These results suggest that platoon effect exists in some ACC models and a vehicle’s position in a platoon 
matters when considering safety risk.   

For the maximum headway, surprisingly, Model X still has a significant proportion of cases under collision risk 
for ACC1 (see blue and yellow line in Figure 11).  For Model Y and Z, No collision risk in any of the cases.  Note 
that the headway value itself is not directly comparable across different ACC models.  The safety risk is a 
holistic indicator that captures the effect of the headway value and the ACC behaviors.   

The result here suggests that Model X exhibits a higher risk at the maximum headway. 
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Figure 145. ESSM Distribution ACC1 
Model X (m) 

 

Figure 146. TTC Plot of ACC1 Model X 
(sec) 

 

Figure 147. ESSM Distribution of all ACC 
controller in Minimum Headway (m) 

 

Figure 148. Minimum Headway of 
Model X (m) 

 

Figure 149. TTC Plot of ACC 2 Model X 
(sec) 

 

Figure 150. ESSM Distribution of all ACC 
controller in Maximum Headway (m) 

 

Conclusions 

In this abstract, we present our data-driven safety assessment on the ACC models. We find that under the 
minimum headway, the ACC is under significant risk of collision, which is consistent in all three ACC models.  
Model X also exhibits a platoon effect, with smaller risk in ACC2. 

The full paper will conduct in-depth analysis of car-following parameter analysis to understand the impact of 
ACC CF behavior on safety, particularly the contributions of the kinematic terms (e.g., response delay, 
deceleration capability).  Based on that, we aim to derive insights onto controller design to improve the safety 
performance.  We will also investigate the platoon effect.  Lastly, we will compare the risk of ACC controllers 
and human driving using the NGSIM data. 
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Introduction 

LiDAR (Light Detection and Ranging) technology uses laser beams to measure distances and create high-
resolution 3D models of the sensor’s environment, including both static and dynamic objects. LiDAR sensors 
always incorporate two main components: A transmitter that emits light pulses with typical wavelengths 
between 250 to 1600 nm and a receiver that collects the reflected light pulses, converts the optical signal into 
an electrical quantity, and calculates the elapsed time between light pulse emission and collection of reflected 
photons. From this elapsed time, the distance between the LiDAR transmitter and the target reflecting the light 
pulse can be calculated (Roritz et al., 2022). LiDAR sensors can be categorized according to the beam steering 
of the emitted light pulse: Mechanical LiDAR sensors utilize a rotating assembly to create wide (typically 360°) 
fields of view (FOV), whereas solid-state LiDAR sensors avoid the use of rotating mechanical components 
leading to lower signal-to-noise ratios, narrower FOV and lower acquisition costs (Yahyaei et al., 2022; Khader 
et al., 2020). 

Application-wise, LiDAR sensors can be grouped into stationary systems, mobile systems, and airborne systems. 
While mobile LiDAR systems are installed on road vehicles, trains, or boats and collect data within the flow of 
traffic, airborne LiDAR systems are mounted on aircrafts and capture features of the ground and built 
environment. Contrary to mobile and airborne systems, stationary LiDAR's are typically mechanical sensors 
installed at a fix position in the infrastructure (e.g., on a traffic pole) and they monitor a wide FOV around the 
sensor (Chang et al., 2014). Recently, pilot tests have been conducted to gather knowledge about optimal sensor 
installation heights and limitations of the system. A minimum installation height of 2.0 – 2.5 m is recommended 
in several publications to minimize occlusion effects limiting the detection accuracy. Furthermore, the use of 
several sensors at one location has proven to minimize occlusions due to the fusion of the data gathered by 
the individual sensors (Xu et al., 2018; Zhang et al, 2019). 

In urban traffic, particularly at intersections, complex situations arise as multiple road users compete for limited 
space and collisions with motorized vehicles pose a high risk of severe injuries for VRU such as pedestrians and 
cyclists (Denk et al., 2022). Stationary LiDAR systems, capable of detecting motorized vehicles as well as VRU, 
could enable new urban traffic control and safety applications (Álvarez-Ossorio et al., 2023). In this paper we 
illustrate the use of roadside LiDAR systems for urban traffic control and safety applications by presenting the 
data collection process as well as the subsequent data processing of an exemplary hardware setup installed at 
a university campus in Germany. The outcome of the raw data processing is an object list containing information 
about all road users, which is suitable for utilization in numerous urban traffic control and safety applications. 

Methodology 

The exemplary hardware setup shown in Figure 1 was installed at the campus of the University of Applied 
Sciences Augsburg and consists of a sensor pole and an electric cabinet. The sensor pole holds the LiDAR sensor 
system used for this study as well as a roadside unit (RSU) for communication with connected vehicles and 
further stationary sensors. The used LiDAR system consists of two mechanical LiDAR devices: A mid-range 360° 
sensor (Ouster OS1-64) enables the detection of objects in a distance of up to 75 m to the sensor system, while 
a complementary blind spot sensor (RS-Bpearl) ensures the detection of objects closer to the sensor system. 

The LiDAR sensor system (as well as the RSU and further sensors) is bi-directionally connected to the local 
network through a Power-over-Ethernet (PoE) switch, ensuring the transmission of the collected raw data to 
the computing units. The computing unit allocated to the LiDAR sensor system is responsible for the pre-
processing and object detection from the transmitted LiDAR raw data, resulting in an object list containing 
information about all road users. Additionally, an external network gateway enables remote access to the 
described system. 
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Figure 151. Exemplary hardware setup, including network connections and computing units. 

 
Source: Authors’ elaborations. 

Results 

The raw data collected by the LiDAR sensors is a point cloud containing 3-dimensional coordinates and the 
intensity of reflection for each point sensed around the sensor. From this point cloud, a trained algorithm can 
detect different road users, classify them according to their type and track them over time. Figure 2 shows a 
visualization of the LiDAR point cloud (left) as well as the subsequent object detection and classification (right) 
indicated by the bounding boxes around the objects. 

Figure 152. LiDAR point cloud (left) with object detection and classification (right) 

 
Source: Authors’ elaborations. 

The visualization of the collected LiDAR point cloud shows the difference in the two individual LiDAR sensors: 
While the mid-range LiDAR provides a comparably dense point cloud after a certain distance to the sensor 
location, the blind-spot LiDAR senses the area closer to the sensor with a lower density. In addition, occlusions 
appear where objects reflect the emitted light pulses and prevent them from reaching surfaces behind the 
objects. Both the low density of the acquired point cloud and the presence of occlusion can lead to limited object 
detection and classification capabilities, which can be counteracted by the use of more than one sensor system 
as described earlier. The tracking of detected objects over several continuous measurements allows for the 
generation of object lists containing information about all road users. A schematic pseudo-object list 
corresponding to Figure 2 is shown in Table 1. Every line of the object list contains the information of one 
object at a given Unix timestamp. When an object is detected for the first time it receives a unique numerical 
id, which is used in all future observations in which the system re-identifies that object. Furthermore, the type 
and dimensions of the bounding box are given for each object, as well as the position, heading angle, speed, 
and acceleration for each timestamp. 
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Table 32. Pseudo-object list corresponding to Figure 2 

Timestamp ID Classification Position1 x/y/z 
Bounding Box 

Dimension x/y/z 
Heading 

Speed 

/Acceleration 

1676019731 1 Car 5.0/7.5/0.0 2.7/5.5/1.7 140° 0 / 0 

1676019731 5 Pedestrian 4.3/4.0/0.0 0.4/0.4/1.7 60° 1.2 / -0.08 

1676019732 1 Car 5.0/7.5/0.0 2.7/5.5/1.7 140° 0 / 0 

1676019732 5 Pedestrian 4.3/4.0/0.0 0.4/0.4/1.7 63° 1.1/ -0.02 

(1) In a local or global coordinate system 

Source: Authors’ elaborations. 

Conclusions 

LiDAR sensors have numerous strengths -and some weaknesses- in comparison to alternative sensor 
technologies currently used in roadside monitoring applications such as inductive loops and video sensors. One 
of the clear advantages of LiDAR is its excellent capabilities for measuring distance, in theory with accuracies 
under a couple of centimeters for ranges over 150 meters, as opposed to several-meter accuracies obtained 
with video sensors (Berk, 2019). In practice, however, the LiDAR sensor’s effective detection and tracking range 
is significantly smaller depending on the type of sensor, characteristics of the target object, environmental 
conditions, etc. (Zhang et al.,2020). Another relevant benefit of LiDAR technology is that it is based on active 
detection, rather than passive detection, and it therefore performs independently of the lighting conditions. 
Furthermore, LiDAR sensors do not record sensitive personal data (e.g., facial attributes, vehicle’s plate number, 
etc.) and therefore overcome data privacy issues common with video recordings. 

Among its main disadvantages, LiDAR sensors provide only a rough identification of the object contours due 
their limited angular resolution, nor detect the texture of the objects. Furthermore, the quality of the object 
detection is affected under severe weather conditions (e.g., fog, snow, and heavy rain), although to a much 
lesser degree than for video sensors. Besides, in most cases the negative weather impacts can be mitigated in 
the short and mid-range with additional signal processing (Van Brummelen et al., 2018). The high price of LiDAR 
sensors is a major obstacle hindering their popularization in roadside applications, but it has decreased 
significantly in the last decade and will continue to do so as it becomes more extended in the automotive 
industry. Furthermore, we argue that the life-cycle-cost rather than the acquisition cost of the sensors should 
be taken into account since the former might turn them competitive to conventional sensors (e.g., inductive 
loops). This is because LiDAR sensors are not affected by construction works and several lanes and approaches 
can be monitored simultaneously with a single device (Sobie, 2016). The tracking of moving objects using only 
one LiDAR sensor still presents difficulties in contexts with frequent occlusions, particularly in areas with many 
pedestrians. However, this issue can be mitigated in the future by using sensors with higher resolution, 
implementing advanced tracking methods such as Kalman filters, and fusing the point cloud of several sensors 
located apart from each other (Margreiter et al., 2022). 

As discussed in this work, LiDAR technology is an innovative and promising solution to perform roadside data 
collection of all traffic participants and it could provide valuable information to understand and model the 
complex interactions between different modes. This technology has gained maturity in the last decade and it is 
becoming more affordable. Besides, if future regulations ease the use of video sensors in public areas, it would 
be possible to fuse the data from video and LiDAR sensors. Thus, the former could capture the context, 
contribute to the classification and tracking of objects, and collect body pose information (valuable, for example, 
for short-term pedestrian movement prediction); while the latter could provide an accurate 3D map, speed 
measurements, etc. 
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Understandability of accident risk information on road information boards 
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Introduction 

Recently, a large amount of traffic data and accidents record has been able to be obtained. By using these data, 
likelihood of accident occurrence has been able to be estimated by accident risk estimation models. These 
models can evaluate the expected value of causing accident per unit veh-kms or during moving a specific road 
section. This paper defines these values as "accident risk". The information of the accident risk is expected to 
improve traffic safety by being used by drivers and by traffic administrators. One is because, when a driver is 
moving under the traffic situation with high accident risk, he could be more careful driving by getting the 
information about the accident risk. The other is because, by understanding the accident risk, traffic 
administrators are expected to implement effective traffic safety measures when the accident risk increases. 
The aim of this study is to understand which type of accident risk information and which type of information 
presentation method is more understandable by drivers and traffic administrators. 

Types of accident risk information and types of methods at information presentation 

(a)  Types of accident risk information 

2 types of accident risk information are considered in this study. One is the information of “accident risk”, which 
shows the expected value of causing accident during moving a specific road section. The other one is the 
information of “probability of being affected by an accident”, which shows the probability of accident occurrence 
by someone else. 

Naturally, drivers have more interest on accident risk by themselves than accident risk by someone else. But 
the expected value is extremely small, e.g. once per 1 million travels. Therefore, the information about accident 
risk has little impact on drivers. On the other hand, information about probability of being affected by an 
accident is rather large, e.g. once per 20 travels. In this reason, the latter information may have more impact 
on drivers. 

The accident risk is calculated by equation (1). 

Ek
N=∑ Ri∙dii∈Ak

                               (1) 

Ri=
ni∙108

di∙qi∙(24×365)
                              (2) 

where, 

Ek
N：Expected value of causing accident per single travel at route k [accidents/100million/km] 

 Ak：A set of road sections on route k 

Ri：Accident risk on road section i [accidents/100million/km] 

di：Distance of road section i [km] 

ni：Number of accidents on road section i [accidents/year] 

q
i
：Traffic flow rate at road section i [vehs/hour] 

The probability of being affected by an accident is defined by equation (3). Then the expected value of numbers 
being affected by an accident per single travel at a route is calculated by equation (4). 

Di=T∙qi∙Ri∙10-8                                    (3)      
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Ek
M=∑Di∙di

i∈Ak

                                      (4) 

where, 

 Di：Probability of being affected by an accident at road section i [ /km] 

T：Average incident handling time [hour] 

Ek
M：Expected value of numbers affected by an accident per single travel at route k [ ] 

(b) Types of methods at information presentation 

Regarding the method of presenting information, 2 types of criteria are considered. One is how to show the 
value of accident risk. 2 presentation methods, by numeric numbers or by colors on a graphic image, are tested. 
The other one is how to provide the information. 2 presentation methods, via variable message sign (VMS) or 
via graphic information board (GIB), are tested. 

Table 1 shows the combination of the type of accident risk information and the type of information presentation. 
Also, Figure 1 shows the image of these types of information. 

Table 33. Types of provided information 

Type Accident Risk Presentation method 

A causing accidents 

numeric numbers 

VMS (text) 
B being affected by accidents 

C causing accidents 

GIB (graphic image) 
D being affected by accidents 

E causing accidents 
colors 

F being affected by accidents 

Source: Authors’ elaborations. 

Figure 153. Image of each Information type A to F 

 

Source: Authors’ elaborations. 
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Questionnaire survey 

A questionnaire survey was conducted to understand which types of information is easier for drivers and traffic 
administrators to understand and to understand the usefulness of each information respondents consider. As 
shown in Table 2, the questionnaire sheets were distributed to drivers by hand at a rest area on the Matsuyama 
Expressway in Ehime Prefecture, and to traffic administrators at the NEXCO Central Japan Road Control Center, 
and both were collected by mail. They were distributed on July 31 (Sun.), 2022, on August 9 (Tue.), 2022 
respectively. As for the number of copies, 300 sheets were distributed to drivers, of which 138 copies were 
collected, for a collection rate of 46%, and 40 copies were distributed to traffic controllers, of which 40 copies 
were collected, for a collection rate of 100%. 

Table 34. Outline of questionnaire survey 

Item Content 

Respondent Drivers Traffic administrators 

Distribution place 
Matsuyama Expressway 

Ishizuchisan Service Aria（
inbound lane） 

Central Nippon Expressway 
Co.,Ltd. 

Traffic Control Center 

Distribution date July 31 (Sunday), 2022 August 9 (Tuesday), 2022 

Number of distributed sheets 300 40 

Number of collected sheets 

(Response rate) 

138 

(46％) 

40 

(100％) 

Number of valid votes 138 40 

Method Distribution by hand, collection by mail 

Source: Authors’ elaborations. 

A result of the analysis 

One of the results of the analysis is follows. The respondents were requested to answer to the question below. 

 “Please arrange the information from A to F in the order that easy to understand.”  

Then, the Ordered Logit Model was applied to the answers using the equation (5). 

Y=a1∙x1+a2∙x2+a3∙x3+a12∙x1∙x2+a12∙x1∙x3+const+ε                (5)      

where, 

 Y：answer in 6 ranks (most understandable:6,…,worst:1) 

x1：accident information dummy( 1: causing accident, 0: being affected by accidents) 

x2：color information dummy( 1: colors, 0: numeric numbers) 

x3：information board dummy( 1: GIB, 0: VMS) 

a1,a2,…：regression coefficients 

Table 13 shows the estimation results. This result shows that the accident risk information using color 
information and using GIB information are easily understood by the respondents. Also, accident risk information 
in causing accidents is easily understood in case of using color information. From these results, it can be 
concluded that type E is most understandable one among the 6 types of information shown in Figure 1. 



 

347 

Table 35. Estimation results of ordered logistic regression analysis on ease of understanding 

Explanatory variables Coeff. t-value 

Intercept 2.04 8.75** 

Color information dummy 1.53 8.74** 

GIB information dummy 1.06 5.54** 

causing accidents dummy * color information dummy 0.88 4.09** 

Number of samples 1020 

                   **p:<.01,*p:<.05 

Source: Authors’ elaborations. 

Summary 

Through the analysis, several knowledge have been obtained about the understandability of the accident risk 
information. In the future research, effect of the accident risk information provision is tested by providing it on 
actual information board. 
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Virtual simulations to estimate the residual safety risk of automated driving 
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Introduction 

If the number of traffic casualties in the EU [1] continues to decrease at the current rate, the target of Vision 
Zero (reducing road deaths to almost zero by 2050 [2]) will not be met. Moreover, the road traffic system is 
changing rapidly, due to: changes in the existing mobility system (e.g., increasing share of cycling, the increased 
share of older road users); the introduction of new mobility systems such as connected, cooperative, automated 
driving; shared mobility concepts; and new enabling technologies such as artificial intelligence and wireless 
V2X-communication [3]. Simultaneously, vehicles are increasingly automated—especially shuttles, buses, and 
passenger cars. The goal of automation is to make mobility services available and safe for all, including 
vulnerable road users (VRUs). At the same time, automation can provide more comfort to drivers and passengers 
and increase the efficiency of the mobility system. 

Authorities are being asked to allow vehicles equipped with new advanced communication and automation 
technologies onto public roads. The improvement of road safety only partly results from vehicle innovation and 
development; innovative infrastructure solutions are also required. In addition, authorities (from local to EU 
levels) seek to increase road safety through policies and regulations. A Safe System [4] approach recognizes 
the shared responsibility of different stakeholders to increase road safety. Road authorities and consumer 
testing organizations (such as Euro NCAP) have expressed a clear need for establishing a safety assessment 
framework that: 

— is capable of dealing with the great challenges and fast developments in technology, not only now but 
also in the future. The framework should also consider the safety impact of infrastructure solutions and 
regulatory changes. 

— requires a feasible testing effort. The increasing role of virtual testing using simulations is foreseen, as 
the seemingly infinite number of possible situations needs to be handled efficiently. 

— conforms with European Union and UN regulations as well as international standards such as ISO and SAE. 
The framework must not only link to such standards, but also feed them with more comprehensive and 
powerful insights for prospective assessments. 

— is capable of handling the changing role of the human driver, evolving as a result of new transport 
modalities at various automation and communication levels. 

— is fair, comparable, and clear. Although the assessment procedure can be complicated, its results should 
be unambiguous, easily understood, and explainable to authorities and the general public. 

An important metric in such a framework is the residual safety risk when a vehicle is allowed onto the road  [5]. 
The concept of risk is widely understood, and basing the safety assessment on that concept helps create a fair 
and acceptable assessment process. The United Nations Economic Commission for Europe (UNECE) WP.29 
Working Party on Automated/Autonomous and Connected Vehicles (GRVA) has developed the New 
Assessment/Test Methods (NATM) Master Document, where a multi-pillar approach is envisaged, as shown in 
Figure 1. In this abstract, we propose how to determine estimates for the residual safety risk making use of 
virtual simulations, and how this is in agreement with and a further fulfilment of the UNECE multi-pillar 
approach. 
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Figure 154. The multi-pillar approach for safety assessment of CCAM29 systems 

 

Source: Adapted from Donà et.al. 2022  [6]. 

Methodology 

The safety assessment framework from Figure 154 makes use of predictive virtual simulation (hereafter simply 
'simulation') in addition to physical tests. Simulation makes it possible to evaluate a large number of scenarios 
and its variations that are necessary for testing complex and integrated CCAM systems that can no longer be 
tested individually (like in Euro NCAP). Following the IEEE definition of a test, which is explained in [7], a test is 
an evaluation of test criteria (what we are going to evaluate using the test), under a set of specified conditions 
(the testcase, in what situations are we going to evaluate the test criteria), using metrics to express the outcome 
of the test quantitatively and a reference of what would be an acceptable outcome. In principle, this evaluation 
has to be done for all scenarios that the vehicle might encounter during its lifetime on the public road. 

A clear, important and insightful outcome of a (virtual) test is the residual safety risk, i.e., the probability of 
harm as a consequence of the response of the CCAM to a scenario 𝐶𝑖. This is expressed as [5]: 

 𝑅𝑖𝑠𝑘(𝐶𝑖) = 𝐸(𝐶𝑖) × 𝑃𝐶(𝐶𝑖) × 𝑆(𝐶𝑖), 

in which 𝑅𝑖𝑠𝑘(𝐶𝑖) is the risk resulting from scenario 𝐶𝑖, 𝐸(𝐶𝑖) is the exposure of 𝐶𝑖 (i.e. the probability that the 
vehicle encounters 𝐶𝑖 on the road), 𝑃𝐶(𝐶𝑖) is the probability of ending up in a collision given a scenario 𝐶𝑖, and 
𝑆(𝐶𝑖) is the severity of injuries resulting from the possible collision. The methodology of risk quantification 
making use of virtual simulations is clearly explained by De Gelder, et al. [5]. This paper also shows how to 
estimate an upper bound of the total residual safety risk once ‘all’ possible scenarios 𝐶𝑖 for the CCAM system 
have been evaluated in simulation: 

𝑅𝑖𝑠𝑘 (∑𝐶𝑖) ≤∑𝑅𝑖𝑠𝑘 (𝐶𝑖
𝑖

)
𝑖

. 

In other words, the total residual risk is smaller or equal to the sum of the risk values computed for the individual 
scenarios. To compute the risk upper bound for a certain CCAM system requires: 

3. A structured overview of the scenarios that can occur on the public road, including the statistics 
regarding the exposure of these scenarios (what is the probability of ending up in a specific scenario, 
e.g., expressed per hour of driving). To provide this information, different scenario database initiatives 
have been established (e.g., as described in [8]). TNO established the StreetWise scenario database [9]. 

                                                        

 

(29) Connected, Cooperative, Automated Mobility system. 
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4. A description of the Operational Design Domain (ODD, according to [10]) to select those scenarios from 
the scenario database that are relevant for the CCAM system under test. 

5. A sampling strategy to specify, out of the infinite number of possible situations, a finite number of 
(virtual) tests that cover the ODD sufficiently well. Those situations in which the CCAM system 
unintentionally leaves its ODD need also to be considered in risk quantification. 

6. A simulation toolchain and a simulation model for the CCAM system under test, to compute the 
probability of collision and the resulting severity (harm) in each test. An example of a  scheme of a 
simulation framework is provided in [11]. Technical specification ISO 21934-2  drafted to provide 
guidelines on how to establish such a virtual simulation framework for safety assessment of 
automated vehicle functions [12]. 

7. An analysis of the confidence of the result based on the assumptions made in the procedure described 
above, given the limitations of the data and the number of tests [13]. 

Results 

In [13], De Gelder and Op den Camp quantify the uncertainty in risk estimation in a use case of an Adaptive 
Cruise Control algorithm (described by Xiao et al. [14]) in response to three typical highway scenarios: a lead 
vehicle decelerating (LVD), a vehicle cutting in to continue driving in the ego vehicle lane (Cut-in) and the ego 
vehicle approaching a slower lead vehicle (ASV). The uncertainty of the results is calculated for three factors. 
As the data for identifying scenarios might be limited (e.g., limited number of hours of data collection for 
scenario mining), the identified scenarios and their variations in the dataset may not be fully representative for 
the variations in real traffic (insufficient degree of completeness for the ACC’s ODD). Moreover, a limited amount 
of data also influences the reliability of estimation of the exposure values, i.e., the probability density functions 
of the scenario parameters. A third source of uncertainty results from the fact that only a limited number of 
simulations can be performed and the selected simulations should cover the ODD well. 

Figure 155 shows the estimated risk of a collision per hour of driving for the three mentioned scenario 
categories. The horizontal axis shows the number of hours of data that is used as a basis for the risk 
calculations. The number of simulations (with importance sampling) is 10.000 for all risk calculations. The 
coloured areas mark the estimated uncertainty, which decreases with the increase of the amount of data that 
is used. The decrease of the uncertainty with an increasing number of simulations is not shown in this figure. 

Figure 155. Estimated risk of a collision per hour of driving for three scenario categories 

 

Source: De Gelder and Op den Camp 2023 [13]. 

Discussion 

Virtual simulations form an increasingly important pillar in safety assessment of CCAM systems. As a result of 
the seemingly infinite number of scenarios that such systems might encounter on the public road and to which 
they need to respond appropriately, physical testing on a proving ground and field operational testing on the 
road to cover all these scenarios and their variations is far from feasible. Besides the validity of the models 
and methods used for simulation, also the interpretation of the large number of simulation results poses a 
challenge to all stakeholders involved in safety assessment. An intuitive and easily understood metric is the 
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residual safety risk, e.g., expressed as the probability of harm per hour of driving on the road using the CCAM 
system. For the safe introduction of a newly developed CCAM system, it must be assured (as a minimum 
requirement) that the safety risk is lower than the existing state of the art and that the current safety state is 
not compromised. Using simulation results in this way, requires an analysis of the confidence in the safety risk 
estimate. This paper provides an example of how to estimate a confidence interval. Further research is needed 
to estimate the influence of other factors in safety assessment using virtual simulation, such as model 
inaccuracies. 
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Introduction 

This study investigates the use of probe vehicle trajectory data into the deep learning model for predicting the 
likelihood of traffic accident occurrence on an expressway. Traffic accidents are a big concern of society in 
many countries because the accidents cause severe losses on economy due to damages on road facilities and 
induced traffic congestions. In reducing the number of traffic accidents, prediction of the likelihood of traffic 
accident occurrence is essential for devising appropriate traffic management in timely manner. The likelihood 
of accident occurrence, or the “traffic accident risk” hereafter, dynamically changes depending on various 
factors, such as traffic conditions, road environments and road geometries (Hyodo and Yoshii (2015)). Recent 
development in measuring and storing traffic flow data has enabled the evaluation of the impact of such 
factors on accident risks as well as estimating traffic accident risks under various conditions considering the 
factors (Hyodo and Yoshii (2015). 

In traffic accident analysis, the statistical method has long been a major analysis approach. Shankar, et al 
(Shankar, et al. (1997)) identified that number of traffic accidents have linear relationship with road geometries, 
such as number of curves and maximum slopes. Not only the static factors, but also the contribution of dynamic 
factors have been analyzed. Andry and Yagar (1993) demonstrated that accidents are more likely to occur 
under rain weather. There have been many attempts to include the traffic flow conditions as a risk factor of 
statistical regression analysis, and revealed that accident risk tends to be higher in congestion (Wang, et al. 
(2013)) and also when variation in speed and/or occupancy are higher (Golob, et al (2004)). However, it is 
challenging to carry out statistical regression analysis techniques when considering interactions among factors. 
Neural Network (hereafter, ‘NN’) is applied to the analysis instead of statistical analysis. NN models are 
computational ones defined as a set of processing units, represented by artificial neurons. They can handle 
nonlinear relationships and interactions among factors (Lin, et al. (2015)). One of the NN-based approach 
include the model proposed by Tsubota et al (2020), which predicts the likelihood of traffic accident occurrence 
in 2 hours ahead from the prediction start time. The traffic features are represented by three variables: speed, 
traffic volume and OCC; then the CNN was employed to learn the traffic features prior to accident occurrence. 
Although the results demonstrated that the proposed model classifies the accident occurrence with good 
accuracy, the method is only feasible on the expressway network densely equipped with traffic detectors. 

The present study aims to employ detailed probe vehicle trajectory data to represent traffic states to be fed 
into a CNN-based accident prediction model. 

Methodology 

Problem settings 

This study develops a convolutional neural network (CNN) model for predicting the accident occurrence on an 
expressway route with 15km stretch length in 30 minutes ahead from the prediction start time. The model 
is based on the VGG16 model (Simonyan and Zisserman (2015)), which is trained using the original dataset 
without transfer learning. The model input consists of a vehicle trajectory image data depicted by probe vehicle 
data. The input image data has time-space dimensions, and the trajectories on the time-space plane represent 
the traffic flow conditions along the study route for the past one hour. 

A major difficulty of using the probe trajectory image data is that the number of probe vehicles changes over 
time. Figure 1 illustrates the trajectory image from the same road section at the same time on the same day. 
The trajectory on the left is drawn using all available probe vehicles, while the one on the right is drawn using 
half of the probe vehicles. Although the traffic states are identical, the images appear quite different. Hance it 
is virtually impossible to recognize that they are the same traffic conditions when these trajectory images are 
fed as input data into an accident prediction CNN model. Therefore, it is necessary to either fix the number of 
vehicles in all trajectory maps through sampling or to fix the sampling rate of probe cars to all traffic. 



 

353 

Figure 156. Sample of vehicle trajectory images of all available probe vehicles (left) and half of the data (right) 

 

Source: Authors’ elaborations. 

In addition, probe data can provide information on vehicle speed based on time and position information. 
Therefore, we considered how to input the vehicle speed information into the trajectory images. First, when a 
trajectory image is created using only time and location information, a black-and-white trajectory lines are 
drawn. In the case of a black-and-white image, the color information is represented as 0 or 1, so the speed 
information is represented by the slope of the trajectory lines on a time-space plane. For color images, on the 
other hand, the color information is represented by a numerical value between 0 and 255, so the speed can be 
expressed as a numerical value by mapping the speed value to the color information value. 

This study investigates the appropriate method to input the probe vehicle trajectory image to the CNN-based 
accident prediction model. In particular, four types of trajectory images are prepared and tested as illustrated 
in Figure 2. 

Sampling method of probe trajectories 

Two sampling methods are compared for creating trajectory images. The first method is fixed sampling (i.e., 
fixed number sampling), where the number of vehicles is set to approximately 100, and the number of 
trajectories is fixed. The trajectory image after sampling shows that the number of trajectories remains the 
same for all time period. However, in this case, the density remains constant, and only the slope of the trajectory 
represents the speed information of traffic flow, leading to a loss of traffic volume information. Another method 
is fixed sampling of the probe sampling rate  (i.e., fixed rate sampling). In this method, the sampling rate of 
probe car is set to 10% of the all vehicles. The trajectory image after sampling can reflect the change in the 
number of trajectories. In this case, the change in the density of trajectory lines adds information on traffic 
volume in addition to the trajectory slope. 

Figure 157. Four types of trajectory images tested in this study 

 

Source: Authors’ elaborations. 

Label data 

Each input sample, which represents the traffic flow and weather feature in the past one hour, is associated 
with the accident occurrence in the next two hours on the study route. If traffic accidents occur in the next two 
hours, the corresponding input sample is labeled as “Accident (1)”; otherwise “No accident (0)”. Regarding the 
accident types, only crash and sideswipe accidents are considered in the present study. 
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Data and study site 

This study analyses a 15.4km stretch from Atsugi IC to Yokohama-Machida IC in the inbound direction of Tomei 
expressway, Japan. The probe vehicle data and traffic accident records are collected for two months from 1st 
January to 29th February 2020, during which 33 crash-type accident occurred. 

Results 

Accident risk prediction model was trained using the four types of trajectory data (Figure 2). Prediction 
performance of each model was evaluated using the F1 score. Results are summarized in Figure 3. The 
comparison between with and without color revealed that the color information on the trajectory image is 
effective in developing accident prediction model. Regarding the sampling method, fixed rate sampling resulted 
in better performance, suggesting that the trajectory images based on fixed rate sampling properly represent 
the traffic flow characteristics and more appropriate for the input data of the accident prediction model. 

Conclusions 

This study investigated the appropriate method of inputting trajectory image data obtained from probe vehicle 
data into an accident prediction model. Sampling methods for the probe vehicles were investigated, and a 
sampling method that fixes the penetration rate of probe vehicles was found to be suitable. Finally, the effect 
of colored trajectory image on learning accuracy was examined, and it was found that learning accuracy 
improved with coloration based on speed information. 

It should be noted that this study utilized very limited number of samples from only two months period. In 
future research, probe data should be collected for longer period for comprehensive analysis, including fusion 
with detector data and weather data. 

Figure 158. Comparison of the prediction performance 

 

Source: Authors’ elaborations. 
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Use of vehicle test data and changes in mileage patterns over time 
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a University of Bristol, United Kingdom 

Introduction and Background 

Most vehicles in Great Britain (GB: England, Scotland, and Wales) that are over three years of age are required 
to undergo a statutory annual safety test, known as the MOT. Since 2010, a complete record of pseudonymised 
test results has been made available (Department for Transport, 2021) to researchers, via the United Kingdom 
(UK: GB plus Northern Ireland) government's open data initiative, backdated to 2005 when the system first 
became digitised. Fields for each test include its date, a coarse geography for the test location, a unique vehicle 
identifier, and most importantly, the vehicle's odometer reading – together with vehicle-related data such as 
make, model, and colour, but more crucially fuel type, engine capacity, and date of first use (from which the 
vehicle's age can be inferred). We realised some time ago (Wilson et al., 2013a) the potential for this data to 
provide estimates of total miles driven, at regional or national scale, put simply, by differencing consecutive 
odometer readings for the same vehicle, then summing over the vehicle population. 

Of course, most developed countries compute and publish official statistics for total miles driven each year - in 
the United Kingdom, these are known as the National Road Traffic Estimates (NRTE) (Department for Transport, 
2018). The usual approach is to derive such statistics from either automatic or manual vehicle counts on 
suitably sampled road segments and then to scale up. With this methodology, it is straightforward to provide 
statistics for different regions, different months / seasons, different road classes, and for strata of easily 
observed vehicle types, such as cars, light goods, heavy goods, and motorcycles. In future, Automatic Number 
Plate Recognition (ANPR) could facilitate lookups into vehicle licensing databases and potentially access more 
detailed vehicle information, however, is presently not used in the NRTE methodology. 

In contrast, when using MOT data to estimate total mileages, useful vehicle properties, such as fuel type and 
vehicle age, naturally fall out. However, the use of MOT has some drawbacks: for example, using the open data 
release, mileage must be attributed to the test geography, which is presumably correlated to, but not the same 
as, where the miles were driven. In fact, in a large-scale project 2012-2017, we were also given confidential 
access and linkage to a vehicle licensing database which gave a fine-scale geography, known as the LSOA 
(Office for National Statistics, 2021), for the home address of each vehicle’s registered keeper. The UK’s national 
census provides quite detailed data at LSOA level, and we were thus able to characterise which socio-economic 
groups did the most driving and the most polluting (noting that the age and class of vehicles owned is also a 
key factor) (Chatterton et al, 2015), along with other policy-facing work (Cairns et al., 2017). 

However, in this paper we wanted to return to the open data set and stimulate its use by international 
researchers. There are several reasons why this timely. Firstly, the open set is now extremely mature and well 
developed: containing the complete record of approximately 600M test results 2005-2021 inclusive, of 
approximately 67M distinct vehicles. Even the crudest analysis shows some clear trends in vehicle use over 
time, including perhaps the beginning of the “peak car” phenomenon. Most topically, the open data allows some 
first insights to vehicle use during the COVID-19 pandemic, which are not available by any other method.  

Methodology 

The open test data may be arranged so that associated to each vehicle 𝒱𝑖 is a sequence of tests 𝒯𝑖
𝑗
, 𝑗 =

1,2,… , 𝑁𝑖 , to each of which may be associated a triple (𝑡𝑖
𝑗
, 𝑥𝑖

𝑗
, ℒ𝑖

𝑗
) . Here 𝑡𝑖

𝑗
 and 𝑥𝑖

𝑗
 denote the date and 

odometer reading (in miles) of the respective test, and ℒ𝑖
𝑗
 denotes the location of the test in terms of a postcode 

area, of which there are 120 in GB, with populations ranging from the tens of thousands to 1.9M (B – 

Birmingham). Note 𝑡𝑖
1 ≤ 𝑡𝑖

2 ≤ ⋯ ≤ 𝑡𝑖
𝑁𝑖 . (NB a vehicle may have multiple tests on the same day if it does not 

pass.) Also, one expects 𝑥𝑖
1 ≤ 𝑥𝑖

2 ≤ ⋯ ≤ 𝑥𝑖
𝑁𝑖 , although in practice in addition to ‘clocking’ (the illegal rolling back 

of an odometer), there are data entry errors, and the test triples should be filtered and/or cleaned using a set 
of principles which is beyond the scope of this paper to describe. 

Here we process the triples with the straddling rate method introduced by (Wilson et al, 2013a). For a query 

date 𝑡∗, one seeks vehicles 𝒱𝑖 with inter-test intervals for which 𝑡𝑖
𝑗
≤ 𝑡∗ < 𝑡𝑖

𝑗+1
, to which one attributes the 

mileage rate 
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𝑟𝑖 =
𝑥𝑖
𝑗+1

− 𝑥𝑖
𝑗

𝑡𝑖
𝑗+1

− 𝑡𝑖
𝑗 , 

which assumes crudely that the vehicle accrues miles at a uniform rate between the two dates. We may then 
examine the distribution of 𝑟𝑖 over vehicles, or compute statistics such as a population average which we denote 
by 𝑟. Note in addition we may also filter populations by properties of vehicles, e.g., age, fuel type, etc., or by 
locations of tests. Of course, 𝑡∗ may also be varied to study changes in mileages over time. However, some 
caution is required in inferring rapid changes in 𝑟(𝑡∗), because in a setting where the inter-test interval is 
typically a year, 𝑟(𝑡∗) convolves miles driven for up to one year before and after 𝑡∗ itself — see (Wilson et al., 
2013b) for a detailed discussion. 

Finally, to each vehicle we also associate a triple (𝑡𝑖
0, 0, ℒ𝑖

1), where 𝑡𝑖
0 is the recorded date of first use in the 

associated vehicle’s properties. Thus the first use interval [𝑡𝑖
0, 𝑡𝑖

1) may be queried to calculate contributions to 
mileage rates for vehicles in the first three years of life, leading up to their first tests. However, unfortunately, 
caution is required if 𝑡∗  is within three years of the end of the data set, as the returned rates 𝑟𝑖  will be 
incomplete, because some vehicles driving at 𝑡∗ will not have a test within the provided data. 

Results 

Due to page limits, we restrict ourselves here to an analysis of total miles driven over time, and a closer 
inspection of how the mileage reduction that occurred during the pandemic was distributed. 

Firstly, we estimate average daily mileage rates for the entire vehicle population with straddle dates set to the 
1st July 2006-2021, to characterise each respective year, see Figure 1(a). Even before the pandemic, we observe 
a steady decline in per-vehicle average mileage that is particularly marked in vehicles under three years old – 
suggesting perhaps significant long-term change in travel behaviours. Note also that these newer vehicles drive 
significantly more on average than older vehicles and are given a separate curve here as the method to estimate 
their mileage is different, as we discussed above. They also do not display the sharp decline in mileage that 
older vehicles display in the pandemic, although this might be because the method to estimate their mileage 
loses robustness from 2018 onwards, as discussed above. 

Figure 159. (a) Average per-vehicle mileage over time. (b) Registered vehicle populations in GB. (c) Comparison of official 
NRTE total mileage statistics and our test-based method 

 

Source: Own analysis. 

Next, we attempt to reproduce the NRTE statistics for total miles driven in GB. To do this we use other open 
data (Department for Transport and Driver and Vehicle Licensing Agency, 2022) that gives counts of vehicles 
registered each year in different age brackets, see Figure 1(b). This is more robust than counting the matching 
intervals from the test data, owing to the various cleaning procedures we have used that have filtered that set. 
Note that generally, the number of vehicles in circulation has increased, but via an increase in the older 
population (i.e., vehicles not retiring). The counts can then be multiplied by the respective per-vehicle average 
mileage rates to synthesise our own NRTE estimates, which can be compared with the official statistics based 
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on roadside counts, see Figure 1(c). Note our method consistently undershoots the official NRTE – this finding 
is robust to a wide range of variations in the above methodology and suggests that there may be sampling 
problems with the official NRTE itself. Note that both methods suggest an overall increase over time in total 
miles driven, due to the increasing vehicle population, and a sharp reduction due to the pandemic. 

Table 36. Distributions of daily mileage in the pandemic versus base year 2013, represented by percentiles, based on 
inter-test intervals 

 

 

Statistics – miles per day 

2013 Pandemic 

Ave 10% 25% 75% 90% ave 10% 25% 75% 90% 

All 19.9 4.3 9.5 26.3 37.9 15.5 2.7 6.3 20.6 31.2 

10+ years old 15.3 2.2 6.3 21.2 30.6 12.5 1.6 4.4 17.2 26.5 

Postcode SW 14.1 2.5 5.8 18.2 26.5 11.8 1.7 4.1 15.3 24.0 

Diesels 26.3 8.0 14.2 33.6 48.0 19.5 4.7 9.2 25.2 37.6 

Source: Own analysis. 

Finally, we considered how the reduction in mileage observed during the pandemic has been distributed over 
geography, age of vehicles, fuel type, and so on – a great many combinations of calculations are possible, so 
here we present just a small set of examples. Note it is important to understand the distribution of mileage 
rates across populations, which are known to resemble a shifted gamma distribution (Wilson et al., 2013a).  
This is because we want to know whether it is high or low mileage drivers who have contributed most to the 
observed reductions. Our method uses 2013 as a base year and compares percentiles of per-vehicle mileages 
with those for the pandemic (straddle date 1st January 2021). For robust comparison, we consider only inter-
test intervals, i.e., for vehicles of three years of age and older. See Table 1. 

The first finding is that per vehicle mileage reduced by about a quarter overall. However, the proportional 
reductions in higher mileage vehicles are less – about a sixth. The effect is even more marked for older vehicles 
(here 10+ years old), which drive less on average, but have experienced both a lower proportional loss on 
average (less than a fifth) and an even stiffer response in high mileage vehicles (reduction less than a seventh). 
A possible explanation is that essential workers are represented strongly in the higher mileage users, and due 
to modest pay, tend to own older vehicles. 

Due to their large size, there are no purely rural postcode areas. However, SW (south west London) is an example 
of a purely urban area. Not surprisingly, mileage in SW is lower than average. However, SW’s pandemic 
reductions are proportionately very small (a seventh on average, and almost negligible at the top end). Possible 
explanations include a higher proportion of essential trips, or differing social attitudes to compliance with 
pandemic guidance, amongst a highly privileged socio-economic group. 

Our final computations concern diesel cars – which are driven more on average as (anecdotally) they tend to 
be preferred by salesmen, executives etc. who drive large numbers of motorway miles. However, the pandemic 
proportional reductions for diesels are larger in all percentile groups, markedly so in the high mileage vehicles. 
A possible explanation is that teleworking has especially reduced travel demand in this group. 

Conclusion 

We have shown how GB’s open MOT test data can be used to compute alternative traffic statistics that do not 
rely on roadside counts, and to explore how mileage varies across different groups (age of vehicles, geography, 
fuel type etc.) in addition to how it is distributed within those groups. Note, our figures consistently undershoot 
official NRTE traffic estimates to a degree which raises questions about the correctness of the NRTE’s sampling 
and scaling methods. 

We have shown that in the pandemic, higher mileage vehicles reduced their mileage proportionately less than 
lower mileage vehicles, and this and strata-based analyses raise intriguing hypotheses for more detailed 
studies. Results for a richer range of strata will be presented at the ISPRA meeting. 
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Finally, we should note that mileages for some vehicles that were first used during the pandemic will only be 
calculable in 2024 when they first present for test at three years old. It therefore remains for future work, in 
1-2 years’ time, to complete the picture of pandemic driving patterns using the open MOT test data source. 
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Introduction 

Adversarial attacks can severely impact the performance and safety of autonomous systems, including 
Connected Autonomous Vehicles (CAVs). One common form of adversarial attack is to use messages that 
contain misleading information that can lead to a collision (Owoputi & Ray, 2022). For example, consider the 
scenario depicted in Figure 1, where an attacker agent can send a message to a victim agent indicating that an 
intersection is clear, even though it is not. As a result, the victim agent may not be able to stop in time, leading 
to a collision. 

To carry out these types of attacks, attackers often use V2V (vehicle-to-vehicle) ad-hoc networks (Wang et al., 
2020). These networks allow vehicles to communicate with each other directly without relying on a centralized 
infrastructure. This approach makes it easier for attackers to launch attacks, as they can send messages to 
target agents without being detected easily. 

Existing approaches of adversarial attacks on autonomous systems mainly focus on input domains such as 
images (Szegedy et al., 2014), point clouds (Gleave et al., 2021), and text. There is a lack of research on 
adversarial robustness in multi-agent autonomous systems, which distribute computation across different 
entities and transmit encoded messages within a communication network. Moreover, adversarial attacks have 
been studied almost exclusively in the context of prediction and not in the context of control (e.g. using Deep 
Reinforcement Learning). 

In this study, we assess the robustness of Multi-agent Deep Reinforcement Learning for collaborative navigation 
under malicious attacks. For this, we introduce attacks in the form of adversarial messages to the V2V network 
in a challenging driving scenario. We show that even small perturbations to key features of the observation 
space can result in higher collision probability. Moreover, we train a robust multi-agent controller that can 
effectively defend against malicious messages and reduce the collision probability. 

Figure 160. Effect of an adversarial message on a safety-critical driving scenario 

 

Related Work 

Adversarial attacks on Deep Neural Networks are a type of attack where small and imperceivable perturbations 
can drastically change the behaviour of a neural network, resulting in false outputs. These attacks were first 
discovered in the context of image classification (Szegedy et al., 2014) and have since been extended to other 
applications, such as semantic segmentation (Xie et al., 2017) and reinforcement learning (Gleave et al., 2021; 
Huang et al., 2017). 

There are two main types of adversarial DNN attacks - white box and black box - depending on whether the 
attacker has access to the target neural network's weights. In a white box attack (Goodfellow et al., 2014; 
Szegedy et al., 2014), the attacker has full access to the weights and can generate adversarial examples using 
gradient-based optimization. In contrast, a black box (Sun et al., 2020) attack is conducted without knowledge 
of the target network weights, and real-world knowledge can be leveraged to inject adversaries that resemble 
common objects. 
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A few recent works have addressed DNN attacks directly on the V2X communication network. In particular, 
(Gleave et al., 2021), explored attacks on multi-agent intermediate representations. They showed that 
adversarial messages could substantially degrade the overall performance when the ratio between malicious 
and benign agents is relatively high. Moreover, they explored both black and white box attacks over the 
communication network. They demonstrated that successful defence mechanisms could be employed against 
white-box attacks; however, when defending against black-box attacks, a more robust message aggregation 
component should be devised. 

Methodology 

The MARL problem can be represented as a Decentralised Partially Observable MDP (Dec-POMDP). This problem 

can be defined by the tuple 〈𝑁, 𝑆, 𝐴𝑖 , 𝑇, 𝑅, 𝑂𝑖〉, where 𝑁 is a finite set of agents, 𝑆 is the set of states, 𝐴𝑖  is the 

set of actions for agent 𝑖, 𝑇  is the transition function, 𝑅 is the reward function, 𝑂𝑖 is the set of observations. 

To navigate the intersection, we implement the collaborative DRL navigation pipeline presented in figure 2. This 
figure also shows the message-passing module, which represents the V2V ad-hoc network. We assume that 
vehicles have high-level observations of the environment, such as pose, velocity, and acceleration. Moreover, 
CAVs can sense nearby vehicles and send encoded messages to other CAVs in the scene. The aggregated 
message is then decoded and used to take actions using a Deep Q-Network (DQN) controller. 

We create a gym environment consisting of two CAVs and one human-driven vehicle navigating an unsignalized 
occluded intersection, using the CARLA autonomous driving simulator as the engine. As shown in the figure, the 
CAV approaching the intersection from the south has an occluded observation and cannot directly see the 
human-driven vehicle coming from the east. Using the V2V network, another CAV coming from the east can 
send the occluded vehicle’s position and velocity in real-time. 

Each CAV's set of actions corresponds to three high-level decisions: to speed up, slow down, or do nothing. On 
the other hand, the human-driven vehicle does not take action, and it uses the Intelligent Driver Model (IDM) 
(Treiber et al., 2000) to navigate the intersection. As for the reward function, it is comprised of two components: 
a penalty for collisions and a positive reward that is proportional to the vehicles' speed. 

We implement adversarial attacks in the form of messages that contain misleading information that may 
directly lead to a collision. We assume that the attacker agent sends the message over a V2V ad-hoc network 
and that the victim agent cannot distinguish between a malicious or a benign message. To generate adversarial 
messages, we use a Gaussian noise injection procedure (Gu & Rigazio, 2015) over the true observations of the 
occluded vehicle. More complex methods, such as NES (Wierstra et al., 2008) have been proposed to generate 
adversarial examples, but in this study, we aim to show that even a simple noise injection method can 
substantially increase the probability of collision in challenging scenarios. 

The Gaussian noise injected to the true observation of agent 𝑖 is given by 𝜃𝑖 = 𝑂𝑖 +  𝜎𝛿 , where 𝛿 ~ 𝒩(0, 𝐼). 
We apply the noise injection directly to the observation of the occluded vehicle, i.e., to its position and velocity. 
We use the parameter 𝜎 to represent different levels of attack intensity. 

To develop a robust multi-agent reinforcement learning (MARL) controller, we incorporate Gaussian noise into 
the learning process. During each step of training, we sample from a Gaussian distribution with a fixed value 
of σ, which allows us to determine the observation of the occluded vehicle. By utilising this method, we are able 
to train a more resilient MARL controller. 

Figure 161. Message-sharing MARL framework. The vehicle in red corresponds to the malicious agent that sends an 
adversarial message to nearby CAVs 
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Results 

All experiments were conducted using a 10-core, 3.70Ghz Intel Core i9-10900X CPU and an Nvidia GTX 3090 
GPU. The models were trained for 600 episodes, and the resulting policies were evaluated over 10 test episodes. 
We compared the controllers based on the collision rate (ratio of testing episodes that ended with a collision) 
and the average speed. 

The effect of adversarial messages on the base collaborative control model and the robust model were 
compared and the results are presented in Table 1. The experiment involved injecting noise as an adversarial 
message with an intensity of 80%. The results indicate that perturbations to the occluded vehicle's pose can 
lead to confusion of the base controller and result in higher collision rates. When the adversarial messages 
were introduced to the base model, the testing episodes' average speed remained high, but the controller failed 
to account for the observation changes and adapt to the adversarial noise. 

In contrast, the robust model exhibited a more stable performance with lower collision rates while maintaining 
high average speeds. To further investigate the attack intensity, different values for the parameter σ were 
utilized, and the results are shown in Figure 3. As the attack intensity increased, higher collision rates were 
observed for both models. However, the robust model's rate of increase was considerably lower, with a 
maximum collision rate of approximately 15%. 

Table 37. Evaluation of attacks over the base and the robust collaborative MARL model 

Collaborative 
model 

Type of Attack Avg. Test Reward Collision Rate (%) Avg. Speed (km/hr) 

Base 

 

No Attack 130.72 ± 12.52 0.0 ± 0.0 75.06 ± 5.67 

Location 60.35 ±  25.25 35.12 ± 23.87 72.25 ± 14.12 

Location + Speed  62.66 ±  30.23 33 ±  18.25 70.01 ±  18.44 

Robust No Attack 100.45 ± 25.34 2.0 ± 1.5 67.44 ± 6.13 

Location 87.66 ±  22.23 12.45 ± 10.12 68.44 ± 12.13 

Location + Speed 70.01 ± 26.26 14.88 ± 9.33 63.44 ± 15.13 

Figure 162. Average collision rate as a function of the intensity of the adversarial attack for the Base (orange) and 
Robust (blue) models 

 

Conclusions 

In this study, we evaluate the robustness of Multi-agent Deep Reinforcement Learning for navigation under 
adversarial messages. Specifically, we investigate how small Gaussian perturbations to the observation space 
can substantially increase collision probability in an occluded driving scenario. To mitigate this vulnerability, we 
developed a robust multi-agent controller capable of defending against malicious messages and preventing 
potential collisions. The results suggest that this approach allows to effectively reduce the collision probability. 
Although, it should be noted that the multi-agent controller trained with different levels of noise still leads to a 
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considerable number of collisions. Thus, other methods that can guarantee collision-free trajectories should be 
studied. 
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Introduction 

Waymo operates a fully autonomous commercial ride-hailing service - Waymo One - in Arizona and California. 
Waymo One showcases operations of the Waymo Driver - a SAE Level 4 ADS that is, by definition, responsible 
for the entirety of the Dynamic Driving Task execution without reliance on human intervention.  

The safety of Waymo’s on-road operations relies on rigorous approaches for safety readiness determination: 
Waymo’s Safety Readiness Methodologies, first presented by Webb et al. (2020), have been refined over 10+ 
years of operations, and leverage a combination of simulation testing, closed-track testing, and public road 
testing (Waymo, 2021). 

Recently, we released data from our first one million miles driven in Rider-Only (RO) configuration (i.e., without 
an autonomous specialist on board overseeing the ADS) (Victor et al., 2023). Out of 20 contact events 
experienced by the Waymo Driver, the data shows that there were no reported injuries, and that only two 
collisions were comparable to those reported in the National Highway Traffic Safety Administration’s Crash 
Investigation Sampling System (“CISS”) - a nationally representative database of collisions that includes police 
reported events in which at least one vehicle was towed. 

This is not the first time Waymo released performance data about the Waymo Driver. In October 2020, we 
released data from over six million miles of autonomous driving (Schwall et al., 2020). The majority of those 
had a trained autonomous specialist on-board overseeing the Waymo Driver operations - what we call an 
Autonomous Driving Configuration (ADC). There are several differences between the performance data reported 
in 2023 and that in 2020, including: 

— The sourcing mileage. Data leveraged in the analysis comes from distinct types of operations of the 
Waymo Driver: RO operations for the 2023 paper vs. on-road testing data in autonomous mode with an 

autonomous specialist on board for the 2020 paper; 

— Actual vs. simulated collisions. While all of the 20 contact events included in the 2023 paper stem from 
observed events on public roads, the 2020 paper also included what we term “counterfactual” collision 
events, or “what-if” simulations. Those are situations in which we predicted a contact event through an 

analysis of post-disengagement simulation, thus predicting what would have likely happened had the 
autonomous specialist not regained control of the vehicle during on-road testing. The 2020 dataset 

consisted of 47 contact events, divided across 18 actual and 29 simulated contacts, none of which would 

be expected to result in severe or life-threatening injuries (Schwall et al., 2020). 

It is important to understand these differences and their role in informing the determination of safety readiness 
for an ADS. In this short paper, we share our perspective on collection, interpretation, and confidence estimation 
in relation to ADS performance outcomes, and frame such insights within the broader context of Waymo’s 
safety determination practices, as published in (Favaro et al., 2023).  

Discussion 

One of the most prominent uses of ADS performance data is to enable the comparison with the current state 
of transportation safety, to ensure that the introduction of this technology could in fact fulfil the sought 
potential for a positive safety impact. In fact, the comparison of an ADS collision rate30 with that of the current 
transportation ecosystem31 can support the determination of having achieved an adequate level of safety to 
field the technology (see (Favaro, 2021) and discussion therein). The practical undertaking of such comparison 

                                                        

 

30 A rate can be obtained by normalizing collision counts by, for example, hours of operation or mileage driven.  

31 Or a subset thereof, such as human-driven vehicles of the same category. 
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presents, however, complex challenges that require the utmost care and engineering rigor to approach, as we 
note below. 

The analysis of safety-outcomes (i.e., collision events) undertaken to inform readiness determination through a 
comparison with baselines derived from human data (e.g., current crash statistics from public databases) entails 
calibrating for a number of limitations that impact both the data observed during operations of the ADS as well 
as of the data employed to generate an appropriate baseline for comparison. The first consideration, impacting 
both the ADS as well as the baseline, could be termed a “credibility paradox” and is notionally represented in 
Figure 1.  
 

Figure 163. Notional representation of the credibility paradox 

 
Source: Own elaboration. 

As observed for both the data released by Waymo in 2023 (Victor et al.) and in 2020 (Schwall et al.), the vast 
majority of ADS events result in no injury (and, in many situations, also no property damage). Detection of even 
very minor events results in high statistical confidence for low severity outcomes for the ADS. In contrast data 
employed in the generation of low severity baselines is plagued by well-known concerns of under-reporting for 
minor events, where an estimated 24.3% of injury-bearing collisions and 59.7% of property-damage-only 
collisions end up not reported to police in NHTSA’s CISS collision database (Blincoe et al., 2015).32 Conversely, 
for high severity events, accurate reporting of serious injuries crashes is available in most countries, but 
evaluation of performant ADS systems will, even at the large testing scale of million of miles that Waymo 
implements, have limited statistical power due to the low number of high severity events. The credibility paradox 
thus cautions us against simplistic approaches to undertake this type of comparisons, which, while useful, can 
be concerningly misguided if not adequately approached. To address these difficulties, Waymo adopts a number 
of strategies, such as:  

— We augment, when informative and available, publicly available crash data with large-scale naturalistic 
data and/or dash-cam data from private providers. This can help improve statistical confidence in the 

baseline for low severity events.  

— We seek and analyze in-depth those ADS low severity events that may have resulted in more serious 
consequences under different situations.33 This concept, referred to sometimes as “mining the diamond” 

(Smith and Jones, 2013), can be enabled by metrics that quantify the potential for higher injury risk, like, 

for example, the Maximum Injury Potential in Kusano and Victor (2022). 

— We assess confidence in the comparison between ADS performance and the baseline across multiple 
categories of event types and severity potential. On one hand, the usage of an organized typology of 

conflicts for horizontal categorization of events (applied to both the ADS data and the baseline data) can 

                                                        

 

32 Under-reporting of events with no property damage is actually expected to be much lower than that for property-damage-only events, even though the 

literature does not provide a precise estimate. These types of no property damage events are even rarer to find in databases used for the computation of 
baselines, further skewing the contrast with ADS minor event rates. 

33 For example, information such as the fact that none of the RO events reported in our one million miles paper were intersection-related or involved Vulnerable 

Road Users can allow us to better establish the potential for high severity outcomes. 
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better pinpoint lower/higher statistical confidence across certain types of interactions (e.g., lower reported 

data for the baseline associated with rear-end collisions), which helps guide data sourcing efforts listed in 
the prior bullet. On the other hand, systematically breaking out collision events by injury risk ("severity") 

for vertical categorization of events enables us to identify plausible performance trends despite the 
known data limitations, which we appropriately weight within the broader determination of safety.  

— We leverage, within our readiness determination, a collection of metrics and testing approaches to 
provide coverage of situations that may carry higher severity potential than what was encountered or 

observed on the road. An example is Waymo’s Collision Avoidance Testing (see Kusano et al., 2022) 
where the Waymo Driver’s performance is assessed in situations requiring immediate emergency action 
on the part of the ADS.   

The evaluation of readiness of a new SW release pre-deployment (which is, by definition, a prediction) through 
the analysis of collision rates thus combines a number of sources, including: i) actual observations of RO 
deployments from prior SW versions; ii) observations from public testing in ADC; iii) simulations that may involve 
fully synthetic testing and/or hybrid counterfactual simulation of data partially collected on the road. Reliance 
on one type of data versus the other may also change over time, depending on maturity and scale of the 
operations of a company. This is represented in Figure 2, where we also visually showcase differences amongst 

the 2020 vs. the 2023 datasets. Reliance on data sourced from ADC operations and simulation is expected 
before deployment. As previously explained, any comparison to baselines should be appropriately contextualized 
and complemented by other methodologies to establish RO readiness for public road operations. In-use 
monitoring of the Waymo Driver’s performance enables continuous confidence growth post RO deployment. 

Figure 164. Change in reliance on diverse data sources with deployment stage - trends for illustrative purposes only 

  
Source: Own elaboration. 

Additionally, the usage of safety performance outcomes for the determination of safety can lead to over-
indexing on aggregate performance indicators that inadvertently conceal the presence of undesirable levels of 
risk in individual events or scenarios. This is conveyed in Figure 3, where Waymo’s approach to safety calls for 
a balance between event-level acceptance criteria, which sample risk attributable to individual instances of 
occurrence and support event-level risk assessment, and aggregate-level acceptance criteria, which work as 
overarching indicators of performance and are not necessarily traceable back to individual events (Favaro et 

al., 2023).34 

The assertion that the Waymo Driver is successful at reducing injuries and fatalities is thus grounded in analyses 
that go beyond the prediction of fatality rates. In (Victor et al., 2023) we point to how an appropriate comparison 
with human baseline could be made (i.e., by ensuring compatibility of events with standardized reporting 
requirements, such as those in CISS, and by looking at both the ability to reduce frequency of events and/or 
mitigate severity of outcomes). Still, other research studies and methodologies at Waymo help ensure that the 
level of residual risk for Waymo’s deployed fleet is acceptable. The analysis in (Scanlon et al., 2022), for 
example, pointed to appropriate conflict avoidance performance of the Waymo Driver, showcasing the ability 

                                                        

 

34 The possible lack of traceability between individual events and aggregate rates is due to potential estimation processes (e.g., extrapolation) that make the 

evaluation of ADS behaviour in each event infeasible.  
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to avoid entering a conflict in the first place and showcasing an additional mechanism for crash outcomes 
prevention. 

Figure 165. Considerations on unintentional over-indexing on aggregate performance indicators 

 
Source: Favaro et al., 2023. 

Conclusions 

Confidence in the determination of safety of the Waymo Driver increases continuously, as both credibility of 
available data and the validity of our predictions improves over time thanks to in-use monitoring of on-road 
data. Understanding of reliance on different types of data and/or methodologies, paired with the appropriate 
understanding of limitations within non-ADS data employed for the generation of baselines, is an important 
starting point to ensure evaluation of a developer claim of safety can be appropriately contextualized. The 
combination of Waymo’s safety methodologies provides a balanced and responsible approach to confidently 
evaluate performance of the Waymo Driver within the broader context of our safety determination lifecycle 
(Victor et al., 2023; Schwall et al., 2020, Kusano et al., 2022; Scanlon et al., 2022; Favaro et al., 2023).   
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