
 

 

 

     
 

D4.1: Report on the relevant 
state of the art on Transport 
Management Modelling 

Responsible author: Emmanouil Chaniotakis (UCL) 
Date: 31/01/24 

 
   
This project has received funding from the European Union’s Horizon 
Europe research and innovation program under grant agreement No 
101104171 

 



                                                           

D4.1: Report on the relevant state of the art on Transport Management Modelling Page 2 of 78 

Copyright © 2023 by SYNCHROMODE 

 

Legal disclaimer: The information in this document is provided “as is”, and no guarantee or warranty 
is given that the information is fit for any particular purpose. The above referenced consortium 
members shall have no liability to third parties for damages of any kind including without limitation 
direct, special, indirect, or consequential damages that may result from the use of these materials 
subject to any liability which is mandatory due to applicable law. 
© 2023 by SYNCHROMODE Consortium. 
 
This report is subject to a disclaimer and copyright. This report has been carried out under a contract 
awarded by the European Commission, contract number: 101104171. The content of this 
publication is the sole responsibility of the SYNCHROMODE project. 
 
This document has been prepared for the European Commission however it reflects the views only 
of the authors, and the Commission cannot be held responsible for any use which may be made of 
the information contained therein. 
  



                                                           

D4.1: Report on the relevant state of the art on Transport Management Modelling Page 3 of 78 

Copyright © 2023 by SYNCHROMODE 

 

Table of Contents 
 

Executive Summary ........................................................................................................................... 5 

Summary sheet ................................................................................................................................. 6 

Project partners ................................................................................................................................ 7 

Document history.............................................................................................................................. 8 

List of Figures .................................................................................................................................... 9 

List of Tables .................................................................................................................................... 10 

List of acronyms .............................................................................................................................. 11 

1. Introduction ............................................................................................................................. 14 

1.1. Project Summary ............................................................................................................... 14 

1.2. Background ....................................................................................................................... 14 

1.3. Objectives .......................................................................................................................... 15 

1.4. Structure ........................................................................................................................... 15 

2. Changing Transport Modelling Landscape and Management Interventions .......................... 16 

2.1. Changing transport modelling and management need .................................................... 16 

2.2. Governance ....................................................................................................................... 19 

2.2.1. Governance by technology/models ............................................................................ 19 

2.2.2. Governance of Technology/Models ............................................................................ 21 

2.3. New mobility concepts ..................................................................................................... 24 

2.3.1. Autonomous Mobility ................................................................................................. 24 

2.3.2. Shared Mobility ........................................................................................................... 25 

2.3.3. Mobility as a concept - Multimodality ........................................................................ 26 

2.4. Data Landscape ................................................................................................................. 27 

3. Travel Demand Models ............................................................................................................ 30 

3.1. Data Needs ........................................................................................................................ 30 

3.1.1. Travel demand data .................................................................................................... 30 

3.1.2. Socioeconomic data .................................................................................................... 30 

3.1.3. Transportation networks data .................................................................................... 31 

3.2. Commonly used models for travel demand ..................................................................... 31 

3.2.1. Theoretical Foundations ............................................................................................. 31 

3.2.2. Four-Step Model (FSM) ............................................................................................... 34 

3.2.3. Activity-Based Model (ABM) ....................................................................................... 35 

3.3. Emerging demand representations .................................................................................. 38 



                                                           

D4.1: Report on the relevant state of the art on Transport Management Modelling Page 4 of 78 

Copyright © 2023 by SYNCHROMODE 

 

3.4. Disruptions and altered demand patterns........................................................................ 40 

4. Transport Network Models ...................................................................................................... 44 

4.1. Data requirements and network representation ............................................................. 44 

4.2. Simulation Models ............................................................................................................ 47 

4.2.1. Analytical Traffic assignment models ......................................................................... 48 

4.2.2. Network loading .......................................................................................................... 49 

4.2.2.1. Macroscopic modelling of traffic flows ................................................................... 50 

4.2.2.2. Microscopic modelling of traffic flows .................................................................... 51 

4.2.2.3. Mesoscopic modelling of traffic flows .................................................................... 51 

4.2.2.4. Hybrid or combined traffic simulation models ....................................................... 52 

4.2.3. Route choice behaviour .............................................................................................. 52 

4.2.4. New mobility concepts in simulation tools ................................................................. 53 

4.2.4.1. Simulation of Autonomous Vehicles (AVs) .............................................................. 54 

4.2.4.2. Simulation of Connected Vehicles ........................................................................... 55 

4.2.4.3. Simulation of e-scooters and bikes ......................................................................... 56 

4.2.4.4. Simulation of shared mobility services.................................................................... 57 

4.2.5. Multimodality .............................................................................................................. 58 

4.3. Calibration, validation and prediction .............................................................................. 60 

4.3.1. Offline Calibration and validation ............................................................................... 60 

4.3.2. Online Calibration and prediction ............................................................................... 62 

4.4. Disruptions ........................................................................................................................ 62 

Conclusions ..................................................................................................................................... 65 

References....................................................................................................................................... 66 

 
  



                                                           

D4.1: Report on the relevant state of the art on Transport Management Modelling Page 5 of 78 

Copyright © 2023 by SYNCHROMODE 

 

Executive Summary 
 

The deliverable, as part of Work Package 4 (Transport Network Optimization), seeks to 
establish a comprehensive knowledge base through a detailed literature review, focusing on 
models that capture the complexity and various levels of abstraction inherent in transport 
network operation management. The objectives include reviewing and consolidating 
literature, examining data sources and model maturity, and identifying model development 
methodologies. This systematic approach aims to deepen the understanding of traffic 
management models and bridge gaps between project components, particularly l inking the 
outcomes of WP3 (Data gathering, fusion and analysis) with the requirements of WP5 
(Transport Network Optimization). The goal is to create a versatile modelling framework that 
is not only comprehensive but also applicable in real-world scenarios, contributing 
significantly to the field of transport management modelling. 
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1. Introduction 
Representing the transport system using transport modelling techniques has long been the 
backbone of traffic and generally transport management. The transport system is undergoing 
significant transitions regarding its purpose, operations and structure. At the same time the 
emergence of technological breakthroughs in the field of computing, artificial intelligence and 
machine learning techniques is changing the capabilities that transport modellers have. In this 
swiftly changing landscape, the consolidation of the approaches followed in the state-of-the-art is 
a much necessary endeavour. 
 

1.1. Project Summary 

The SYNCHROMODE project aims to develop a data driven ICT toolbox for improving the 
management of transport operations from a multimodal perspective, to manage the transport 
network. SYNCHROMODE will provide transport managers with new predictive and network 
optimization capabilities for balancing the transport supply and demand, enabling efficient reaction 
to different types of events. SYNCHROMODE will demonstrate via well-chosen Case Studies the 
effectiveness of integrated multimodal and multi-actor traffic and transport management solutions 
and the SYNCHROMODE toolbox, able to balance the demand load of both people and goods and 
at the same time reduce individual journey times. 
 

1.2. Background  

The changing landscape of transportation is marked by several developments which are believed to 
be reshaping how we conceive mobility and its management. Central to this transformation is the 
emergence of new mobility concepts, driven by technological innovations and the emergence of 
Information and Communication Technologies (ICT). The 3 revolutions, as commonly referred to 
(shared, electric, automated) are transforming traditional transport provision, promising increased 
efficiency and accessibility. Sustainability and the pursuit of net-zero emissions have also become 
integral in every aspect of planning and management for the transport system, with a growing focus 
on integrating eco-friendly practices and renewable energy sources. Finally, there is an increasing 
recognition of the need for more holistic transport management. This approach encompasses not 
just each modality independently but discusses the transport system as a whole, within both supply 
(road, rail, air) but also demand (intermodality, flexibility, complexity of choice) traits. 
 
The introduction of these advances in transport models for both planning and management of the 

transport system is imperative. Parallel to this is the advancement of modelling techniques which 

result from both basic research and the increased computing capabilities, enabling more accurate 

predictions and optimizations in transport planning and operation. Despite these significant 

advancements, there remains a notable gap: a comprehensive review that synthesizes these diverse 

strands of progress and challenges in the transport sector.  
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1.3. Objectives 

The primary purpose of Deliverable D4.1, titled “Report on the Relevant State of the Art on 
Transport Management Modelling,” as derived from Task T4.1, “Modelling Architecture and High-
Level Actors’ Interactions,” is to establish a comprehensive knowledge base. This will be achieved 
through a meticulous literature review process, focusing on models capable of capturing various 
levels of abstraction and the complexity inherent in the operation management of transport 
networks. Specifically, this deliverable aims to: 
 

• Review and consolidate the respective literature. 

• Examine data sources and models’ maturity. 

• Identify methodologies for model development. 
 
Through its systematic approach, this deliverable not only contributes significantly to a deeper 
understanding of traffic management models but also serves a pivotal role in bridging the gaps 
between different project components. It particularly focuses on aligning the outcomes of WP3, 
“Data Gathering, Fusion and Analysis,” with the input requirements of WP5, “Integration of the 
Overall Solution and Case Studies.” The ultimate objective is to formulate a well-structured and 
versatile modelling framework, tailored for efficient utilization in transport management. This 
framework aims to ensure that the project’s outcomes are not only comprehensive but also 
practically applicable in real-world scenarios. 
 

1.4. Structure  

This report, Deliverable D4.1, is meticulously structured to facilitate a comprehensive understanding 
of the state of the art in transport management modelling. The deliverable is organized as follows. 
The deliverable begins with an Introduction, setting the stage by outlining the purpose, scope, and 
methodology of the report, aligning with the objectives of Task T4.1. Next, it explores the Changing 
Transport Modelling Landscape and Management Interventions, offering insights into recent 
trends and their implications for transport management. The report then examines Travel Demand 
Models and Transport Network Models, delving into their methodologies, applications, and roles 
in transport management. This is followed by a critical discussion in the section Definition of the 
Selected Problems and Advancement Beyond State of the Art (SOTA), where specific challenges 
and recent advancements in the field are highlighted. The deliverable concludes with the 
Conclusions section, summarizing key insights and their implications for future research and 
application in transport management. 
 
At the end of the document there is a section related to References, which provides a 
comprehensive list of bibliographic sources used throughout the report. 
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2. Changing Transport Modelling Landscape 
and Management Interventions 

Representing the transport system using transport modelling techniques has long been the 
backbone of traffic and generally transport management. The transport system is undergoing 
significant transitions regarding its purpose, operations and structure. At the same time the 
emergence of technological breakthroughs in the field of computing, artificial intelligence and 
machine learning techniques is changing the capabilities that transport modellers have. In this 
swiftly changing landscape, the consolidation of the approaches followed in the state-of-the-art is 
a much necessary endeavour. 

2.1. Changing transport modelling and management need 

Transportation is witnessing a paradigm shift with the advent of multimodal mobility, which 
integrates various modes of transport, such as public transit, private vehicles, bicycles, and walking, 
to offer seamless movement of people and goods. This approach holds the promise of enhancing 
efficiency, reducing congestion, and contributing to environmental sustainability. However, the 
modelling and management of multimodal mobility systems pose significant challenges, primarily 
due to their complexity, variability, and the need for advanced technological integration. Each mode 
has its unique operational characteristics, user preferences, and infrastructural demands. Creating 
unified modelling methods and tools that accommodate these differences is a challenging task. 
 
A primary challenge in modeling multimodal mobility systems is the complexity of integrating 
disparate transportation modes. Multimodal networks are not just a simple amalgamation of 
different transport modes, but a set of interconnected layers, each representing a different mode 
of transport. The interplay between these layers adds to the complexity, necessitating advanced 
mathematical frameworks and analytical tools (Alessandretti et al., 2023). Ensuring seamless 
transitions between modes, such as from buses to bikes or trains to car-sharing services, requires 
sophisticated models that can accurately capture the interdependencies and interactions between 
these modes. Moreover, the variability in service levels, capacities, and schedules across different 
modes complicates the simulation of multimodal journeys. For instance, aligning schedules of buses 
and trains with shared bike services requires sophisticated coordination and real-time data 
synchronization (Lian et al., 2023). Moreover, the disparity in ticketing systems across various 
modes adds another layer of complexity in achieving a seamless user experience. 
 
Effective modeling and simulation rely on the availability of comprehensive, high-quality data 
spanning all modes of transportation. However, data heterogeneity—ranging from real-time traffic 
conditions to public transit schedules and shared mobility usage patterns—presents a significant 
obstacle. Additionally, gaps in data availability, particularly for emerging or less-regulated mobility 
services, impede the development of accurate and predictive multimodal models which are critical 
for effective forecasting of where and when a person will travel next (Ma & Zhang, 2022). 
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Urban environments are inherently dynamic, with fluctuating traffic patterns, evolving 
infrastructure, and changing user behaviors. Modeling and simulating multimodal mobility within 
this context require adaptive frameworks that can account for such variability and unpredictability 
(Maity et al., 2020). Traditional static models fall short in capturing the real-time changes and 
interactions in urban systems, necessitating the development of dynamic simulation tools that can 
respond to evolving conditions. Key areas identified for methodological advancement include real-
time onboard load short-term forecasting, real-time best path advice, real-time transit assignment 
modeling, individual path choice modeling, and the real-time updating of demand and supply model 
parameters (Nuzzolo & Comi, 2016). 
 
Developing accurate prediction models for travel demand is a pivotal yet challenging aspect of 
planning and managing multimodal mobility systems. These models are essential for forecasting 
future transportation needs, assessing the impacts of urban development, and guiding 
infrastructure investments. However, accurately predicting travel demand requires the 
consideration of multiple factors that influence individuals' mobility choices. One of the primary 
challenges is the dynamic nature of human behavior and preferences, which can fluctuate due to 
economic shifts, technological advancements, societal trends, and policy changes. Capturing these 
evolving patterns requires sophisticated modeling techniques that can adapt to changing conditions 
and incorporate a wide range of variables (Parishwad et al., 2023). 
 
Furthermore, the integration of emerging mobility services, such as ride-sharing, car-sharing and e-
scooters, introduces additional layers of complexity. These services have altered traditional travel 
patterns, creating new demand dynamics that are not fully understood or easily predictable. 
Additionally, the interaction between different modes of transportation and their cumulative effect 
on travel demand compounds the difficulty of developing reliable models. Traditional models based 
on historical data and linear relationships may not accurately capture the non-linear and 
interdependent nature of these factors. This necessitates the adoption of more advanced 
methodologies, such as machine learning and agent-based modeling, which can better handle the 
complexity and variability of modern urban mobility (Wu & Xu, 2022). However, these approaches 
require extensive data, sophisticated analytical capabilities, and a deep understanding of the 
underlying behavioral mechanisms, posing significant challenges for transportation planners and 
policymakers. 
 
On the other side of the mobility equation lies the challenge of modeling traffic supply, which 
encompasses the capacity and availability of transportation infrastructure and services. Efficiently 
managing traffic supply is crucial for minimizing congestion, enhancing accessibility, and ensuring 
the sustainability of transportation systems. However, accurately modeling traffic supply in a 
multimodal context is rather challenging. One major obstacle is the need to account for the 
interactions between different transportation modes, each with its own operational characteristics 
and infrastructure requirements. For instance, the introduction of dedicated bus lanes or bike paths 
can significantly alter traffic flow patterns, impacting the overall supply dynamics of the road 
network.  
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Additionally, the variability in traffic supply due to temporal factors (such as peak and off-peak 
hours), seasonal variations, and unplanned disruptions (like roadworks or accidents) further 
complicates modelling efforts. Traditional static models are often inadequate for capturing these 
fluctuations, requiring more dynamic and responsive simulation tools that can reflect real-time 
conditions. Another challenge is the integration of technological advancements and policy 
interventions, such as intelligent transportation systems (ITS) and congestion pricing, which can 
dramatically influence traffic supply and demand relationships. 
 
Developing models that can accurately predict the effects of these variables on traffic supply 
necessitates a multidisciplinary approach, combining insights from engineering, data science, urban 
planning, and behavioural economics. Furthermore, as cities strive to promote sustainable 
transportation options and reduce reliance on private vehicles, modelling must also consider the 
environmental and social impacts of different traffic supply strategies (Wegener, 2013). This adds 
an additional layer of complexity, as models must balance efficiency, sustainability, and equity 
objectives in an ever-evolving urban landscape. 
 
Understanding and accurately modelling user behaviour and preferences is also crucial for the 
success of multimodal mobility systems. However, this remains a challenging endeavour due to the 
diverse factors influencing transportation choices, including convenience, cost, time, and 
environmental concerns. Moreover, travellers have diverse preferences, habits, and comfort levels 
with different transportation modes. Models must be sensitive to these factors and flexible enough 
to adapt to changes in user preferences over time, particularly as new mobility options emerge and 
societal attitudes toward transportation evolve. For instance, the evolving nature of urban transport 
systems, with new modes emerging and the integration of services like remote park-and-ride, on-
demand mobility, and shared autonomous mobility, brings fresh challenges for predicting travellers' 
mode and route choice behaviour. These include modelling transfers between modes and 
accounting for the crowding effect in each transport mode (Jiang & Nielsen, 2022). 
 
Furthermore, modelling the interaction between different modes of transport, as well as the 
interaction between human-driven vehicles and partly or fully automated vehicles needs a research 
boost that leads to a better description which is then able to support the policy and management 
issues to achieve the best possible transport system planning, management, and control. The 
modelling issue of an automated and/or cooperative transport system is especially difficult when it 
comes to the complicated mixture of different technologies with different modes and different 
amounts of human influence. While the final goal of completely automatic and completely electric 
seems to be an almost trivial fulfilment of the zero accidents and zero emissions goal, the path 
towards this very long-term vision is much more complicated. Time and again it has been 
demonstrated that such a mixture contains its own challenges and pitfalls. To avoid this, improved 
modelling is needed that can design countermeasures, too. Therefore, better models and better 
means of control are needed to make sure that traffic safety is enhanced and the adverse impacts 
of vehicular traffic on the climate are mitigated. 
 
The modelling and simulation of multimodal mobility are not purely technical challenges; they also 
affected by complex policy and regulatory issues. Effective models must consider the potential 
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impact of regulations, infrastructure investments, and policy interventions on transportation 
dynamics. This requires a collaborative approach involving stakeholders from various sectors, 
including government, industry, and the community, to ensure that models align with policy 
objectives and regulatory frameworks. 
 
The challenges in modelling and simulation of multimodal mobility are both diverse and significant, 
ranging from technical and data-related issues to those involving user behaviour and policy 
considerations. Overcoming these challenges requires innovative approaches like synchromodal 
optimization, integration of prediction with optimization (Yan & Wang, 2022), interdisciplinary 
collaboration, a commitment to continuous improvement, and the need for deep contemplation of 
future possibilities in urban mobility (Ceder, 2021). As we advance in our modelling and 
management capabilities, the potential to transform urban transportation into more efficient, 
sustainable, and user-centric systems becomes increasingly attainable, paving the way toward 
integrated multimodal mobility. By overcoming these barriers, cities can unlock the full potential of 
multimodal mobility, paving the way for more sustainable, efficient, and user-friendly urban 
transportation systems. 

2.2. Governance 

Technology, including digital innovations, is never neutral (Nochta et al., 2019; Strate, n.d.). This is 
also true of simulation models, which typically serve as representations of systems or processes that 
incorporate time and include parameters that allow for the depiction of various system 
configurations (Carson, 2010). While, in general, a model is a simplified approximation of reality, 
transport models vary significantly in size, focus, and methodology. Thus, choosing a suitable model 
depends on its intended application (Tavasszy et al., 2010). 
 
In this light, two distinct types of governance may be identified (Nochta et al., 2019; OECD, n.d.; 
Tavasszy et al., 2010): 
 

•  Governance by technology/models: Meaning that such technologies have become part of 
the governance structure and processes and directly influence decision-making. 

•  Governance of technology/models: Meaning that the social world influences the 
development, adoption, and use of such technologies in the form of legislation, soft laws, 
regulations, co-standards, supply and demand, private sector governance and self-
regulation, public engagement and communication, and accountability and other ethical 
considerations. 

2.2.1. Governance by technology/models 

Computer simulation modeling has been utilized since the 1950s to guide policy and strategy in 
urban planning (Nochta et al., 2019). Specifically for transport models, the primary objective is to 
help increase our understanding of the mobility system (Tavasszy et al., 2010). Moreover, as the 
variety of challenges confronting policymakers expands and becomes increasingly multi-layered and 
interdisciplinary, it is acknowledged that decision-making grows in complexity (Marsden & Reardon, 
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2017). A prerequisite for “an appropriate” policy is possessing thorough knowledge and 
comprehension of the manner and degree to which a certain policy can be effective in meeting 
specific objectives (Marsden & Reardon, 2017). Thus, not only have such models proven to be crucial 
for developing quantitative insights into mobility systems, but they have also become instrumental 
in decision-making and policy evaluation (Tavasszy et al., 2010). Specifically, models serve as 
valuable impact assessment tools in decision-making processes or for ex-post evaluation (Tavasszy 
et al., 2010). 
 
Over the years, two partly contrasting schools of thought for model development can be 
distinguished (Tavasszy et al., 2010). On the one hand, there is the need for complete, detailed, and 
fit-for-purpose information that aids policymakers, and, on the other, a more scientific interest or 
urge to improve the level of detail and dynamics in the abstraction of reality (Tavasszy et al., 2010). 
As shown in Table 1, over the decades, the developments in demand for and supply of traffic and 
transport models have led to even more variance in the produced transport models. While, ideally, 
models should be understandable, reliable, user-friendly, efficient, and flexible so as to support 
decision-making better, in reality, there is a direct relation between behavioral realism and 
computation complexity (Givoni et al., 2016). This complexity, which may take the form of either 
mathematical complexity or increased data requirements, means that state-of-the-art models, 
while “better” in many respects, face the risk of behind the state of the practice, limiting overall the 
usefulness for policymakers (Givoni et al., 2016). Figure 1(a) illustrates that as transportation models 
gain in behavioral realism, they become more computationally complex. This complexity increases 
at an exponential rate, whereas the benefits from increased realism grow but at a diminishing rate. 
Figure 1(b) presents a similar idea, but here, the curve for computational complexity is inverted to 
represent computational simplicity, aligning it with the benefits of model realism. As shown in 
Figure 1(b), there is a theoretical point where the level of behavioral realism is optimal, maximizing 
the model's benefits. 
 

Table 1: Development in demand for and supply of traffic/transport models [adapted from(Tavasszy et al., 2010)] 

 1980s 1990s 2000s 

Trends 
Technical innovations 

More complex 
society 

Legal norms in planning 

Policy 
questions 

Applying ‘state-of-the-art’ 
More detail and 

comprehensiveness 
Trustworthiness and 

manageability 

Modelling 
developments 

More complex 
Larger models and 
data requirements 

Standardization of models 
and data 

Advantage Accuracy Widely applicable Consistency 

Disadvantage 
Black box 

Time consuming 
and vulnerable to 

mistakes 
Loss of flexibility 
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Figure 1: Relationship between benefits, behavioural realism, and computational complexity/simplicity in models [adapted from 

(Shiftan & Ben-Akiva, 2011) 

The impact of models on policy decisions is contingent on the level of knowledge utilization achieved 
by the use of the models' outcomes. If the results from the models are merely “conveyed” to 
policymakers, the likelihood of a significant contribution is relatively low (Givoni et al., 2016). 
Knowledge utilization in the form of effective decision-making in transport management is hindered 
mainly by the following barriers (Givoni et al., 2016; Nochta et al., 2019; Tavasszy et al., 2010): 

•  Insufficient communication between actors. 

•  Difficulties in acquiring complete, accurate, and useful data either due to acquisition 
methodologies or due to data ownership issues. 

•  Data security issues. 

•  Fragmentation and lack of knowledge of already acquired data and information due to 
governance complexity and overlapping commissions. 

•  Varying requirements of models for use in policy making and flexibility of available transport 
models and modelers. 

•  Issues related to efficiency and “overcomplexity” of models. 

•  Skill requirements and balance between in-house development/use and need for external 
consultants. 

2.2.2. Governance of Technology/Models 

The governance of technology/models does not refer solely to regulations but rather, as already 
described, to a multitude of institutional and normative mechanisms to steer their development 
and use. In this regard, effective governance could be translated to specific steps that may be taken 
in order to adequately address the barriers mentioned in the previous sub-section. Specifically, the 
following steps are either explicitly stated or implied in the relevant literature (Nochta et al., 2019; 
Tavasszy et al., 2010): 
 
1. Addressing of data security and needs 
2. Increased public engagement 
3. Increase in the transparency, variety, and coherence of models 
4. Quality management 
5. Increased communication between actors and improved presentation/ use of model results 
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6. A more robust steering approach 
 

Relating to the first step, addressing data-related issues, particularly in terms of security and 
acquisition, requires a comprehensive approach. Ensuring data security involves adhering to or 
updating guidelines for data collection and sharing that minimize the risk of misuse. This process 
necessitates assessing the minimum sufficient amount of information needed to support relevant 
applications, to avoid overcollection (Nochta et al., 2019). 
 
Often, ubiquitous data are utilized for urban modelling. Such data are sometimes collected on and 
of citizens who are mostly unaware of the data collection taking place. Therefore, governance needs 
to address key issues such as privacy (ensuring transparency in the data collection process), 
accountability and liability (being transparent about data usage and purposes), and participation 
(providing opportunities for citizen involvement and consultation) (Nochta et al., 2019). 
 
In terms of data acquisition, the pluralization of private sector data owners and the lack of data-
sharing frameworks present major obstacles. These issues result in a more complex and time-
consuming process for organizations to collate data effectively (Nochta et al., 2019). 
 
One way to address this is to establish better contracts or data-sharing agreements with private 
sector data owners. These agreements should include a reciprocity element, mandating data 
sharing in exchange for derived benefits. Implementing such strategies can facilitate smoother data 
acquisition and integration, enhancing the effectiveness and efficiency of data utilization in various 
applications (Nochta et al., 2019). 
 
Regarding the second step, not only is citizen participation important, as previously mentioned, 
when related to the ethical acquisition of data, but it is also of importance to examine citizen 
engagement in relation to the production of evidence and to understand the role and requirements 
of citizens in modelling and analysis (Nochta et al., 2019). 
 
In urban environments, community groups, often, play a vital role in advocating for local concerns 
and striving for more inclusive participation in decision-making processes. These groups generally 
fall into two categories: city-wide lobbying organizations and local residents' associations, along 
with individual activists. The former are typically effective in swaying local policymakers, whereas 
the latter primarily engage in policy discussions to shape decisions on neighbourhood projects 
(Nochta et al., 2019). 
 
Overall, these groups employ diverse tactics to influence policies and various government levels, 
leveraging local knowledge and data access. They frequently emphasize the need for public access 
to data, reflecting a grassroots’ understanding of data collection's significance and its potential 
usability and impact (Nochta et al., 2019). 
 
Additionally, it is important to note that through this process, such groups often point out otherwise 
potentially missed problems like fragmented data, outdated information, and inconsistent 
modelling outcomes used by policymakers (Nochta et al., 2019). 
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Regarding the third step, as already mentioned, transport models have become more versatile and 
accurate but also more complex and less transparent over time. While policymakers increasingly 
rely on these models for critical assessments in areas like the economy, environment, and safety, at 
times, overly complex calculations are performed when a simpler approach would be sufficient. To 
enhance transparency, variation, and coherence in transport models, three following three steps 
have been proposed (Tavasszy et al., 2010): 

• Firstly, to increase the transparency of existing models, make use of visual data 
representation in maps and charts, and improve online accessibility. 

• Secondly, to introduce more variety in modelling tools, incorporating simpler models, 
heuristic approaches, and expert knowledge alongside current models. 

• Thirdly, to enhance cohesion among different models, either through integration or 
coordination. 

 
Coordination is generally considered as more promising, focusing on harmonizing data inputs, 
calculation techniques, and model outputs. Considerations should also be given to agreements on 
the specific uses of different individual models as well as how they could/should be used together 
(Tavasszy et al., 2010). 
 
Regarding the fourth step, concerns are often raised about the quality of transport models and the 
accuracy of their results, leading to a lack of trust in model calculations (Givoni et al., 2016; Tavasszy 
et al., 2010). Often, the quality management of many transport models is criticized for being unclear 
and incomplete, with no independent quality controls guaranteed. In general, it has been argued 
that policymakers should require better quality assurance in both the models and their results 
(Tavasszy et al., 2010). 
 
While this could be overcome by requesting a second opinion on model applications and conducting 
audits for model development, it does not specify the quality standards to which model studies 
must adhere. A more structural solution is to establish a comprehensive quality framework for both 
developing and applying models (Givoni et al., 2016). 
 
This framework should be created in consultation with key stakeholders and define quality 
standards for different types of information requests. Such a framework should determine the 
standards for both model development and application, ensuring consistency and reliability (Givoni 
et al., 2016). 
 
Finally, a hallmark or quality mark for models and model results could be developed. The use of such 
a hallmark should then be mandatory, providing a clear, standardized indicator of quality for 
transport models and their results (Givoni et al., 2016). 
 
Regarding the fifth step, literature (Landry et al., 2001) distinguishes actors as either users, meaning 
those that utilize the knowledge produced from research, or suppliers, meaning the researchers 
who produce that knowledge. In regard to transport models, one can define those who deal directly 
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with developing and running the models (modelers) and (transport) planners as the suppliers and 
policymakers, administrators, and politicians as the users (Nochta et al., 2019). 
 
A need has arisen to manage expectations and usage of model results by the users. Often, there are 
unrealistic expectations regarding the accuracy of models, especially in predicting future scenarios 
like traffic congestion. The inherent limitations and uncertainties of models are frequently 
overlooked, leading to an over- or under-reliance on their results. Model results are sometimes 
mistakenly treated as absolute truths, without acknowledging the uncertainties involved or 
dismissed (Givoni et al., 2016; Tavasszy et al., 2010). 
 
There is, to an extent, a lack of open discussions about the uncertainties inherent in model-based 
forecasts. To address these issues, an improved presentation of model results by the suppliers is 
suggested, helping non-specialists understand the calculations and uncertainties. (Givoni et al., 
2016; Tavasszy et al., 2010). 
 
Storytelling methods can be used to make it easier for non-specialists to grasp how model results 
are derived. Creating guidelines for correctly using model results in policy processes can help clarify 
their role and limitations. Developing separate communication strategies for different target groups 
(policymakers, administrators, politicians) is advised to enhance understanding (Givoni et al., 2016; 
Tavasszy et al., 2010). 
 
Lastly, a cultural transformation is recommended, where qualitative estimates by experts are valued 
alongside quantitative model results, accepting the inherent uncertainties in forecasting (Givoni et 
al., 2016; Tavasszy et al., 2010). 
 
Lastly, regarding the final step, current traffic models are often developed in response to emerging 
techniques and ad hoc policy requests. As already mentioned, collaboration between users and 
producers of traffic models has been beneficial, but more structured guidance in model 
development is needed (Givoni et al., 2016). 
 
Establishing a permanent steering group composed of relevant users of model results is proposed 
to improve the direction of traffic and transport model development. This steering group would 
ensure that models align with information needs by clearly defining what information is required 
(Givoni et al., 2016). 
 
The group would also set clear agreements on the distribution of tasks among different parties 
involved in model development and use. Coordination and involvement with various model 
administrators and regional bodies would be a key function of the steering group. Such a group 
should also be responsible for developing a long-term vision to refine and implement the strategies 
outlined in the previous points further (Givoni et al., 2016). 

2.3. New mobility concepts 
2.3.1. Autonomous Mobility 
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The realm of Autonomous Mobility is set to transform the transportation landscape, with 
Autonomous Vehicles (AVs) leading the charge. These vehicles, equipped with advanced 
technologies like radars, GPS, cameras, and sensors, promise a future where vehicles navigate roads 
independently, minimizing the need for human intervention (Howard and Dai, 2014; Zmud and 
Sener, 2017). 
 
The Society of Automotive Engineers (SAE) International categorizes AVs into six levels of 
automation, ranging from No-Automation (Level 0) to Full Automation (Level 5) (SAE, 2014). This 
classification system outlines the varying degrees of automation, human involvement, and 
infrastructure needs crucial for the deployment of AVs in real-world scenarios. The key distinction 
lies between Levels 0-2, where human drivers play a major role, and Levels 3-5, where the vehicle's 
automated systems predominantly manage the driving tasks. 
 
The introduction of AVs into the market is envisioned to follow two primary pathways (Haboucha 
et al., 2017): 

1. Privately-Owned AVs: This traditional model resembles current car ownership, with 
individuals purchasing AVs. However, the high costs associated with autonomous 
technologies might initially limit accessibility to a broader consumer base (Stocker and 
Shaheen, 2017). 

2. Shared-Autonomous Vehicle Services: As a more inclusive alternative, AVs could be 
integrated into shared mobility systems, offering users access to a fleet of AVs without the 
need for ownership (EC, 2018). This model combines the advantages of autonomous driving 
with the principles of shared mobility, promising efficient and personalized transport 
services. 

 
The autonomous vehicle industry has witnessed significant investments from both emerging and 
established companies, reaching a critical juncture in 2016 with numerous developments advancing 
the realization of AVs (Chan, 2017). Companies like Audi/VW, Bosch, Google (now Waymo), and 
Tesla have been at the forefront, conducting extensive tests and trials. With projections suggesting 
a full deployment of AVs between 2020 and 2025, the future of passenger transport looks 
increasingly autonomous, featuring innovations from companies like Volvo, Apollo 5.0, ARRIVAL, 
EasyMile, and NAVYA. 

2.3.2. Shared Mobility 

Shared Mobility has revolutionized urban transportation, offering more flexible, efficient, and 
sustainable travel options. This evolution encompasses two main areas: Vehicle-Sharing Services 
and Ride-Sharing Services, each addressing distinct aspects of modern mobility needs. 
 
Vehicle-sharing services offer on-demand access to various types of vehicles, such as cars, bicycles, 
and scooters, for short durations. This model enhances urban mobility by complementing mass 
transit systems, thus facilitating seamless travel experiences. Specifically: 

• Car Sharing: The evolution of car sharing has been remarkable, with its origins dating back 
to the 1960s and experiencing a global expansion in recent years (ITDP, 2013). Presently, 236 
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entities provide car-sharing services across 3,128 cities in 59 countries (Phillips, 2019). 
Leaders in this space include Zipcar, with operations in 384 cities, and ShareNow, a 
collaborative venture by Daimler and BMW. 

• Bike Sharing: Bike-sharing programs have seen substantial growth, with over 1,600 systems 
deploying more than 18 million bikes globally (Richter, 2018). Prominent operators like 
Mobike and Lime offer extensive networks, particularly in urban centers across China, the 
U.S., and Europe. 

• Electric Scooters: The advent of shared electric scooters, initiated by companies such as Lime 
and Bird Rides in 2017, marks the latest innovation in urban mobility solutions (PBOT, 2018). 

 
The rise of application-based shared mobility initiatives has led to the diversification of ride-sharing 
services, catering to a variety of user needs through innovative platforms. These new services are 
the following: 

• Carpooling: Evolving from traditional models, today's carpooling services leverage digital 
advancements to offer real-time sharing options (Hahn and Metcalfe, 2017). Platforms like 
UberCOMMUTE and Lyft Carpool exemplify this shift, catering to daily commuters by 
facilitating shared journeys. 

• On-Demand Ride Services: Classified into ridesourcing, ridesplitting, and e-Hail (Shaheen 
and Chan, 2016), these services employ mobile apps to connect passengers with drivers. 
Ridesourcing companies such as Uber and Lyft represent the forefront of this category, 
introducing dynamic pricing models to meet fluctuating demand (Jin et al., 2018). 

• Microtransit: This innovative model blends public and private transit elements, offering 
services with either fixed or flexible routes (Schaller, 2018). Microtransit solutions like Via 
and Bridj adapt to user needs, providing an alternative to conventional public transit 
systems. 

 
The operational framework of these shared mobility services is underpinned by sophisticated digital 
infrastructure, encompassing mobile apps and web platforms. Essential to their functionality is the 
seamless flow of data, including driver location, vehicle specifications, user preferences, and 
transaction details. This interconnected digital environment ensures the efficient and responsive 
delivery of services, aligning with the evolving requirements of modern urban landscapes. 

2.3.3. Mobility as a concept - Multimodality 

In the landscape of contemporary transport, the principle of Mobility as a Service (MaaS) stands out 
by amalgamating a variety of transport providers into a cohesive digital platform, as documented in 
several studies (MaaSLab, 2018; Hietanen, 2014; Kamargianni & Matyas, 2017). This innovative 
system, designed with the end-user in mind, facilitates the planning and payment of trips, thereby 
delivering a tailored, dependable, and uninterrupted travel experience as highlighted by Hensher 
(2017). The genesis of MaaS can be traced back to 2012 in Gothenburg, Sweden, with the UbiGo 
initiative under the Go:Smart project setting a precedent (Karlsson et al., 2016), and has since seen 
a proliferation of MaaS projects across the globe. The 'Helsinki Model' exemplifies MaaS's potential, 
initially conceptualized by Heikkilä (2014) and later incarnated as the Whim app, with Table 9 
showcasing a range of MaaS platforms developed primarily in Europe, alongside ventures in the US 



                                                           

D4.1: Report on the relevant state of the art on Transport Management Modelling Page 27 of 78 

Copyright © 2023 by SYNCHROMODE 

 

and Australia. In light of MaaS's burgeoning potential, it has garnered the support of the European 
Commission, which is currently backing three key MaaS projects: MaaS4EU, IMOVE, and 
MyCorridor. 

2.4. Data Landscape 

Over the past few decades, there has been a consistent population shift from rural to urban areas, 
leading to higher densities in major cities. This rapid urbanization has introduced challenges closely 
tied to transportation and mobility, such as increased traffic congestion, pollution, and other 
environmental issues that need to be addressed. 
 
The escalating pressure on urban transportation systems has fostered significant transformations in 

mobility services, particularly the widespread implementation of New Mobility Services (NMS). The 

deployment of most of these NMS has been enabled by advancements in information and 

communication technologies (ICT) and a shift in citizen demands toward more personalized, user-

centric, and adaptable mobility services (Kamargianni et al., 2016; Shibayama & Emberger, 2020) 

 
The emergence of NMS has fundamentally reshaped the mobility landscape, particularly in urban 
settings, offering a diverse array of individualized mobility solutions. Many of these services offer 
convenient, flexible, and often cost-effective alternatives to personal vehicle ownership. The key 
developments and trends in NMS can be categorized as follows: 

• Shared Mobility (SM) Services: SM refers to transport services shared among users, usually 
enabled by digital platforms. These services have expanded rapidly following the surge in 
the “sharing economy” post the financial crisis of 2007–2008 (George & Julsrud, 2019), 
though they have been around for decades (Ploeger & Oldenziel, 2020). Key services within 
this category include: 

o App-based ride-hailing services: A form of shared mobility where users, through an 
app, can book rides on-demand from drivers who typically use their personal vehicles 
for the service. Ride-hailing services have seen significant growth since Uber's launch 
in 2009 (Noh et al., 2021). Historically, such data have been proprietary to the service 
operators and not broadly shared. However, there's been a growing recognition of 
the value of cooperating and sharing these data for municipal urban planning and 
scientific research. Initiatives like Uber Movement demonstrate a shift towards 
greater data sharing and collaboration between ride-hailing companies and public 
entities (Perlman & Roy, 2021; Wu, 2018). 

o Demand-responsive transport (DRT): DRT is defined as a “technology-enabled shared 
mobility service that has a flexible operating schedule and/or provides virtual stops 
and/or flexible routes” (Deka et al., 2023). Recent ICT deployments which allow for 
tracking of vehicles and demand and the incorporation of optimization algorithms on 
top of these data allow for more efficient DRT services. These services are currently 
used for rural areas or areas with a lower transport demand (Gorev et al., 2020), but 
there is further potential for environmentally sustainable demand responsive 
transport services through the adoption of electric and autonomous vehicles 
(Schlüter et al., 2021). 
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o Bikesharing, carsharing, scootersharing and others: these services provide users with 
access to vehicles (typically mechanical or low-emission vehicles) for short-term use. 
These vehicles may be located in docking stations/specific parking sports or as free-
floating around a city. Users can pick up a bike/car/scooter at one location and return 
it to another, making it ideal for short, one-way trips, often related to leisure 
purposes. Bikesharing and carsharing have its origins in the 1960s, although they 
have not gained widespread popularity until the 2010s. The ‘white-bike’ experience 
in 1965 in Amsterdam is typically regarded in the literature as the earliest bikesharing 
system (Ploeger & Oldenziel, 2020). Nowadays, most of these systems operate 
through apps. Each vehicle typically has a GPS locator for tracking, and for those 
without, the system records when vehicles are docked and undocked at stations. 
Thus, accurate demand data is automatically generated from these systems. 
Depending on the governance model and the operating entity, the data collected can 
sometimes be available to municipalities, offering insights for urban planning and 
mobility management. 

• MaaS (Mobility as a Service): MaaS refers to an integrated approach to provide various 
transportation services under a unified platform, offering a user-friendly, efficient way to 
plan, book, and pay for multiple types of transportation. This has proven to be challenging 
to implement in the past years due to several factors including technological feasibility, the 
need for designs adapted to user preferences, and the willingness of key stakeholders to 
collaborate (Jittrapirom et al., 2018); but it has the potential to be an innovative and 
effective solution to many urban transport problems. One of these issues is data availability, 
which MaaS has the potential to address by allowing for data from various providers to be 
accessible to transport and urban planners, potentially improving the overall transportation 
system (Cottrill, 2020). 

• Micromobility: recently there has been a proliferation of various low-emission vehicles 
designed to cover short to medium distances in cities, such as electric scooters or e-bikes 
(Abduljabbar et al., 2021). This surge can be understood as an answer to a demand for more 
flexible urban mobility solutions in urban scenarios. Technological advancements have 
played a crucial role in this evolution, with improvements in battery technology, GPS 
tracking, and mobile connectivity significantly enhancing the user experience. The 
proliferation of these devices increases the number of multimodal trips, underscoring the 
importance of comprehensive trip chain information to understand and model transport 
demand accurately. Furthermore, these services have created a need for data not only on 
household car ownership but also on the ownership or propensity to use these micromobility 
options. 

• CCAV (Cooperative, Connected, and Automated Vehicles): This category of NMS is in an 
earlier stage of implementation. It refers to vehicles equipped with driving automation 
technologies and advanced ICT that enables vehicle-to-vehicle (V2V) and vehicle-to-
transport infrastructure (V2I) connectivity. CCAVs aim to improve transportation systems by 
reducing human error (the leading cause of most traffic accidents), enhancing traffic flow, 
decreasing congestion, reducing emissions through optimized driving, and potentially 
transforming the entire concept of vehicle ownership and mobility. This is a research field 
that is currently being covered broadly in the scientific literature, having sparked innovative 
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concepts such as Platooning or Green Light Optimal Speed Advisory (GLOSA) (Bian et al., 
2019; Katsaros et al., 2011). Connected vehicles have the potential to generate an immense 
volume of data points that could be invaluable for transport modelling and planning, as well 
as for traffic management and accident prediction. 
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3. Travel Demand Models 
Demand for travel is particularly important for any model that tries to represent the transport 
system for the sake of management. Different levels of granularity and modelling are deployed 
which are briefly discussed in the following section. 

3.1. Data Needs 

Travel demand models aim to provide accurate estimations of transport demand under different 
scenarios for planning and management of transport systems. These models require reliable, 
precise, up-to-date data. If the data do not meet a basic level of accuracy and disaggregation, the 
model may never adequately forecast travel (“garbage-in garbage-out" principle). Thus, when 
building a model, it is key to allocate a significant effort to the processing and validation of input 
data, ensuring its quality for both the base year and the forecast years (Transportation Research 
Board et al., 2012) 
 
It may vary for different types of transport models, but data which is usually essential to build a 
reliable transport model may be classified into: (i) travel demand data, (ii) socioeconomic data and 
(iii) transportation networks data. 

3.1.1. Travel demand data 

To calibrate a transport model effectively, it's essential to understand how people move, at least 

under some specific conditions which may change in the future. This understanding is derived from 

travel demand data, which comprises: 

• Trip Origin-Destination (OD) Matrices: These matrices provide the most fundamental data, 
showing the number of trips between different zones within the study area. They help in 
understanding where people are traveling from and to. These matrices are traditionally 
sourced from travel surveys, which can provide detailed data on travel behavior, including 
mode choice, trip purpose, travel time, frequency, and preferences. 

• Trip volume counts: data on the number of vehicles, passengers or pedestrians at specific 
points of the transport network can be used to adjust and/or validate the transport model. 
This may include manual counts, data from automated sensors such as Automatic Traffic 
Recorder (ATR) counts, or ticketing data in the case of public transport.  

• Speed and Delay Data: Information on the typical speeds and delays on different parts of 
the network helps in understanding congestion levels and travel times. 

3.1.2. Socioeconomic data 

Socioeconomic data is typically sourced from official statistics or travel surveys. Both estimates for 

a base year and forecasts for future years are needed. Forecasts are usually derived from 

socioeconomic and population trends and land use projections, which may be supported by external 

land use models. 



                                                           

D4.1: Report on the relevant state of the art on Transport Management Modelling Page 31 of 78 

Copyright © 2023 by SYNCHROMODE 

 

 

Due to availability and sample size considerations, socioeconomic data is often accessible or 

generated at a Transport Analysis Zone (TAZ) level. These zones are generally defined as an 

aggregation of administrative census areas, aiming to find a balance between granularity and 

accuracy. Overly aggregated zones lack homogeneity in sociodemographic characteristics or land 

use, making it difficult to accurately forecast this data for future years and for the model to correctly 

work out the impact of these variables on travel demand. On the other hand, when zones are overly 

disaggregated, calculations of indicators at this level may yield inaccuracies, leading to unnecessarily 

increased model complexity and reduced performance. It is important to acknowledge that while 

increasing complexity helps diminish specification errors, it's also clear that with more challenging 

disaggregate measurements, there's likely to be an increase in data measurement errors (Ortúzar 

& Willumsen, 2011). 

3.1.3. Transportation networks data 

One of the main goals of the development of a travel demand model is to be able to forecast the 
traffic load in each link of the transport network. This is an important aid for transport planners to 
adopt efficient measures and policies for congestion alleviation, public transport planning, etc. 
 
In order to estimate the traffic load in each link of the network and/or provide a reliable estimation 
of travel demand, an accurate representation of the transportation system serving the study area 
shall be introduced to the model. Depending on the scale of the model (macroscopic, mesoscopic, 
microscopic), different levels of the network shall be represented, from less detailed (highways) to 
more detailed (local streets). Sometimes, a model may include bicycle or walk networks. 
 
For each link of the transport network, several variables can be introduced to a travel demand 
model. Some of the most important ones include link capacity, number of lanes, lane and shoulder 
widths, peak-hour factors, access control, intersection types, traffic count volume if available, etc. 
(Transportation Research Board et al., 2012). 
 
Models that take into consideration public transport and mode splits shall also consider more supply 
data concerning the transportation network, such as public transport stops, routes, schedules and 
capacities. 

3.2. Commonly used models for travel demand 

Transport demand modelling is the discipline that focuses on quantifying and predicting how people 
make choices about their habitual travel patterns and respond to changes in transportation 
networks and the surrounding environment (Mitchell and Rapkin 1954). It explores the factors that 
contribute to these decisions, such, as the availability of transportation alternatives, infrastructure, 
and social and economic influences. 

3.2.1. Theoretical Foundations 
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Traditionally, demand modelling was centred on the prediction of patterns within static 
environments, which were characterized by rigid schedules and established infrastructure. In the 
early stages, the emphasis was on forecasting demand in transportation networks influenced by 
preferences and beliefs that also remained unchanged. Consequently, numerous modelling 
frameworks were developed based on these assumptions that were largely inflexible (Ortuzar and 
Willumsen, 2011). This initial body of research, primarily concentrated on static contexts, formed 
the fundamental knowledge of mobility, and shaped our comprehension of travel behaviour up to 
the present day. 
 
However, to go beyond static frameworks and incorporate travel dynamics across different 
timeframes, it is crucial to establish a clear understanding of the facets of choice, their 
interconnections, and the specific time horizon of interest. With regards to long-term timeframes, 
behavioural dynamics are intricately linked to significant life events (Psarra et al., 2014). Changes in 
various factors related to households (e.g., family composition), individuals (e.g., workplace 
location), and the environment (e.g., the construction of a new shopping mall) give rise to evolving 
needs at both personal and household levels (Sharmeen et al., 2014). These needs form the 
overarching framework within which individuals make decisions in their daily lives, considering 
available resources such as car ownership and workplace location. 
 

 
 

Figure 2 Behavioural process of travel decision-making at different time horizons 

On the mid-term level, covering day-to-day activities, decisions are made across time and space, 
and encompass a range of interconnected choices such as activity generation, destination selection, 
activity duration, and mode of transportation. These choices are influenced by constraints arising 
from spatial and temporal factors (e.g., time windows), temporal considerations (e.g., sequencing 
of activities), institutional regulations (e.g., operating hours of shops), and resource availability 
(Timmermans et al., 2014). Consequently, decisions made at the long-term level exert a top-down 
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influence on day-to-day activities, while mid-term decisions continually inform and adapt to 
resource requirements and opportunities (Figure 2). 
 
At the within-day level, individuals often encounter constraints imposed by unexpected events. 
These unforeseen events can be categorized into two main types: exogenous factors, which stem 
from environmental uncertainties such as weather conditions and road closures, and endogenous 
factors, which result from dynamic changes in demand and other travellers’ choices, such as traffic 
congestion. When specific conditions arise, such as ineffective short-term rescheduling or repeated 
increases in travel time, individuals may reassess their choices based on their accumulated 
experience. As such, they may contemplate adjustments in their day-to-day routines or even 
consider long-term adaptations. Ultimately, individuals tend to converge toward a stable state 
(Garling et al., 2003) and develop a set of habitual day-to-day plans through the reinforcement of 
specific strategies. Therefore, the decision-making process involves the continuous adaptation of a 
tentative schedule in response to various events and evolving perceptions, ultimately leading to its 
actual execution. It becomes evident that within-day reassessment and day-to-day learning are 
interconnected processes driven by the updating of perceptions, and they should be studied in 
conjunction. 
 
An underlying concept in modelling the aforementioned phenomena is utility, that reflects the level 
of satisfaction or benefit individuals derive from their transportation decisions. It revolves around 
the principle that people make choices regarding their travel behaviour based on their personal 
preferences and requirements, with the goal of maximizing their overall well-being. Within this 
context, utility accounts for a multitude of factors including travel time, expenses, comfort, 
convenience, and latent individual preferences, all of which influence individuals in the formulation 
of their daily travel patterns. Transport demand models employ utility functions to quantify and 
forecast these choices, with the objective of gaining insights into how both individuals and larger 
groups make determinations about when, where, and how they undertake their journeys. By 
capturing the utility associated with different travel alternatives, these models aid urban planners 
and policymakers in forecasting travel demand and ultimately develop transportation systems that 
align with the desires and needs of the population. 
 
Expanding on these principles, numerous models in the field of travel demand, aim to simulate the 
decision-making processes of users within a static or dynamic environment. These models are 
referred to as behavioural models (Cascetta, 2013). The most prominent backing behavioural 
theory is the neoclassical theory which suggests that economic actors make decisions based on 
complete information and always strive to maximize their own utility or profit. This framework leads 
to markets where prices adjust quickly to information and any deviations, from equilibrium tend to 
correct themselves over time. Although it does not necessarily capture all the intricacies of human 
decision making, its convenient mathematical formulation and properties are suitable for covering 
a range of scenarios and applying several statistical analysis techniques. In recent years, the field of 
transport demand modelling has been evolving to include a broader range of theoretical 
perspectives. While neoclassical theory has long been a cornerstone in understanding travel 
behaviour, there's a growing interest in incorporating concepts like bounded rationality (Di et al., 
2016). This shift acknowledges that travellers often make decisions under constraints of limited 
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information and time, leading to choices that may not align with the projections of neoclassical 
theory. By integrating bounded rationality, transport models are becoming more adept at capturing 
the nuanced and sometimes imperfect decision-making processes of real-world travellers, offering 
a more comprehensive view of travel behaviour dynamics. 

3.2.2. Four-Step Model (FSM) 

Traditionally, travel demand models relied on regional assumptions, focusing on overall traffic flow 
rather than individual choices. The four-step model (FSM), a prominent tool in transport demand 
analysis and prediction, gained popularity for its straightforward, easy-to-understand structure, 
involving trip generation, distribution, mode choice, and assignment. Celebrated for its adaptability 
in various urban environments, as noted by McNally (2007), its use has been particularly widespread 
in North America. Advances in technology have enhanced FSM's capacity, allowing for detailed data 
integration and multi-modal transport considerations, as evidenced in recent studies like those by 
Park et al. (2020) and Boyce et al. (2015). The structure of the FSM is outlined in the following figure 
(Error! Reference source not found.). 
 

 
Figure 3: Four-Step Transport Model Structure (Ortuzar and Willumsen, 2011) 

We proceed with a brief outline of the main sequential steps of the FSM. 

• Step 1: Trip Generation 
The focus of trip generation is on understanding where and how many trips are generated within 
a given geographical area. This step typically relies on data related to households, population, 
and employment. Modellers analyse factors such as the number of people living in an area, the 
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number of jobs available, and other socio-economic variables. By examining these factors, one 
can estimate the total number of trips that originate from each zone within the study area. For 
instance, they might predict how many people commute to work, how many students travel to 
schools, or how many individuals make shopping trips. The output of this step is often depicted 
as a trip production table, which quantifies trip generation by purpose and zone. 

• Step 2: Trip Distribution 
In this phase, the generated trips are to be distributed within the study area. Factors like the 
attractiveness of destinations, travel time, and spatial constraints are considered. This step often 
involves creating a trip distribution model that quantifies the flow of trips from one zone to 
another. Various methods, such as gravity models or destination choice models, are used to 
estimate the number of trips between origin-destination pairs. By understanding how trips are 
distributed, planners can identify areas of high travel demand and plan for efficient 
transportation networks and infrastructure improvements to accommodate these flows. 

• Step 3: Modal Split 
The selection of a mode is contingent upon variables like travel duration, cost, ease of access, 
and latent personal preferences. To quantitatively assess mode choice, transport modellers 
have predominantly relied on discrete choice models. They represent a subset of econometric 
models, specifically designed to predict an individual's likelihood of choosing among discrete 
alternatives. Within the framework of the four-step model, discrete choice models are 
employed to estimate the probability distribution of different transportation modes based on 
the aforementioned variables. 

• Step 4: Traffic Assignment 
This step involves determining the exact paths that travellers will take, considering factors like 
traffic congestion and road capacity. In the broader context of the four-step model, the 
assignment phase builds upon the preceding steps—trip generation, trip distribution, and mode 
choice—by adding spatial and temporal dimensions to the forecasted travel demand. This 
integration allows for a more nuanced and realistic representation of how travellers interact 
with the transportation network. 

 
In the FSM, obtaining consistent values of variables affecting demand, like travel times, is 
challenging. Updated travel times may necessitate rerunning distribution and modal-split models, 
often leading to iterative recalibrations without achieving stable results at each assignment step. 
This issue highlights the risk of inaccurate planning decisions based on the performed recalibration 
feedback loops (Ortuzar and Willumsen 2011). 
 
The development of transportation systems required more sophisticated tools to understand and 
forecast complex traveller behaviour. The traditional four-step model (FSM) falls short in effectively 
capturing the interrelated nature of travel decisions. For example, integrating new transport 
options into the FSM's linear framework doesn't effectively align with the complexity of actual trip 
generation. Moreover, the FSM's reliance on zonal systems leads to generalized predictions, missing 
the finer details of individual or household travel patterns, particularly in light of modern societal 
shifts like the increase in remote work. 

3.2.3. Activity-Based Model (ABM) 



                                                           

D4.1: Report on the relevant state of the art on Transport Management Modelling Page 36 of 78 

Copyright © 2023 by SYNCHROMODE 

 

Research on transport demand modelling has shown significant progress since the 1970s, when the 
introduction of activity-based models (ABMs) shifted the interest on the individuals' travel 
behaviour, in contrast to classic trip-based approaches of demand modelling (Rasouli and 
Timmermans, 2014). ABMs improved on behavioural realism and integrity, allowing for the agent-
based representation of daily travel patterns, determined by sociodemographic, household, built 
environment and travel policy factors (Etminani et al., 2015). By focusing on the activities people 
perform daily, they encapsulate the idea that travel isn't just about movement but is intrinsically 
tied to the activities individuals engage in, thereby leading to a series of interconnected trips over 
space and time. Several structures have been proposed for developing a robust ABM system, 
typically including models from the following stages with varying interactions. 

• Long-Term Household Choices: These choices encompass decisions that have a prolonged 
effect on an individual's travel behaviour. Such choices are not made on a daily basis but 
have a significant impact on routine travel patterns. Examples include selecting a place of 
residence, choosing a workplace location, and deciding on the number and types of vehicles 
to own. These choices set the framework for an individual's daily mobility options and 
constraints. 

• Mobility Tool Ownership: This stage focuses on the availability and accessibility of various 
transportation means for individuals or households. It includes decisions related to obtaining 
a driver's license, which directly affects an individual's ability to drive, the choice of 
purchasing or using a bicycle, and decisions about acquiring transit passes, which influence 
the likelihood of using public transportation. 

• Daily Activity Patterns: In this stage, the model captures the day-to-day activity choices of 
individuals. It determines the set of activities that people engage in, such as work, education, 
shopping, or leisure. This component also considers the order in which these activities are 
undertaken and their general timing throughout the day, thereby structuring the framework 
for subsequent travel decisions. 

• Tour and Trip Details: The stage delves into the specifics of each tour or trip that stems from 
the day's activities. It involves choosing the transportation mode for each trip, the sequence 
of stops or destinations within a tour, and the specific timing of each trip. This component is 
crucial for understanding the detailed travel dynamics associated with daily activities. 

• Trip Assignment: The final stage involves mapping the simulated trips onto the actual 
transportation network. This process entails determining the specific routes travellers take, 
considering current traffic conditions, the characteristics of different routes, and overall 
travel times. It's a critical step in understanding how travel demand interacts with 
transportation infrastructure. 

 
Each stage in this framework is constructed on top of the preceding ones, guaranteeing that 
decisions taken at every stage align with those made previously. This tiered arrangement, 
emphasizing the commonly referred principle of "downward integrity," makes certain that the 
model precisely captures the intricate interactions of diverse elements that affect daily travel 
patterns (Castiglione et al., 2015). The following figure (Figure 6) presents a complete ABM system 
structure. 
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Figure 4: Example of an ABM-based system (Ortuzar and Willumsen, 2011) 

Over the years, ABMs have been successfully applied in urban planning and policy making. Several 
regions have utilized ABMs to forecast how novel infrastructure projects or urban developments 
would affect transportation patterns (Tajaddini et al., 2020). Their capability of untangling complex 
actions allows for more informed insights when evaluating and simulating transportation 
interventions (Sfhiftan and Ben-Akiva, 2011). 
 
For instance, ABMs have allowed for the assessment of impacts related to congestion charges 
(Baghestani et al., 2020) or road pricing (Khademi and Timmermans, 2011). Notably, Wang et al. 
(2022) applied an integrated activity-based and microsimulation model to forecast demand 
considering telecommuting and the COVID-19 pandemic. Thus, ABMs are particularly useful when 
there is a need to assess mobility strategies and evaluate behavioural reactions to a given policy 
(Zhou et al., 2023). 
 
The environmental ramifications of transportation cannot be ignored either, an area that ABMs 
have also showcased contributions. Through the disaggregate analysis of travel patterns, these 
models have facilitated a detailed analysis of aspects like emissions and energy consumption 
(Hatzopoulou et al., 2010). On the technological front, ABMs are benefiting from the integration of 
real-time data and mobile technology, with ongoing research exploring how mobile devices and 
real-time GPS data can enhance the precision and granularity of these models (Jiang et al., 2017). 
Naturally, discussions surrounding data privacy concerns in the context of data collection have been 
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initiated by Anda et al. (2017), highlighting the importance of establishing secure mechanisms to 
support a functional ‘data mining’ ecosystem. 
 
Despite their numerous advantages, ABMs do pose challenges. Implementing an ABM necessitates 
access to extensive data capturing detailed schedules, travel diaries, interhousehold interactions, 
spatial activity distributions, and more. The inherent complexity of ABMs, both in terms of 
conceptualization and implementation, adds intricacy to the calibration and validation processes 
(Moeckel et al., 2020). Naturally, it also underscores the computational intensity and model 
complexity associated with applying ABMs to larger urban areas. 

3.3. Emerging demand representations 

Traditionally, travel demand models have relied on manual travel survey data for transport demand 
representation. These surveys may be conducted at the household level, at transport stations, by 
relevant transport links or on board of public transport services. They provide socio-demographic 
characteristics and travel patterns of respondents, which may be elevated to the total population 
by means of ground truth data from population censuses, traffic counts or ticketing systems. This 
process has been used on countless occasions in the field of transport modelling to obtain an 
estimation of the total transport demand within the specific study area under analysis. 
 
Nevertheless, the travel survey process is costly and time-consuming, and respondent sample sizes 
are usually relatively low (Iliashenko et al., 2021). In addition, it has been known since decades ago 
that generally respondents do not accurately report their activity-trip diaries in travel surveys, as 
they tend to understate the number of trips performed, usually forgetting about those not related 
with work and/or studies (Clarke et al., 1981). This leads to costly, often inaccurate data, for which 
there used to be no alternative. 
 
But recently, and thanks to ICT and Big Data technologies, new data sources are increasingly 
available. Among them, mobile phone geolocated data from mobile network operators, GPS data 
from smartphone app aggregators, transport smart card data, data from shared mobility services, 
data from other mobility-related services, and soon CCAM data hold great potential to enrich travel 
demand data for transport models. The opportunities brought by these new data sources call for a 
multidisciplinary collaboration between transport modellers and data scientists (Anda et al., 2017) 
to take full advantage of them. A brief summary of each of these innovative data sources is outlined 
below: 

• Mobile phone geolocated data from mobile network operators: Data derived from mobile 
phone networks facilitate the acquisition of high-quality origin-destination matrices for all 
trips within a specific study area, encompassing both public transport and other modes. 
These datasets, characterized by their extensive and well-distributed samples, offer 
sufficient spatial and temporal precision to detail the initial and final points of journeys. 
Consequently, they are exceedingly valuable for a comprehensive understanding of mobility 
patterns across the region (Lenormand et al., 2014) or for medium and long-distance 
transport studies (García-Albertos et al., 2020). Nonetheless, a notable limitation of this data 
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is its inability to accurately identify the transport mode for short urban journeys (Huang et 
al., 2019). An alternative data source for this insight could be GPS data from apps. 

• GPS data from smartphone app aggregators: these data are purchased and compiled from 
various app owners by third-party entities and include a GPS trace of the user's location. 
They provide superior spatial accuracy compared to traditional mobile phone data. 
However, currently, the drawbacks of mobile application data, including smaller sample 
sizes, user profile biases, and less granular temporal resolution, generally render them less 
effective than mobile phone data for producing reliable origin-destination matrices 
(Lenormand et al., 2014). 

• Transport smart card data: data from public transport's smart payment systems offers a 
plenty of useful information. This data includes details on the day and time users access the 
public transport system, as well as the specific station, stop, and/or vehicle used for their 
journey. Data from public transport smart cards are particularly valuable. Effectively utilizing 
these data can enable the estimation of the sequence of public transport stages users 
undergo. This, in turn, facilitates the acquisition of various demand indicators, such as origin-
destination matrices between the system's stops/stations, transfers, travel times, waiting 
times, and vehicle occupancy levels (Pelletier et al., 2011). However, it's crucial to 
acknowledge that these data are limited to interactions within the public transport system 
and do not encompass the actual start and end points of the travellers' journeys. 

• Data from shared mobility and other mobility services: these data encompass both 
traditional services, such as taxis, and various emerging mobility forms, including ride-
hailing, shared mobility services, and demand-responsive transport. These data provide 
insights into the number and location of vehicles, as well as the trips undertaken within these 
systems (origin, destination, time, route, usage frequency, etc.). This enables the 
characterization of demand for different types of services that are expected to increasingly 
influence urban mobility in the coming years (Burrieza Galán, n.d.). 

• Geolocated data from other mobility-related services: driving navigators and traffic 
information services (Waze, TomTom, etc.) or journey planners and MaaS applications 
(Moovit, Citymapper, etc.), are particularly suitable for gathering information on aspects like 
travel times and incidents in the transport network. Other alternatives such as specific apps 
designed for long-term smartphone-based panel surveys can yield rich information too 
(Geurs et al., 2015). While these data have been used to estimate origin-destination 
matrices, current applications face limitations due to sample size and potential biases. It is 
anticipated that, in the coming years, the widespread adoption of connected and 
autonomous vehicles will provide higher quality data for constructing more accurate origin-
destination matrices for private vehicle trips. 

• Data from external sensors and Internet of Things (IoT): Sensors have been employed to 
detect flows of individuals and/or vehicles in specific areas since decades ago. Automatic 
traffic counts are widely used as a means to gauge road usage and congestion levels. 
Recently, the integration of advanced technologies such as Bluetooth, speed detection 
devices, and cameras (Thakurzx et al., 2012) has enhanced the scope of this field. These 
modern tools provide more granular, complete and real-time data, allowing for a more 
nuanced understanding of traffic patterns and behaviours. Technologies like Bluetooth 
sensors and License Plate Recognition (LPR) cameras can track recurrent routes or sequences 
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of a single vehicle through various checkpoints. Furthermore, image recognition software 
applied to video feeds can provide detailed counts of vehicles by type, speeds, and assess 
queue lengths at intersections, among other metrics. Such rich datasets are invaluable for 
informing transportation planning, traffic management, and infrastructure development. 

• Data from Cooperative, Connected, and Autonomous Vehicles (CCAV): CCAVs continuously 
generate data necessary for optimal interaction with other vehicles and transport 
infrastructure. This data is particularly valuable for insights into congestion, speed, and 
accidents (Alam & Georgakis, 2022), as well as for the real-time detection of incidents and 
simulation using live information. Additionally, accurate details regarding origin, destination, 
travel times, and route choices can be extracted from this data, which are especially valuable 
for transport demand models. As CCAV become more prevalent, the volume and variety of 
data available will expand, offering new and improved ways to understand and plan 
transportation systems. However, realizing these opportunities will require addressing 
challenges related to data privacy, security, standardization, and integration with existing 
systems and models. 

3.4. Disruptions and altered demand patterns 

In the evolving landscape of urban mobility, travel demand models continuously face challenges due 
to unforeseen disruptions and resultant changes in societal behaviours. As discussed in earlier 
sections, these models are critical for understanding and predicting transportation needs. However, 
their effectiveness hinges on the ability to adapt to dynamic conditions that lead to significant 
alterations in travel patterns. These disruptions, varying in nature and duration, can lead to short- 
or long-lasting changes in how and when people travel. Understanding the different types of 
disruptions and their temporal effects is crucial for accurately modelling travel demand. 
 
In this regard, disruptions can be categorized into two primary types: planned and unplanned (Zhu 
& Levinson, 2010), (Zhu & Levinson, 2008). Planned disruptions are those that are anticipated and 
scheduled in advance. They are typically associated with infrastructure development, maintenance 
activities, or organized events (Karlaftis et al., 2006), (S.-C. Lo & Hall, 2006). These disruptions, 
though impactful, offer the advantage of predictability, allowing for proactive planning and 
mitigation strategies. On the other hand, unplanned disruptions occur without warning and can 
have immediate and significant effects on travel patterns. These include natural disasters like 
earthquakes and floods, sudden severe weather events (e.g. sudden snowstorms or rainstorms), 
and unexpected incidents such as major accidents. The abrupt nature of these disruptions presents 
a unique challenge, as they require rapid response and adaptability in travel demand modelling to 
effectively manage their immediate and often widespread impact on transportation networks. 
 
Moreover, in urban mobility and transportation planning, disruptions can be systematically 
categorized based on their origin into several distinct types: natural and environmental, societal and 
economic, technological, and policy and regulatory changes. Natural and environmental disruptions 
encompass events such as earthquakes, floods, and severe weather conditions (Shen & Aydin, 
2014), (Pregnolato et al., 2017), (Koetse & Rietveld, 2009). Societal and economic disruptions 
include changes in demographics, economic shifts, and major social events (Exel & Rietveld, 2001), 
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(Exel & Rietveld, 2009), (Chatterjee & Lyons, 2017). Technological disruptions are brought about by 
advancements in transportation technology, such as the emergence of autonomous vehicles 
(Skeete, 2018) (Sprei, 2018) or the widespread adoption of electric mobility (Sprei, 2018). Finally, 
policy and regulatory changes include new traffic regulations, congestion pricing, or the 
introduction of low-emission zones (Palma & Lindsey, 2011), (Marsden & Docherty, 2013). Each of 
these categories represents unique challenges and necessitates specific considerations in travel 
demand modelling to accurately reflect the altered dynamics of transportation networks. 
 
Besides the different types of disruptions that have been already identified, these can also be 
categorized based on their impacts and the time horizon of them (Kuncheria et al., 2023). 
Specifically, the impacts of the disruptions could be either characterized as short- or long-term. 
Short-term impacts, such as those from sudden natural events or infrastructure failures, lead to 
immediate and often reactive changes in travel patterns (Kuncheria et al., 2023). These immediate 
effects can result in mode shifts, where commuters might temporarily switch from private cars to 
alternative modes like public transportation, cycling, or walking, depending on the nature and scale 
of the disruption. Conversely, long-term impacts arise from gradual developments like technological 
advancements or policy shifts, progressively altering travel behaviours and demands over time 
(Kuncheria et al., 2023). These longer-term disruptions can lead to more enduring changes in travel 
patterns, such as shifts in peak travel hours, alterations in preferred route choices, and variations in 
trip frequencies as people adapt to new transportation norms and policies. In addition, disruptions 
from more transient events, such as traffic accidents or strikes, cause even more immediate 
impacts, forcing changes like adopting alternative routes or switching travel modes. The wide 
spectrum of these disruptions underscores the complexity and the necessity for travel demand 
models to be adaptable and responsive, accommodating both the short-term adjustments and the 
long-term evolution in urban mobility. 
 
The table below (Table 2) presents a categorization of the previously discussed disruption types, 
detailing their causality, origin, and time horizon. Additionally, practical examples are provided to 
illustrate the real-world implications of each type of disruption. 
 

Table 2: Categorization of Road Network Disruption Events by Origin, Time Horizon, and Examples 

Causality Origin Time Horizon Practical Example 

Unplanned Natural and environmental Short-term Sudden rainstorm 

Unplanned Traffic accidents/ Strikes Short-term Road closure from an accident 

Unplanned Societal and economic Long -term Economic crisis 

Unplanned Technological Long-term Use of autonomous vehicles 

Planned Policy and regulatory changes Long-term 
Implementation of low-

emission zones 

Planned Infrastructure development Long-term 
Planned road closure for 

construction 

Planned 
Maintenance activities/ 

organized events 
Short-term/ 
Long-term 

Planned sport event 
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After a network disruption event, a critical question emerges: How does the disruption affect traffic 
demand patterns, and what are the behavioural responses to it? The impact on traffic demand 
varies depending on the nature and scale of the disruption (Zhu & Levinson, 2008). For instance, a 
sudden, unplanned event like a major accident may cause immediate, although temporary, 
increases in congestion both on affected route as well as on alternative routes. On the other hand, 
a long-term planned disruption such as road construction could lead to a more sustained shift in 
traffic patterns. 
 
Upon the occurrence of a network disruption event, travellers are compelled to reassess and adjust 
their travel behaviour. This adjustment is influenced by their personal experiences and the 
information they receive from various sources, such as navigation systems, Variable Message Signs 
(VMS) along their route C-ITS services (e.g., in-vehicle signage service), radio announcements, and 
other media. The literature identifies several typical behavioural adaptations in response to such 
disruptions (Zhu & Levinson, 2012): 

• Route Changes: Travelers may alter their usual routes to avoid the disrupted area, seeking 
alternative paths to their destinations. 

• Travel Time Adjustments: Many choose to adjust their travel times, either leaving earlier or 
later, to evade peak congestion times exacerbated by the disruption. 

• Alternative Destination Choices: Some might opt to satisfy their needs at alternative 
locations instead of their regular destinations, especially if the disruption significantly affects 
their usual choices. 

• Trip Optimization: There is a tendency to organize trips more efficiently - traveling less 
frequently but combining multiple purposes into each trip to reduce the need for travel. 

• Mode Shifting: Disruptions often lead to a shift in transportation modes. For instance, 
individuals might switch from using a car to walking or taking the metro, depending on the 
nature of the disruption and available options. 

• Redistribution of Travel Responsibilities: Family members might share or redistribute travel 
duties, such as by alternating who drives or by combining errands. 

• Residential or Workplace Adjustments: In cases of prolonged or severe disruptions, some 
individuals may consider adjusting their residential or work locations to minimize the impact 
of travel disruptions on their daily lives. 

• Psychological and Sociological Influences: Relying on habitual routes or following social 
peers due to stress and uncertainty, with potential for these adjustments to become long-
term changes in travel behaviour, especially in the face of frequent or lasting disruptions. 

 
Following a network disruption, traffic patterns typically undergo a transient phase before settling 
into a new equilibrium. This period is characterized by significant deviations from the norm, often 
not captured by standard/ traditional planning models. These models are utilizing the User 
Equilibrium (UE) concept as presented by Wardrop in 1952, where travellers make their route choice 
by selecting this route or path with the lowest generalized travel cost (Wardrop & Whitehead, 1952). 
In other words, under the UE concept it is assumed that the journey times in all alternative routes 
or paths actually used are equal (Zhu & Levinson, 2012). For instance, studies have observed that 
after an initial disruption, such as road construction or a major accident, there is often an 'over-
reaction' by commuters, resulting in heightened congestion and shifting in route choices (Clegg, 
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2007). This is followed by a gradual 'settling down' as commuters adapt to the new conditions and 
establish alternative patterns. This phenomenon was notably observed in a study of traffic in York, 
England, where license plate data was used to analyse changes in traffic flow during road 
construction (Clegg, 2007). For this reason, a variety of different equilibrium models have been 
proposed and developed according to the literature. These models include: a Stochastic User 
Equilibrium (SUE) (Daganzo & Sheffi, 1977; Sheffi & Powell, 1982), a Probabilistic UE (H. K. Lo et al., 
2006), a late arrival penalized UE (LAPUE) (Watling, 2006), mean-excess traffic equilibrium (METE) 
(Chen et al., 2011; Chen & Zhou, 2010), stochastic bicriterion user-optimal (Dial, 1996), bi-objective 
UE (BUE) (Wang & Ehrgott, 2013), and boundedly rational user equilibrium (BRUE) (Lou et al., 2010). 
The common assumption among these models is that route costs are expanded with an additional 
term due to driver perception error. More information about some of the above-mentioned models 
is available in section 4.3 of this deliverable. 
 
During the transient phases, the accumulated experience of travellers can lead to lasting changes in 
travel behaviour. Research has shown that new patterns, once established during such disruptions, 
can become habitual (Exel & Rietveld, 2001). Similarly, studies on road capacity reductions have 
demonstrated that changes in travel behaviour are more influenced by recent experiences rather 
than past habits, suggesting a shift in decision-making dynamics. 
 
The challenge lies in accurately capturing and understanding these day-to-day dynamics and 
behavioural changes. In familiar environments, travellers’ route choices tend to be stable, governed 
by habit and routine. Disruptions, however, can challenge these routines, leading to a period of 
adaptation and re-evaluation of travel choices. To understand the evolution of these traffic 
dynamics on a day-to-day basis, dynamical systems have been proposed (Friesz et al., 1994; Smith, 
1984). Moreover, the day-to-day traffic dynamics model has also been tested both in a simulation 
(Mahmassani & Chang, 1986) as well as by utilizing empirical data (Cascetta, 1989). 
 
Finally, the later models, only focus on the evolution of traffic dynamics on a network without being 
able to capture changes or disruptions in it. This is solved by He and Liu, as they proposed a day-to-
day prediction-correction model to describe traffic dynamic evolution enclosing unexpected 
network topology changes (He & Liu, 2012). 
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4. Transport Network Models 
Supply for travel is particularly important for any model that tries to represent the transport system 
for the sake of management. Different levels of granularity and modelling are deployed which are 
briefly discussed in the following section. 

4.1. Data requirements and network representation 

The most used approach to model a traffic network is by means of a graph that consists of nodes 
and links (or sections). A graph is an abstraction of the physical road network. Nodes are those 
points that represent the convergence or divergence of traffic streams, such as intersections, 
roundabouts, on/off ramps, etc. Links are those segments that connect such nodes and represent 
the physical infrastructure, that is the road between intersections. Transport demand can also be 
modelled in different ways, but the most used approach is to represent the aggregated demand as 
an Origin-Destination (OD) matrix. These origins and destinations are usually modelled as 
“centroids” in the network, which are also known as sources or sinks of trips. Each centroid covers 
all trips that are generated/attracted from/to a specific transport zone. The size of each traffic zone 
can vary depending on the requirements of the model. Vehicles are loaded into the network through 
“dummy links” or also called “connections”, whose role is to connect physically centroids to the 
road network graph.  
 
Most modelling approaches are based on an object-entity approach in which each object is 
characterised by attributes. In this case, an entity can be a link, which represents a road segment, 
and its attributes are those features that describe the characteristics of the entity, such as link 
capacity, number of lanes, jam density, speed limit, road type, etc. However, depending on the 
model objectives and the type of analysis, a more detailed network representation must be needed. 
In this case, additional attributes may need to be added such as lane width, turning radius, variable 
message panels, etc. 
 
Note that in order to execute path computation algorithms (route algorithms), the network 
representation of road sections and intersections are inappropriate. These algorithms require a link-
node representation which explicitly accounts for turn movements at the end of each section. 
Therefore, the link that connects two nodes used in route algorithms contains both a road section 
and a turn movement. To convert one network representation to the other, each road section is 
split into the same number of links as there are turn movements at the end of the section. In this 
sense, each link can be assigned a cost of traversal that includes the cost assigned to the turn. The 
following figure shows an example of a traffic network composed of sections, junctions, and joins. 
The corresponding network representation used by the route algorithms is shown below (Figure 5). 
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Figure 5: Road network representation. The first image shows a real traffic network composed of sections, junctions, and joins. The 

image below is the corresponding network representation composed of nodes and links. Source: Aimsun (2023) 

 
The data required to build a transport network model depends on the type of modelling approach 
that is intended to use on each Case Study. For instance, microscopic models, which is described 
more in detail in Section “Simulation models” and simulate the individual movement of vehicles, 
typically require the most data due to their need to model individual behaviours in details. 
Mesoscopic models may require slightly fewer data depending on the simplifications made in the 
behavioural models. And macroscopic models require even less data as traffic behaviour is usually 
characterized by average speeds, densities, and flow rates. Hence, depending on the resolution of 
your model you might need to consider more/less data. 
 
Traditionally, the data necessary to build a network model is classified as: (1) supply data, that 
includes all information related to the infrastructure; and (2) demand data, which considers the 
number of trips between an origin and a destination place. Other type of additional data may also 
be required for the calibration and validation process. This data can include information about the 
type of vehicles, drivers’ behaviour, and external traffic datasets. The following table (Table 3: 
Overview of potential data required for building a network modelTable 3) provides an example of 
the type of data that might be required for building a network model in any of the case studies. 
 

Table 3: Overview of potential data required for building a network model 

Data category Data sub-
category 

Data items 

Network geometry Road geometry 
elements 

▪ Road/section shape, length, curvature, and slope 
▪ Road category 
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▪ Number of lanes on each section 
▪ Purpose of lane (general traffic, HOV vehicles, 

managed lane, etc.) 
▪ Allowed turnings directions at the node. 
▪ Lane utilization: turnings from lane to lane (through 

lane, left-turn lane, etc.) 
▪ Pedestrian crossings 
▪ Placement of traffic signs along roadway links 
▪ Node/intersection layout 

Basic functional 
parameters 

▪ Section maximum speed 
▪ Section Capacity 
▪ Section user defined costs 
▪ Turn maximum speed 

Traffic monitoring ▪ Location and type of traffic sensors for monitoring 
traffic performance 

Traffic control Intersection 
control 

▪ Type of intersection control (stop sign, yield sign, 
traffic signals) 

▪ Type of traffic signal control (fixed time, actuated, 
traffic responsive) 

▪ Signal timing plan (start time, cycle length, yellow, 
phases, green) 

▪ Arterial signal coordination plan (offset relative to 
other control plans) 

▪ Data interchange interface for actuated and 
adaptive control plans 

Ramp metering ▪ Type of ramp meter 
▪ Metering plan 
▪ Location of traffic sensors 

Demand Vehicle fleet 
characteristics 

▪ Vehicle mix 
▪ Truck percentages and/or volumes 
▪ Vehicle occupancy 

Traffic zones ▪ Zone boundaries 
▪ Centroids and connectors 

Travel patterns ▪ OD flow matrices 
▪ Network entry flows, if OD matrices are not used 
▪ Mode shares (only if for models including transit or 

non-vehicle modes) 

Freeway traffic 
patterns 

▪ Freeway mainline counts 
▪ Freeway ramp volumes 

Arterial traffic 
patterns 

▪ Link counts along major arterial segments 
▪ Intersection turning counts 

Transit operations Public transport 
data 

▪ Transit routes (ideally GNSS based, GTFS file) 
▪ Stop locations 
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▪ PT Service schedules and headways (including stop-
time mean and 

▪ deviation) 
▪ Fleet size and composition 
▪ Signal priority scheme 

Network 
performance1 

Traffic state and 
behaviour 

▪ Volume, speed and occupancy data from mainline 
loop detector stations, onramps, off-ramps, tube 
counts 

▪ Travel times along major arterial segments 

Bottlenecks ▪ Time bottleneck stations 
▪ Location and extent 
▪ Cause of bottleneck 

4.2. Simulation Models 

Simulation is defined by May (1990) as a numerical technique for conducting experiments on a 
digital computer and involves mathematical models that describe the behavior of the system. With 
the advancement in computing and communication technologies, simulation has become one of 
the alternatives to model complex systems, compared to the traditional analytical models. Thus 
simulation-based approaches constitute an effective technique that mimics the real-world systems. 
Simulation in the transport world is vital because it can study models and detailed relations that 
would be too complicated for analytical or numerical treatment. In this sense, traffic simulation 
models represent the mathematical modelling of transportation system through application of 
computer software to better support planning, design and management and control of 
transportation systems. These models can also produce attractive visual demonstrations of present 
and future scenarios. 
 
In section 4.1, two major components and data requirements of the transportation system have 
been described: the demand side and the supply side. But, to complete the modelling 
representation, the interaction between the demand and supply must be considered. In other 
words, travellers travel along the available routes through the network from origin to destinations. 
This implies the modelling of how travellers choose their routes through the network. This process 
of determining how demand is loaded onto the network is known as “traffic assignment”. These 
models determine the flow on each link and capture the interaction between demand and supply. 
The process of how traffic flows propagate with time through the network along the selected paths 
is known as “network loading”. 
 
The following sections are organised as follows: the first part describes more in detail traffic 
assignment models, the network loading and route choice behaviour. Then the second part focusses 

 
 
 
1 Note that data should be collected for all critical time period being studied, e.g. AM peak, Midday peak, PM peak, 
event-based. 
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on new developments and how new mobility concepts, such as connected and autonomous 
vehicles, e-scooters, e-bikes, demand-responsive transport and multimodality in general are 
modelled in a simulation environment. 

4.2.1. Analytical Traffic assignment models 

Traffic assignment models study the interaction between supply and demand. The idea behind this 
interaction is that travellers travel from an origin to a destination in the network using the available 
routes that connect both places. This implies how travellers select their routes through the network. 
The modelling hypothesis of this process is based on the concept of user equilibrium, which assumes 
that travellers try to minimise their individual travel times. This was initially formulated by Wardrop 
in his first principle (Wardrop, 1952): The journey times on all the routes actually used are equal, 
and less than those which would be experienced by a single vehicle on any unused route. In this 
sense, the user equilibrium is reached when no traveller can reduce his/her travel cost by 
unilaterally switching to another route. Traffic assignment models based on Wardrop’s principle are 
known as user equilibrium models (Florian and Hearn 1995; Sheffi 1985). 
 
The overall “equilibrium” structure is shown in (Figure 6). Traffic assignment models consist of a 
route choice sub-model that determines path flows and a network loading model that propagates 
these path flows through the network obtaining travel costs.  
 

 
Figure 6: Conceptual approach to the interaction between network loading and route choice in a simulation model 
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Traffic assignment models can be classified as static and dynamic. Static traffic assignment models 
(STA) assume that the OD demand is uniformly distributed over time (Jayakrishnan et al, 1995). This 
method cannot describe time dependent demand and dynamic flow characteristics. However, this 
method is the most widely preferred tool for the strategic transportation planning due to its low 
computational costs (Saw et al, 2015). There are several static traffic assignment models: All or 
Nothing, Stochastic Traffic Assignment, Capacity Restrained Assignment, Incremental Assignment, 
User Equilibrium assignment and System Optimum assignment (Saw et al, 2015).  
 
Traffic congestion is widely dynamic in nature and therefore a dynamic assignment model is 
required. In this sense, dynamic traffic assignment models (DTA) are the only choice to describe 
the dynamic characteristics of the transport network. It estimates the evolution and propagation of 
traffic congestion through detailed models that capture travel demand, network supply and their 
complex interactions. DTA modelling approach can describe time-dependent dynamics of traffic and 
replicate the interactions between travellers’ choices (route and departure time) and the traffic 
network state. 
 
DTA models can also be classified into two categories: analytical-based models and simulation-

based models (Peeta and Ziliaskopoulous, 2001; Saw et al., 2015). Simulation-based models use a 

traffic simulator to mimic the dynamics of traffic flow and their interactions. Simulation provides a 

tool for modelling complex dynamic phenomena and therefore overcome the challenges that are 

associated with the employment of analytical models (Mitsakis et al, 2011). 

4.2.2. Network loading 

The network loading focuses on how traffic propagates inside a road network, thereby influencing 
the performance of the network in terms of travel time. This is also called traffic flow model. 
Depending on the level of detail with the representation of traffic, and the modeler’s purposes, 
network loading models are classified into four categories: (1) macroscopic, (2) mesoscopic, (3) 
microscopic and (4) hybrid. A more detailed description of these models is included in this section. 
The most appropriate simulation model is the one that is able to response to the needs of the faced 
scenarios and therefore it has to be selected accordingly. 
 
The following (Figure 7) shows a taxonomy of today’s traffic simulation models, including both 
commercial and open source, depending on the network loading models they use. All these 
traditional traffic simulation tools are based on DTA modelling approach (route choice analysis and 
network loading in traffic networks). 
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Figure 7: A taxonomy of traffic simulation models with corresponding network loading models 

4.2.2.1. Macroscopic modelling of traffic flows 

Macroscopic models represent traffic behavior in an aggregate way and describe traffic interactions 
at a low level of detail. It is based on the continuum traffic flow theory which consider the 
relationship between flow, speed, and density. These models analyze the average behavior of a link 
(Lighthill and Whitham, 1955; Lebacque et al., 2007). Macroscopic models are mainly designed for 
traffic simulation on large-scale road networks, simulating aggregated behaviors by measuring flow, 
density, or speed. 
 
One of the first macroscopic models was developed by Lighthill and Whitham (1955) and Richards 
(1956), which is commonly referred to as the LWR model. This model assumes that traffic flow 
depends only on traffic density, which is described by the flow-density relationship. Normally the 
simplest (first order) approach employs three equations: a dynamic equation for the evolution of 
average density 𝜌 (conservation of vehicles), an equilibrium relation to compute the flow 𝑞 (or 
speed 𝑢) from density (the fundamental diagram) and the continuity equation 𝑞 = 𝜌. 
 
Later, Payne (1971) and Whitham (1974) proposed a second traffic flow model, also known as 
Payne-Whitham PW model, that incorporates traffic velocity dynamics. Several extensions 
(Papageorgiou et al. 1990) contributed to an accuracy improvement of Payne’s model. Most of these 
extensions include a relaxation term that represents the traffic flow tendency to adjust speeds 
prescribed by the fundamental relation due to changes in free-flow speeds along the roadway. 
 
The concept of Macroscopic Fundamental Diagram (MFD) was first introduced by Godfrey (1969), 
Herman and Prigogine (1979) and Mahmassani et al. (1984) and popularized since 2007 by Daganzo 
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and Geroliminis (Daganzo, 2007; Geroliminis and Daganzo, 2008; Geroliminis and Sun 2011; 
Geroliminis and Boyaci, 2012). It provides insights on traffic flow at a macroscopic level and defines 
relationship between space-mean flow, average density and average speed on urban networks. 

4.2.2.2. Microscopic modelling of traffic flows 

Microscopic models describe traffic at a level of detail of individual vehicles and their interactions. 
It is based on the motion of each individual vehicle, which incorporates actions such as acceleration, 
decelerations, and lane changes in response to the surrounding traffic (Lárraga and Alvarez-Icaza, 
2010; Saifuzzamen and Zheng, 2014). Thus, the behavior of a vehicle is determined by the following 
models: car-following models, lane-changing models and gap acceptance models, which play a 
critical role in the performance of simulation results (Ben-Akiva et al, 2009; Bevrani & Chung, 2012). 
 
Car-following models describe the longitudinal traffic behavior using two microscopic variables: 
distance-headway and distance gap. A comprehensive review on the state-of-the-art in car-
following models is available in Brackstone and McDonald (1999) and Saifuzzamen and Zheng 
(2014). Lane-changing models describe lateral traffic behavior. The basic structure of these models 
treated lane selection as a rule-based process, where the set of lanes were repetitively evaluated 
based on different rules prioritized through a deterministic sequence (Gipps, 1986). The lane-
changing execution process is typically modelled as a sequence of several decision-making steps 
such as the desire to change the current lane, the selection of the target lane, the feasibility of the 
change and the decision to change lane based on gap acceptance. In this case, gap acceptance 
models are typically modelled as a binary choice process, in which a driver compares the available 
adjacent gap with a critical threshold, also known as critical gap (Herman and Weiss 1961; Drew et 
al. 1967; Miller 1974). 
 
All microscopic models depend on a number of parameters that mimic the way in which drivers 
adjust their driving to that of the leader vehicle. Having an increasing number of parameters could 
in theory replicate better the behaviour of drivers, but, on the other hand, this makes it harder to 
find the right values of these parameters. Also, due to large computational costs, microscopic 
models are usually limited to a reduced network size and forecast horizon. 

4.2.2.3. Mesoscopic modelling of traffic flows 

Mesoscopic models are another option lying in between microscopic and macroscopic models. 
These models disaggregate the flow considered in macroscopic models and simulate the behavior 
of individual vehicles as microscopic simulators do (Burghout, 2005; Zhou & Taylor, 2014). It 
describes the characteristics of traffic at a high level of detail but the interactions and behavior of 
drivers at a lower level of detail. In other words, the detailed modelling of their second-by-second 
movement is avoided. A summary of existing mesoscopic simulation models is available in Burghout 
(2005) and more recently in Di Gangi et al. (2015). 
 
The most extended and popular of mesoscopic models are the gas-kinetic flow models. These were 
first introduced in the early 1960s by Prigogine and Andrews (1960). In this case, the movements of 
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vehicles (or molecules in a gas) are not modelled individually and, instead, distributions of density 
and speeds are used. However, the formulation of these models and their equations’ solutions are 
too complez to run numerical simulation (Wang & He, 2019). Mesoscopic models include headway 
distribution models (Branston 1976; Buckley 1968) and cluster models (Kühne et al. 2002). The 
latter, cluster models, describe the dynamics of traffic flow by modelling the formation of vehicle 
clusters, which are groups of vehicles that share the same properties. These clusters can simplify 
the calculation by considering dynamics of clusters instead of calculating every single vehicle’s 
dynamics (Wang & He, 2019). 
 
Nowadays, a wide variety of mesoscopic models has been implemented in existing traffic simulation 
software tools. Some of these are: Aimsun (Aimsun, 2023), CONTRAM (Leonard, Power and Taylor, 
1989), DynaSMART (Jayakrishnan, Mahmassani and Hu, 1994), DynaMIT (Ben-Akiva et al., 1998), 
MATSIM (Cetin, 2005), Mezzo (Burghout, Koutsopoulos and Andreasson, 2006), Dynus T (Chiu et al., 
2011), DTALite (Zhou and Taylor, 2014). In particular, the mesoscopic model implemented by 
Aimsun is based on a discrete-event simulation where each node works as a queue server for all 
input sections. Recently, Aimsun is implementing a simplified mesosocopic model in which some of 
the behavioural models such as lane selection and queue models are simplified in order to reduce 
current mesoscopic calibration efforts. 

4.2.2.4. Hybrid or combined traffic simulation models 

Recently, a new type of combined model has emerged which uses different modelling types. For a 
certain part of the network or under certain conditions, these combined models make use of 
different traffic models. There are several possible combinations between various traffic models. 
Probably the most common combination is the use of a macroscopic models to. Model the main 
traffic flows together with a microscopic model to model intersections or road sections with 
increased traffic interactions. Other hybrid combinations also exist such as macro-meso modelling 
or meso-micro modelling, which make use of mesoscopic modelling in combination of macro and 
micro models. The advantage of this combined approach is that it offers the best-of-both-worlds 
scenario, providing more level of detail at certain parts of the network without having to 
compromise the computational efficiency of the execution. 

4.2.3. Route choice behaviour 

The decision-making process of travellers in the DTA relies on the assumption that a dynamic user 
equilibrium (DUE) exists in the network. The concept of DUE extends the first Wardrop’s principle 
into the temporal dimension, as formulated by Ran and Boyce (1996). In DTA, equilibrium is 
generally established on the basis that the experienced travel time for all used routes is equal for 
travellers departing at the same time.  
 
Each traffic assignment model relies on specific assumptions about route choices. In many cases, it 
is assumed that travellers have perfect knowledge of travel times on all routes. Such models aim to 
establish a deterministic user equilibrium (DUE). However, when travellers are assumed to make 
route choices with perception errors (imperfect knowledge), a Stochastic User Equilibrium (SUE) is 
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adopted (Bliemer et al., 2017). In this sense, individual vehicles are assigned to a path using either 
stochastic route choice path-assignment algorithm or a dynamic use equilibrium path-assignment. 
 
Most of the traffic simulation tools available in the market today have incorporated both DUE and 
SUE concepts. Transport modellers can choose the one that best suits the project’s requirements. 
Using DTA techniques that generate route flows from OD demand models can enhance the realism 
of network behaviour, as shown in (Figure 8). In this context, DUE techniques and stochastic route 
choice models can be integrated with mesoscopic, microscopic or hybrid modelling (micro-meso) 
to provide flexibility in combining applications (modelling steady-state behaviour under recurring 
conditions) with operation assessment (examining short-term capacity and demand signals for non-
recurring situations like road works or lane closures). This integration facilitates the assessment of 
a broader range of meaningful measures related to individual travel time and cost, as well as system-
wide network measures for regional planning purposes. 
 

 
Figure 8: Routes available for real-time simulations 

4.2.4. New mobility concepts in simulation tools 

Advancements in simulation models for new mobility concepts reflect the complexity and diversity 
of modern transportation systems. These models are essential tools for transport planners, 
policymakers, and transportation professionals in order to assess the implications of emerging 
technologies. Advancements in simulation models have been significant and reflect the dynamic 
world of transportation and the emergence of innovative mobility solutions.  
 
This section describes the most recent developments of new mobility concepts in simulation tools. 
Firstly, a general approach is described and then the application to a real simulation software 
package is included. In this case, Aimsun Next have been chosen as the selected simulation tool.  
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4.2.4.1. Simulation of Autonomous Vehicles (AVs) 

The incorporation of autonomous vehicles into simulation tools is an evolving field, driven by the 
advancements in both vehicle technology and simulation methodologies. Researchers and 
professionals in the area use these tools to explore various scenarios and analyse the impact of AVs 
on traffic networks (Lu et al., 2020), contributing to the ongoing development of autonomous 
mobility (Lam et al., 2016).  
 
The simulation of AVs in simulation models involves replicating their behaviour, interactions, and 
impact in a virtual environment. In this sense, the behaviour of autonomous vehicles is needed to 
model how they navigate, follow traffic rules, and respond to surrounding vehicles. There are 
different methodologies in the literature that simulates the behaviour of AVs. The most common 
approach is to modify default car-following, lane changing and/or gap acceptance parameters of 
microscopic traffic models in order to mimic the behaviour of AVs. Examples of this approach can 
be seen in Lu and Tettamanti (2018) and Aimsun (2023). In Aimsun Next, the physical and dynamic 
properties of a vehicle in a microsimulation have been specified by vehicle type: the size of a vehicle 
and its speed and acceleration have been determined by parameters set by type. Three main driving 
behaviours are implemented and used for the simulations: aggressive, normal, cautious. 

• Aggressive: AVs with advanced perception and prediction technology. This behaviour leads 
to shorter clearance in car-following, short anticipation in lane changing and shorter gaps at 
intersections. 

• Cautious: these AVs always present a safe behaviour, which is translated to longer headways 
in the car-following model and longer gaps for intersections. Longer anticipation distance 
and clearance is adopted during lane changing. Nevertheless, cautious AV driving is still more 
aggressive than human driving. 

• Normal: human driver behaviour. 
 
Each of the behavioural models have a set of parameters that need to be defined. The selection of 
the parameters’ values depends on the type of AV that is being simulated. Some of these 
parameters include (Aimsun, 2023; SAFE-UP project, 2022): 

• Car-following: 
o Sensitivity Factor: In the deceleration component of the car-following model, the 

follower makes an estimation of the deceleration of the leader using the sensitivity 
factor. 

• Lane Changing: 
o Distance Zones: The Distance Zones that control where decisions are made about 

which lane is required can be modified by vehicle type. 
o Cooperation and Aggressiveness: The Gap Acceptance Model for Lane Changing 

parameters that control the size of gap that a vehicle requires to make a lane change 
can be modified by vehicle type. 

o Imprudent Lane Changes: The Probability of using an unsafe gap can be set by vehicle 
type. This option allows a vehicle to accept a gap that requires it, or its follower, to 
brake up to twice their maximum deceleration. Defines whether a vehicle of this type 
will still change lane after assessing an unsafe gap. 
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• Overtaking in Lane: 
o Overtake Speed Threshold and Lane Recovery Speed Threshold: These parameters 

control a vehicle’s desire to overtake by making a lane change on a multi-lane 
carriageway. 

• Gap Acceptance: 
o Safety Margin: In the Junction Give Way Model, this parameter controls how close 

vehicles may pass when assessing safe gaps to move into. 

• Reaction Times: 
o Reaction time in car following: This is the time it takes a driver to react to speed 

changes in the preceding vehicle. 
o Reaction time at stop: This is the time it takes for a stopped vehicle to react to the 

acceleration of the vehicle in front. 
o Reaction time at traffic light: This is the time it takes for the first vehicle stopped after 

a traffic light to react to the traffic light changing to green. 
 
Other approaches also consider replacing the behaviour of an autonomous vehicle using an External 
Agent Interface (EAI). This is particularly done in Aimsun Next simulation platform, which sends 
every simulation step the state of the surrounding vehicles and traffic lights to an external AV 
control and then it receives the new speed and position of the ego vehicle (SAFE-UP project, 2022). 
 

 
Figure 9: Aimsun Next external agent interface  

4.2.4.2. Simulation of Connected Vehicles 

Connected vehicles, or also known as Cooperative Intelligent Transport Systems (C-ITS), are those 
technologies that allow the communication with other vehicles or with the infrastructure (Guériau, 
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et al., 2016). On-board Units (OBU), Road Side Units (RSU), in-vehicle (ADAS) and on-road sensors 
(loop detectors, cameras) will play a key role in the amount of information potentially exchanged. 
Connected vehicles transmit and receive more information about their activity and this information 
is available to traffic control centres though ITS infrastructure. This enables new forms of vehicle 
behaviour through vehicle-to-vehicle (V2V) communications - i.e., by platooning or by collaborative 
manoeuvres. It also enables new levels of traffic network control facilitated by the more detailed 
data available from connected vehicles through vehicle-to-infrastructure (V2I) communications. 
 
Many simulation studies incorporate Cooperative Adaptive Cruise Control (CACC) algorithms to 
model how connected vehicles coordinate their speeds and accelerations for improved traffic flow 
and safety. In this sense, vehicles use V2V communications technology to obtain the acceleration 
status of the preceding vehicle in real time and therefore, these vehicles optimise their own 
acceleration by adjusting the headway and speed difference (Cao et al, 2021; Wang et al, 2021). 
Other studies focus on the simulation of traffic management strategies leveraging connected vehicle 
data. Dynamic control, adaptive and optimised traffic signal timing and other strategies are 
evaluated for their impact on traffic flow and congestion under the presence of connected vehicles 
(Jing et al, 2017; Liu & Ban, 2018). 

4.2.4.3. Simulation of e-scooters and bikes 

In recent years, there has been a growing interest in using microsimulation models to replicate 
cyclists’ behaviour. The development of bicycle microsimulation models is still in its early stages 
and concepts from motor vehicle microsimulation models have been adapted for this purpose. Early 
micromodels treated cyclists’ dynamics similarly to cars’ dynamics, resulting in cyclists adhering to 
car-following rules and waiting behind cars in congested and mixed traffic lanes. In the real world, 
cyclists often overtake vehicles, closely following each vehicle until reaching the front of the queue. 
In this sense, incorrectly modelling cyclist behaviour could potentially lead to inaccurate perceptions 
of road capacities (Aldred et al., 2019). 
 
Existing microsimulation tools for traffic, such as Aimsun, Vissim and Sumo, employ two distinct 
models – car-following and lane-changing models – to simulated the movements of motorised road 
users, considering longitudinal and lateral behaviours (Tawddle et al., 2014). However, these car-
centric models are insufficient for realistically capturing the behaviour of cyclists. Aldred et al. 
(2019) conducted a study in Vissim microsimulation tool in which different simulated scenarios 
where bikes and buses shared the same lane were developed. The study showed that the 
approaches employed in microsimulation modelling tools are very challenging to effectively 
represent cyclists. 
 
With the release of Aimsun Next version 20, the Aimsun software introduced a feature that enables 
the modelling of bikes through a ‘non-lane-based behaviour’. This approach is able to capture more 
accurately the behaviour of cyclists and motorbike riders (Hayman, 2020). Using this method, 
multiple vehicles can share the same longitudinal position within a lane, which also allows cyclists 
to overtake other vehicles and form cyclist groups. The model also includes the capability to guide 
vehicles to stay close to the left or right side of the road, depending on their direction of travel. 
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Since new forms of e-mobility have emerged in recent years, researchers have also recently initiated 
investigation into the behaviours of these emerging micromobility road users, such as e-scooters. 
The simulation of e-scooters in traffic simulation models involves not only understanding the rider 
behaviour, but also modelling their interactions with other models of transportation and the 
assessment of their impact on traffic flow, safety and overall transportation system. Currently, the 
majority of the studies have followed an empirical-simulation approach, in which researchers have 
initially gathered real-world data on e-scooter traffic patterns before creating a simulation 
environment to analyse their behaviour. Some of these studies include the following: 
 
Mclean (2021) and Mclean et al. (2021) conducted an empirical study collecting data from e-scooter 
pilot program in the City of Calgary, Canada. They developed a synthetic workload model for e-
scooter traffic, investigating the impact of e-scooters. Latinopoulos et al. (2021) explored the effects 
of e-scooters in Paris through surveys, expert interviews, and microsimulation. Pazzini et al. (2022) 
investigated the behaviour of e-scooters in Norway and found that approximately 60% to 90% of e-
scooters used bicycle paths depending on the road environment context. A systematic review 
undertaken by Kazemzadeh and Sprei (2022), analysed e-scooter studies at the microscopic level, 
revealing that e-scooters are rarely considered as a distinct group of road users in the literature. 
They recommended that future studies should focus on analysing the interaction of e-scooters with 
other road users such as pedestrians. 

4.2.4.4. Simulation of shared mobility services   

Shared mobility services encompass various modes such as ridesharing, car-sharing, bike-sharing 
and demand-responsive transport. Simulation models provide a virtual environment to study, 
analyse and optimise shared mobility services so that stakeholders can make informed decisions 
and improve the service operation. However, traditional strategic models (macroscopic level) are 
not capable of modelling transport supply and traffic behaviour in much detail. Such services are 
more complex, and they would require running the models at the individual level. 
 
Agent-based models (ABM) have been identified as a very useful tools for the development of DRT 
services. These allow the exploration of diverse strategies and system configurations, reproducing 
the dynamic interactions between passengers and vehicles (Cich et al., 2017). This type of models 
has been proposed in the literature to test different transport services, e.g. car sharing (Martínez et 
al. 2017), collective taxi systems (Lioris et al. 2010), taxi fleet (Cheng and Nguyen, 2011), DRT 
services (Cich et al., 2017). For the SYNCHROMODE context, most of these services will mainly focus 
on Demand-Responsive Transport (DRT) which will be applied in the Madrid Case Study. 
 
Inturri et al. (2019) undertook a literature review on different modelling approaches to shared 
mobility. They identified that most of the reviewed papers used the ABM to model shared mobility. 
Quadrifoglio et al. (2008) studied the operations of DRT providers on a network based, but they 
assumed that all requests of the service were made at least one day in advance (static problem). 
Carotenuto et al. (2012) addressed this DRT problem in a dynamic mode in which request were 
assigned to vehicles taking into account the actual time of the received request and the vehicle 
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position. Inturri et al. (2019) presented a new ABM to simulate a dynamic flexible route transit 
service problem, in which new requests affected the way routes were assigned to vehicles. 
 
In fact, the modelling of shared mobility services also encompasses algorithms for planning and 
allocating the vehicle fleet to meet demand requests. The optimisation of these operations needs 
precise information regarding network traffic conditions, such as travel times. Therefore, an 
iterative approach between dynamic traffic assignment, fleet management and /or mode choice 
models might be essential. Specifically, the effectiveness of fleet planning and operations to serve 
the demand requests relies heavily on updated travel times which are derived from traffic 
assignment. In addition, a substantial change in demand for new services might lead to variations 
in travel times and therefore influencing modal split. 
 
From the perspective of existing commercial simulation software packages, DRT applications can be 
simulated with Aimsun Ride, which is a simulation platform for planning towards new – and 
primarily demand-responsive – mobility and last-mile logistics deployments in urban and peri-
urban environments. It is, specifically, an agent-based demand-supply interaction framework for 
multimodal and multi-operator fleet-based service systems, coupled (as a plug-in) with the state-
of-the-art Aimsun Next’s multi-class mesoscopic traffic simulator. 

• Agent-based: both demand and supply within a service ecosystem are represented as 
(synthetic) agents (e.g., travellers, fleet vehicles, operators) with certain physical and 
behavioural characteristics capable of performing centrally controlled or autonomous 
actions; the agent-based design enables the integration of Aimsun Ride with both activity-
based and 4-step demand models, 

• Demand-supply interaction: towards a realistic replication of mobility and logistics 
ecosystems, both system’s demand and supply agents communicate via flexible APIs and are 
designed with diverse and configurable behavioural (travellers, drivers) and operational 
(mobility operators) facets, 

• Multimodality and multi-operator: the system enables the simulation of multimodal 
networks (mobility markets with different available services) where each service is managed 
by an operator, while different competing operators may exist for the same service type; 
any intermodal journey, including first-/last-mile to public transportation, can be simulated. 

 
For instance, an example the DRT simulation concept used in Aimsun Ride involves the following: 
the user(s) send a request, the DRT framework sends it to the operator(s) application and receives 
back the route and price. Once the users receive different trip options, combined with other 
transport modes, such as Public Transport, the DRT framework, applying a discrete choice models, 
determines the selected option. Note that the application of Aimsun Ride functionalities is not just 
limited to the ones considered in this paragraph and it is continuously expanded. 

4.2.5. Multimodality 

Nowadays, the use of multiple transport modes is being widely promoted to address environmental 
problems due to a potential shift from car dependency to more public and non-motorized modes 
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(Buehler & Hamre, 2015; Fu et al, 2024). In the long term, travellers that choose multimodal trips 
tend to own fewer private cars, reducing the number of environmental impacts (Heinen, 2018). 
 
All traditional traffic simulation tools identified in previous sections are not directly applicable in the 
multimodal context. Most traffic simulation software packages current model different types of 
vehicles, such as cars, trucks, HGVs, buses, trams, bicycles, trains, two-wheeler types and even 
pedestrians. However, these vehicle classes do not meet the requirements of a multimodal DTA. In 
fact, to allow an accurate representation of a multimodal trip as a path, it is required a combination 
of networks of available modes via transfer, waiting and/or access links into a so-called 
“supernetwork” (Sheffi, 1985). Modelling the entire door-to-door journey as a single multimodal 
trip in the assignment model is rare in the literature and there is limited focus on synchronising 
different modes (Wu et al., 2021). 
 
In recent years, multimodal models have become a trend, and with the emergence of new transport 
modes such as shared mobility, on-demand services, etc., they have become more popular. This 
requires the creation of multimodal models that integrated emerging transport modes. These 
models should capture passengers’ modal and route choice behaviour related to these new modes 
(Jiang & Nielsen, 2022). 
 
Multimodal DTA models need to consider a trip of multiple modes of transport (e.g. trip is 
represented as walking to a bike station, ride a bicycle, take a public transport, and then walk). It is 
therefore evident that if travellers have different forms of transport for a trip, simulation models 
should also consider all these mode choices simultaneously. However, there exist difficulties in 
modelling multimodal approaches mainly due to the lack of interaction between models in the 
model, the ability to switch between modes, a lack of information on the Value of Time (VOT) and 
behavioural changes. 
 
Jiang & Nielsen (2022) classify multimodal assignment modelling into simulation-based and 
analytical approaches. Focussing on the simulation-based approaches, two main models are 
included: activity-based (e.g. van der Gun et al., 2016) and agent-based models (e.g. Čertický et al., 
2015). Both approaches can also be integrated into one simulator (e.g. Viegas de Lima et al., 2018). 
 
In particular, as mentioned in the previous sub section, Aimsun Ride is an agent-based simulation 
platform capable of modelling multimodality. In this case, the software can simulate multimodal 
networks with various available services, each managed by an operator. It can simulate intermodal 
journeys, including first-/last-mile to public transportation, creating a seamless trip. 
 
Current models are expected to be further developed in the future and other new multimodal 
models will be developed to incorporate all these requirements in the world of multimodal 
modelling. Additionally, emerging technologies such as AI, machine learning, big data, represent a 
potential direction for tackling challenges in the urban multimodal assignment models (Jiang & 
Nielsen, 2022). 
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4.3. Calibration, validation and prediction 
4.3.1. Offline Calibration and validation 

The process of determining whether a simulation model is close to the actual system is usually 
achieved through calibration and validation of the model (Barceló, 2010). The model should be able 
to represent the system’s behaviour with a sufficient level of realism (Barceló and Casas, 2004). In 
particular, the calibration process involves finding and fine-tuning of the simulation model 
parameters that will produce a valid model. The validation is the iterative process to determine if 
the simulation model and its parameters are an accurate representation of the system. Adequate 
traffic field data in the area of study is needed in order to undertake this calibration and validation 
process. In addition, this process may also require the availability of data that are not directly 
observable. For example, macroscopic model calibration will focus on correct macroscopic traffic 
flow parameters such as fundamental diagram parameters (e.g. density at capacity, jam density). 
Macro-, meso- and microscopic models should use correctly estimated traffic demand (number of 
cars measured at on-street counting sites should be as close as possible to the counts in the traffic 
assignment), otherwise the origin-destination matrix should be updated, or route choice model 
parameters adapted. Microscopic models should include well calibrated driver behaviour 
parameters (desired headway to predecessor, lane change behavioural parameters, etc.). 
 
The calibration and validation of simulation models is still a major challenge in the use of simulation 
for practical purposes. This is particularly true in the case of microscopic traffic simulation models 
that combine high level of uncertainty of the modelled system with many parameters. 
Consequently, calibration and validation have attracted the attention of many researchers (Ciuffo 
and Lima Azevedo, 2014; Dowling et al., 2004; Hollander and Liu, 2008; Kuwahara et al., 2002) and 
governmental agencies (Dowling et al., 2004) in recent years. 
 
Model calibration can be performed either offline or online. The main focus of this section is offline 
calibration, wherein model parameters and supply and demand variables are estimated by utilizing 
aggregated traffic measurements obtained from a representative set of days and given a set of initial 
parameter values. These input and parameters may include in both the demand side (dynamic OD 
flows, route choice model parameters, etc.) and supply side (capacities, speed-density relationships, 
etc.). (Balakrishna, 2006; Lu et al., 2015). 
 
One of the initial approaches to calibrating DTA models involves treating model components as 
independent entities. Their parameters are then calibrated through a combination of prior 
experience, engineering judgement and manual adjustment. Nevertheless, this process is both 
time-consuming and less efficient, without any guarantee of enhancing the initial solution. 
Furthermore, it overlooks most dependencies between model components, leading to potential 
biased parameter estimates (Balakrishna, 2006). 
 
The calibration problem is typically formulated in an optimization framework aiming to minimize 
the difference between simulated/estimated values and their observed values (Antoniou et al., 
2009). Due to problem complexity, the calibration of demand and supply components have 
traditionally followed a sequential procedure. This process initially involves estimating supply 
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parameters, assuming known demand inputs, and subsequently estimating demand parameters 
with fixed supply. Unfortunately, this approach neglects the intricate interactions between demand 
and supply (Balakrishna, 2006). 
 
Regarding the supply calibration, it depends on how the network supply is modelled, i.e. 
macroscopic, mesoscopic, or microscopic. The calibration of macroscopic and mesoscopic models 
involves the estimation of capacities and link performance functions. The data used for this task are 
typically speed, flows (or counts) and densities (or detector occupancies). Most calibration 
approaches focus on the estimation of supply parameters independently (Balakrishna, 2006). For 
instance, Muñoz et al. (2004) estimated free-flow speeds through least squares by fitting a speed-
flow plot through each detector’s data. Yue and Yu (2000) calibrated an EMME/2 and QRS II models 
for a small city of Houston by adjusting the free-flow travel times to match detector count data. 
Kunde (2002) applies two simulation optimization algorithms to the supply calibration problem: 
SPSA (Spall, 1998) and Box Complex (Box, 1965) algorithms. 
 
Demand calibration involves the estimation of travel behaviour model parameters, time-dependent 
OD flows and other parameters used in the estimation and prediction of OD flows. In recent years, 
the OD estimation problem has attracted substantial interest in the literature. Offline OD estimation 
problem focusses on estimating the elements of an OD matrix based on aggregated traffic flow 
measurements collected at specific links on the network (Balakrishna, 2006). The most used 
approach for dynamic (time-dependent) OD estimation is the least squares technique proposed by 
Cascetta et al. (1993). They proposed a simultaneous/sequential generalized least squared (GLS) 
error formulation, in which assignment matrices were estimated exogenously. Nevertheless, 
researchers found that this approach has limitations under congested conditions and under this 
situation, the linear assumption on the assignment matrix does not represent the complex 
relationship between OD flows and counts (Lu et al., 2015). To address these areas, a multitude of 
novel frameworks have been proposed in the literature. For instance, Djukic et al. (2012) use the 
Principal Component Analysis (PCA) to pre-process OD data, which can significantly reduce the size 
of time series of OD demand (Lu et al., 2015). 
 
Simultaneous demand and supply calibration framework yielded better results compared to 
sequential estimation (Balakrishna, 2006). It is formulated as an optimisation problem over a vector 
of model parameters which aims to minimise the objective function (Lu et al., 2015). In the context 
of simulation-based DTA, the fitted measurements are directly derived from the simulation output. 
This transforms the optimization problem into a non-linear, non-analytical challenge with an 
extensive set of parameters. The SPSA (Simultaneous Perturbation Stochastic Approximation) 
(Spall, 1998) is an iterative optimization algorithm designed for stochastic problems. It approximates 
the gradient of the objective function by means of finite differences. Briefly, at each iteration, the 
algorithm generates a pair of new vectors to inspect, in which each vector element – parameter – 
is determined by a perturbation with respect to the original value and all parameters are perturbed 
simultaneously (Antoniou et al., 2015). This algorithm has been shown to be an efficient and suitable 
solution for calibration (Balakrishna et al., 2007; Lee & Ozbay, 2009). Nevertheless, this method has 
some limitations, e.g. introduces noise from uncorrelated measurements and grows rapidly with 
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the size of the network (Lu et al., 2015). Further enhanced algorithms, such as the W-SPSA (Lu et al., 
2015), have been proposed in the literature to address the limitations of the SPSA. 

4.3.2. Online Calibration and prediction 

Online calibration and prediction for traffic state refers to a dynamic process where real-time data 

is continuously used to update and refine traffic models to improve their accuracy in predicting 

current and future traffic conditions. This approach is crucial in intelligent transportation systems 

(ITS) for effective traffic management, route guidance, and congestion mitigation. The pertinent 

literature includes significant contributions towards the generation of online calibration 

(Akkinepally et al., 2017; Antoniou et al., 2004; Osorio, 2019; Qurashi et al., 2020). 

 

The online calibration problem includes the update of a state-space model that is based on either a 

simulation, an assignment matrix, or a static model. Those different approaches can be based on 

primarily recursively updating simulation parameters (e.g. demand parameters such as OD pairs or 

supply parameters such as capacities). This is completed in real time with real-time measurement 

data. Some notable examples include (Zhou & Mahmassani, 2002) who developed a dynamic 

programming approach upon the use of a macroscopic model to adjust flow propagation. Antoniou 

et al., 2004, 2007 utilised the Extended, limiting and ascented Kalman Filters for online calibration 

of demand and supply parameters. Qurashi et al., 2020 developed PC-SPSA, a hybrid approach at 

generating offline calibration processes by deploying principal components analysis and SPSA, which 

however has also been applied by Prakash at al., (2017) under a PC-Kalman filter framework. Lately, 

the introduction of meta-models for model calibration are being investigated as computationally 

efficient with significant reduction of error (Osorio, 2019). All the above advances present a rather 

diverse background with the use of different methods for online calibration. However, with only a 

few exceptions those methodological contributions do not integrate recent advances on the use of 

ML based approaches. 

4.4. Disruptions 

Disruptions, regardless of their origin, manifest a range of effects on multimodal traffic networks, 
leading to gridlock, congestion, rerouting, variability in travel times, and changes in modal split. In 
the complex landscape of multimodal transport networks, which encompass various modes of 
transportation, understanding, modelling, and quantifying congestion dynamics is of paramount 
importance. On the one hand, recurring congestion is a predictable phenomenon that arises from 
the regular travel patterns of daily life and can be predicted with a degree of accuracy, allowing for 
strategic planning and management to minimize its impact. Non-recurring congestion, however, is 
less predictable and can be caused by a variety of factors, including planned and unplanned events. 
Unlike recurring congestion, which models can forecast based on historical data, non-recurring 
congestion requires more dynamic and responsive modelling techniques. The following studies 
provide empirical evidence and theoretical frameworks for modelling congestion in the context of 
multimodal transport networks. 
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(González et al., 2008) underscores the cascading nature of disruptions within dense urban 
networks, where seemingly minor incidents can escalate into widespread gridlocks. This is 
attributed to the highly interconnected nature of urban traffic flows and the constrained availability 
of viable alternative routes. Such scenarios highlight the imperative need for travel demand models 
to incorporate advanced mechanisms capable of predicting and effectively managing the cascading 
effects of disruptions, thereby averting systemic gridlocks. 
 
Building upon this foundation, (Knoop et al., 2012) present an in-depth examination of gridlock 
dynamics, illuminating the critical thresholds of network capacity that, once surpassed, lead to 
gridlock conditions. Their research introduces a nuanced model that adeptly captures the hysteresis 
nature of traffic flows, demonstrating how disruptions can intensify gridlock conditions and render 
recovery increasingly challenging in the absence of strategic interventions. This model emerges as 
an invaluable tool for urban planners and traffic managers, enabling the simulation of potential 
disruption scenarios and the evaluation of various mitigation strategies' effectiveness. 
 
Further, the insights from (Mahmassani et al., 2013) stress the paramount importance of strategic 
interventions in preserving network fluidity and alleviating the impacts of disruptions. The study 
advocates for a comprehensive approach that melds real-time traffic management, adaptive control 
systems, and forward-looking infrastructure planning to bolster the resilience of urban traffic 
networks. Supported by sophisticated traffic monitoring and data analytics, these strategies foster 
a proactive and dynamic response to both planned and unplanned disruptions, effectively 
minimizing their adverse effects on urban mobility. 
 
(Malandri et al., 2018) introduce a method to evaluate public transport network vulnerability 
through the lens of the passenger Volume Over Capacity (VOC) ratio, offering a novel perspective 
on measuring the spatial and temporal extent of disruption impacts. This approach accentuates the 
dynamic behaviour of public transport systems, where disruptions propagate through the network 
over both time and space, necessitating models that can accurately capture these dynamics and 
quantify the extent of spill-over effects. 
 
Because of such spill-over effects, (Shelat & Cats, 2017) emphasize the significance of modelling 
network loading to assess factors such as congestion and delays, moving beyond purely topological 
approaches. This method includes the effects of passenger rerouting and the number of affected 
users, offering a more comprehensive understanding of the broader impacts of disruptions on 
network saturation and the capacity of the service supply to absorb diverting demand. 
 
Lastly,(Cats & Jenelius, 2015) highlight the need for methodologies that effectively predict and 
manage the spill-over effects of disruptions, pointing to a gap in previous research regarding the 
spatial extent of disruptions in urban transit systems. This underscores the necessity for an 
integrated approach to disruption management, combining predictive models, real-time data, and 
adaptive management strategies within urban planning processes to enhance the resilience and 
efficiency of urban mobility systems. 
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In synthesizing the findings from these studies, it becomes evident that addressing disruptions in 
the supply side of multimodal mobility necessitates a multifaceted strategy that not only confronts 
the immediate challenges posed by disruptions but also contemplates the long-term sustainability 
and adaptability of multimodal transport systems. The integration of dynamic modelling, 
sophisticated traffic monitoring, and data analytics, alongside proactive and adaptive management 
strategies, can significantly enhance the resilience of urban traffic networks. This holistic approach 
ensures robustness against both recurring and non-recurring congestion caused by disruptions, 
mitigating their adverse effects on mobility and contributing to the development of more 
sustainable, efficient, and adaptable multimodal transport systems. 
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Conclusions 
This deliverable presents a comprehensive overview of contemporary travel demand models, 
highlighting the intricate balance between data acquisition and modelling accuracy. As urban 
environments continue to evolve, the demand for more refined transportation models becomes 
apparent. These models, leveraging detailed data on traffic patterns, road networks, and user 
behaviour, provide valuable insights for urban planners and policymakers. The exploration of 
different modelling approaches, from macroscopic to microscopic scales, underscores the diversity 
of tools available to address various needs that have been identified through the definition of three 
SYNCHROMODE case studies (Madrid, the Netherlands, Thessaloniki) and their respective use cases. 
 
The integration of emerging technologies, such as autonomous and connected vehicles, into travel 
demand models marks a significant advancement in the field. This evolution reflects the dynamic 
nature of urban mobility and the growing complexity of transportation ecosystems. As new modes 
of transport and mobility services emerge, the adaptability and scalability of these models are put 
to the test. The documents discuss the challenges faced in incorporating these novel elements into 
existing frameworks, emphasizing the need for continuous innovation in modelling techniques. 
 
Finally, the deliverable points to the growing importance of artificial intelligence and machine 
learning in enhancing the predictive power and efficiency of travel demand models. These 
technologies offer promising avenues for tackling the complexities of modern transportation 
systems, including the ability to process large datasets and uncover patterns not easily discernible 
through traditional methods. The potential for these advanced tools to revolutionize urban planning 
and traffic management is immense, offering a glimpse into a future where transportation systems 
are more responsive, efficient, and aligned with the evolving needs of urban populations. 
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