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Abstract 

 

The transport sector is a major contributor to climate change, which is considered the most 

pressing environmental challenge of our time. Consequently, many cities around the globe 

are introducing sustainable transport legislation to meet the 2015 Paris Agreement of limiting 

global warming to 2°C and aiming for 1.5°C. To achieve this, policies are sought that can 

change mobility patterns to reduce emissions rapidly. This could involve a portfolio of 

measures where a combination of changes to the built environment, human behaviours and 

financial incentives or penalties are considered. 

The work presented in this thesis encompasses efforts to develop and validate a model that 

simulates a digital representation of the transport mobility, applying Agent-Based Modelling 

(AgBM) techniques. This model simulates the spatio-temporal interactions of synthetic 

individuals in the study area during their daily routines, using different transport modes. This 

validated model is then used as the baseline scenario to simulate different mobility policies 

and test their efficiency in reducing the number of private and polluting vehicles on the roads 

in favour of active modes (i.e., walking and cycling) and, therefore, reducing greenhouse gas 

emissions.  

The developed model is described and demonstrated for the Tyne and Wear region, showing 

its transport mobility during a regular day in 2019 (a pre-ǇŀƴŘŜƳƛŎ ǎŎŜƴŀǊƛƻ ǿƛǘƘ ΨƴƻǊƳŀƭΩ 

mobility behaviours) and the potential estimated results that could be obtained when 

different mobility policies modifying the characteristics of the built environment and/or 

human behaviours are applied. The methodologies followed use open access datasets and 

open-source tools, when possible, being feasible to replicate the results and adapt them to 

any other region in the country. 

This thesis aims to help in the development and understanding of the urban transport 

mobility applying AgBMs, where spatio-temporal and human socio-demographic 

characteristics are considered through the simulation of active transport modes.  
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Chapter  1. Introduction 

 

The answers you get depend on the questions you ask. Thomas S. Kuhn 

 

άClimate change is the most pressing environmental challenge of our timeέ (DfT, 2020b). 

Leaders from different organisations, institutions and governments around the globe have 

cited this quote, but have rarely gone deeper into its definition and the present and potential 

future consequences. Fortunately, a vast research effort has been undertaken to better 

understand the challenges we are already facing. Unfortunately, in many cases, they have 

been either ignored or misinterpreted by politicians, decision makers and vested-interest 

groups to undermine the scientific consensus for their own benefit (van der Linden et al., 

2017). 

 

1.1. Climate change 

The United Nations (UN) define climate change as a long-term shift in temperatures and 

weather patternsΣ ŎŀǳǎŜŘ ōȅ ŎƘŀƴƎŜǎ ƛƴ ǘƘŜ ǎǳƴΩǎ ŀŎǘƛǾƛǘȅ ƻǊ ƭŀǊƎŜ ǾƻƭŎŀƴƛŎ ŜǊǳǇǘƛƻƴǎ (UN, 

2023)Φ 9ŀǊǘƘΩǎ ŎƭƛƳŀǘŜ Ƙŀǎ ŎƘŀƴƎŜŘ ǎŜǾŜǊŀƭ ǘƛƳŜǎ in history, with eight cycles of ice ages and 

warmer periods in the last 800,000 years, with the end of the last ice age about 11,700 years 

ago (NASA, 2023).  

However, not only those anomalous and very unlikely effects can produce climate changes. 

Human activities have also been highlighted by the UN as a main driver, primarily due to the 

burning of fossil fuels and the generation of greenhouse gas (GHG) emissions, acting as a 

coverage that alters 9ŀǊǘƘΩǎ ŜƴŜǊƎȅ ōŀƭŀƴŎŜ ŀƴŘ ƛǘǎ ŎƭƛƳŀǘŜ (The Royal Society, 2023). 

Scientists have analysed GHG variations in air trapped in ice extracted from Antarctica, 

resulting in CO2 concentration beginning to increase significantly in the 19th century after 

staying in a relatively constant range during the last 800,000 years, even throughout different 

ice age cycles (The Royal Society, 2023).  
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The Intergovernmental Panel on Climate Change (IPCC), the United Nations body for assessing 

the science related to climate change, published their first assessment report in 1990 (IPCC, 

1990), strengthening the scientific evidence and demonstrating that anthropogenic climate 

change was intensifying worldwide (Fanelli, 2014).  

 

1.1.1. Climate change consequences 

The sixth IPCC report in 2023 stated that human activities, principally through emissions of 

GHG, have unequivocally caused global warming. This has increased the global surface 

temperature about 1.1°C above the pre-industrial period (1850-1900) (IPCC, 2023; The Royal 

Society, 2023; UN, 2023), being greater over land (1.5°C) than over the ocean (0.88°C) (IPCC, 

2023). It has been proved with high confidence that global surface temperature has increased 

faster since 1970 than in any other 50-year period over at least the last 2,000 years (IPCC, 

2023). Figure 1 shows the global GHG emissions in billions of tones from the beginning of the 

Industrial revolution until the year 2020. 

 

Figure 1 World Greenhouse gas emissions over time (Ritchie et al., 2020). 

These effects have been producing substantial damages and increasingly irreversible losses in 

every region across the globe in terrestrial, freshwater, cryospheric, coastal and open ocean 
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ecosystems (IPCC, 2023). Direct effects of burning fossil fuels have affected human health and 

the ecosystem due to the air pollution generated (Orru et al., 2017). In 2020, the European 

Environment Agency published that in the European Union, 96% of the urban population was 

exposed to levels of fine particulate matter above the health-based guideline level set by the 

World Health Organization (European Environment Agency, 2022). Recently, researchers 

from Harvard University, in collaboration with the University of Birmingham, the University 

of Leicester and University College of London, estimated that exposure to particulate matter 

from fossil fuel emissions accounted for 8.7 million premature deaths annually (Vohra et al., 

2021), with an even larger number of hospitalisations and days of sick leave (Orru et al., 2017).  

Furthermore, an increase in frequency and intensity of extreme weather and climate events 

(Stott, 2016) has been also proved, as the National Academies of Science concludes in 2016 

(National Academies of Sciences, Engineering, 2016). An example is droughts, due to 

decreased precipitation and increased evaporative demand under warmer temperatures (Dai 

et al., 2018). More frequent and intense droughts lead to drier surfaces, warmer 

temperatures and lower relative humidity, developing a loop worsening the effects produced 

by climate change (Dai et al., 2018). Other side-effects from droughts are global food and 

water insecurities that will affect millions of people (IPCC, 2023), which could threaten global 

peace (Hanjra and Qureshi, 2010) due to changes in water supply and demand (Döll and 

Siebert, 2002) and food shortage (Arnell et al., 2004; Hanjra and Qureshi, 2010), with their 

complementary economic consequences. Other examples of climate events that can be 

increased in number and intensity are floods (Knox, 2000; Botzen and Van Den Bergh, 2008; 

Mirza, 2011; Wilby and Keenan, 2012) and forest fires (Gillett et al., 2004; Flannigan et al., 

2006, 2009; Abram et al., 2021). 

Unfortunately, citing the IPCC in their sixth report, global warming will continue to increase 

in the near term in nearly all considered scenarios and modelled pathways. Based on 

estimations from the IPCC, approximately 3.3 to 3.6 billion people are nowadays highly 

vulnerable to climate change (IPCC, 2023) and it is expected that this figure will increase, as it 

is projected that 68% of the worldΩǎ population will live in urban areas by 2050 (UN, 2018).  

The question to answer now is not if climate change will increase temperature and if its 

consequences will affect the planet and every living being on it. The question to address is to 
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what extent we can limit global warming and its consequences. Different urban strategies 

need to be followed to limit global warming and the future consequences.  

 

1.1.2. Worldwide GHG emissions 

Based on statistical data from 2016, the sectors that contribute the most to GHG emissions 

globally were: energy use in industry (24.2%), agriculture, forestry and land use (18.4%), 

energy use in buildings (17.5%), transport (16.2%), direct industrial processes (5.2%), and 

waste (3.2%) (Ritchie et al., 2020). These figures are not consistent between countries, with 

significant differences between high and low-income countries. High-income countries 

produce the most GHG emissions (both globally and per capita) from electricity, heat and 

transport (e.g., European Union, United States and the UK), while in low-income countries it 

is from agriculture and land use change and forestry (e.g., African and South American 

countries), although divergences occur between them depending on their main economic 

sectors.  

Considering countries only from the Organization for Economic Co-operation and 

Development (OECD), the average main GHG emissions in 2019 were generated by energy 

industries (28%), transport (23%), manufacturing industries (12%), agriculture (10%), 

industrial processes (7%) and waste (3%) (OECD, 2020). In the UK context, transport is the 

largest GHG emitter (27% in 2019), followed by residential energy use (20%) and energy use 

in industry (19%) (OECD, 2023).  

 

1.2. The need to reduce transport GHG emissions 

The UN consider cities as key contributors to climate change, estimating 75% of all global CO2 

emissions are produced due to urban activities (UN Environment Programme, 2023). As 

Wamsler et al. (2013) highlight, climate change poses a serious threat to sustainable urban 

development, placing many cities at risk. Robert Glasser, UN Special Representative of the 

Secretary-General for Disaster Risk Reduction, states that the impact of climate change and 

disasters is likely to be severe in urban centres where exposure is high due to population 

density and a heavy concentration of critical infrastructure (UNISDR, 2017; European 
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Environment Agency, 2023b; IPCC, 2023). Consequently, cities are considered key actors for 

leading climate change mitigation efforts (Hoornweg et al., 2011; Kennedy et al., 2014).  

Analysis and models developed by IPCC suggest that limiting warming to 2°C or lower by 2100 

involves rapid and deep and, in most cases, immediate GHG emissions reductions in all sectors 

(IPCC, 2023), besides other adaptive and resilient measures being implemented. One of those 

sectors that has to be decarbonised fast is transport, especially in developed countries (e.g., 

the UK, Spain, France, Denmark, Austria (Ritchie et al., 2020a)) as it is one of the largest 

contributor sectors.  

Therefore, many cities around the globe are introducing sustainable transport legislation that 

can change mobility patterns to reduce emissions rapidly. This could involve a portfolio of 

measures where a combination of changes to the built environment, human behaviours and 

financial incentives or penalties are considered. Examples of these strategies are electric cars 

(Gibbins et al., 2007; Teoh et al., 2018);  encouraging active modes for a healthier mobility 

(Wimbush et al., 1998; Nielsen and Haustein, 2019); improving cycling conditions (Buehler et 

al., 2017); providing economic rewards (Polydoropoulou et al., 2019; Máca et al., 2020); 

implementing Low Traffic Neighbourhoods (LTNs) (Aldred and Goodman, 2020; Goodman et 

al., 2021) or low emission zones (Panteliadis et al., 2014; Ku et al., 2020); and enabling 

alternative transport modes such as e-bikes (Philips et al., 2022) and e-scooters (Gössling, 

2020), among many others. 

 

1.3. Transport modelling and AgBMs 

Different transport models have been developed and used in the last few decades (mainly 

four-step models (FSM)) to test and estimate the efficiency of transport mobility policies 

before their implementation in the real world. Currently, novel approaches such as the use of 

Agent-Based Models (AgBMs), are being considered principally in transport research but also 

within pioneer governmental transport departments (e.g., Switzerland, Germany) and 

industries (e.g., Arup CML).  

AgBMs, unlike previous approaches, have some benefits that make them the appropriate 

models to test policies for a more sustainable transport sector. They allow the spatio-
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temporal simulation of the interactions between individuals and the environment (e.g., road 

and public network), considering characteristics of the built environment (e.g., road type and 

surface) but also of the individuals (e.g., age, sex, income). This approach provides a 

microscopic representation of the decisions made by individuals, and enables their 

behaviours and the implications of their explicit interactions (Wise et al., 2017) in the 

transportation system to be revealed (Kagho et al., 2020).  

 

1.4. Aim of the doctoral thesis 

The analysis of the climate crisis has given a broad but concise summary of the current and 

expected future consequences the world will face if measures to address the climate 

emergency are not established, based on reputable and reliable scientific sources. This 

implies the need to identify and apply measures to enable citizens to adapt their routines to 

more decarbonised daily lives. Within the transport sector, a more sustainable daily mobility 

is required, where the use of private and polluting vehicles is shifted to public and active 

modes.  

New methods and models to test urban mobility policies have been developed. This is the 

case of AgBMs, which allow consideration of more attributes and characteristics, as well as 

the interactions of the individuals in space and time. These models could provide an 

innovative approach and analyse the efficiency of the policies from several perspectives. 

Firstly, the characteristics of the built environment (e.g., road type and condition) can be 

considered to estimate how safe routes are when cycling or walking, which are key 

ŎƻƳǇƻƴŜƴǘǎ ƛƴ ǘƘŜ ǊƻǳǘŜ ŀƴŘ ǘǊŀƴǎǇƻǊǘ ƳƻŘŜ ŘŜŎƛǎƛƻƴΣ ŀǎ ŘŜŦƛƴŜŘ ōȅ ǘƘŜ ΨǎǇŀǘƛŀƭ ŎƻƎƴƛǘƛƻƴΩ 

concept. Secondly, AgBMs allow the simulation, in space and time, of the interactions 

between agents and the built environment, which could help identifying more efficient policy 

ƛƳǇƭŜƳŜƴǘŀǘƛƻƴǎ ōŀǎŜŘ ƻƴ ǘƘŜ ŘƛŦŦŜǊŜƴǘ ŀƎŜƴǘǎΩ ōŜƘŀǾƛƻǳǊǎΦ [ŀǎǘƭȅΣ ŀǎ ŘƛǎŀƎƎǊŜƎŀǘŜŘ ǎƻŎƛƻ-

demographic attributes (e.g., sex, age, income) from each individual are known, different 

mobility patterns and behaviours within society could be considered. 

This doctoral thesis encompasses efforts to contribute to a more sustainable transport sector, 

applying AgBMs techniques. Therefore, the aim is: 
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To explore the potential of AgBMs to simulate urban mobility policy scenarios, in space and 

time, to enable a mode shift to active travel considering the built environment and socio-

demographic attributes.  

 

This is in line with Active Travel England (ATE), whose goal is to achieve 50% of trips in towns 

and cities to be walked, wheeled or cycled by 2030 (ATE, 2023a). This thesis aims as well to 

contribute to achieving this global goal, which has highlighted the significant role of research 

and innovation in transport decarbonisation. 

This is an important challenge, as several barriers need to be faced, such as safety 

improvements, the effects of climate, the willingness of policy implementations and the need 

for a change in human behaviours. Three of them are identified as critical: safety, policy 

implementation and human behavioural change, as they affect three different but 

fundamental components to achieve the goal: the built environment characteristics, the need 

to analyse the success or failure of active travel policies to convince stakeholders, and the 

human perspective. The remaining challenge (weather conditions), although fundamental 

too, could be considered as an extension, where different weather conditions could be 

analysed when safety improvements, policy implementations and changes in human 

behaviour are implemented. As such, the effects of weather were currently out of scope for 

this project but may be included in future research. 

Different cities have different challenges, data and solutions, but a general-purpose 

architecture and modelling framework could address these and hence there is inherent 

transferability. Consequently, the methodology developed in this thesis can be adapted and 

replicated to any other region in England, using open-access data and open-source tools, 

when possible, as part of the Responsive Research and Innovation component.  

The developed methodology is applied to the Tyne and Wear region, as it is the main urban 

area within the North East (NE) of England and due to the amount of accessible data that 

Newcastle University and other bodies linked to the University store in terms of mobility. The 

timeframe chosen was the ȅŜŀǊ нлмф ōŜŎŀǳǎŜ ƛǘ ǿŀǎ ǘƘŜ ƭŀǎǘ ȅŜŀǊ ǿƛǘƘ ΨƴƻǊƳŀƭΩ ƘǳƳŀƴ 

mobility behaviours, as the following years since the COVID-19 pandemic do not represent a 

stable situation of human mobility. 
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This aim is summarised in figure 2, where the three main components (transport 

decarbonisation, human behaviour and the built environment) are connected to define the 

research gap identified for this doctoral thesis. 

 

 

Figure 2 Connection of the three main components of the thesis: transport decarbonisation, human behaviour and built 
environment. 

To the best of the ŀǳǘƘƻǊΩǎ knowledge, this is the first time a transport AgBM (MATSim) model 

has been used to simulate tailored scenarios to reduce the use of polluting private vehicles in 

favour of active modes in the UK. 

 

1.5. Research gap 

Climate change and transport AgBM modelling is an incipient field in research. The literature 

reviewed in Chapter 2 identified the need to decarbonise the transport sector in favour of 

active modes and the use of transport AgBMs to test active mobility policies.  

The combination of these two components is scarce in research, as a consequence of 

computational resources and data limitations. However, new tools and datasets, as well as 

better computational systems are now available, which enable researchers to contribute and 

find alternative approaches to tackle the climate crisis by simulating the interactions of the 
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individuals in space and time, as well as considering their individual characteristics and their 

interactions with the environment.  

Therefore, the research gap identified in this doctoral thesis is the following: 

 

To develop a transport AgBM model to simulate urban mobility policy scenarios to increase 

the use of active modes, considering key built environment characteristics for those modes. 

 

The previously identified research gap was defined in more detail when it was observed that 

a low number of publications considered characteristics of the built environment when 

applying AgBMs for a modal shift to active modes. Characteristics such as the type of road 

and surface, the slope and the presence of dedicated cycle paths are the main characteristics 

considered by most researchers when simulating active mobility policies. Unfortunately, 

these characteristics could be insufficient, as characteristics such as road length, width, the 

existence of kerbs, crossing and junctions, among others, are also key components when 

analysing and simulating the use of active modes. Fortunately, Cyclestreet (2022a) has 

developed a methodology that classifies road for cycling based on all these attributes, which 

was incorporated into the design of the models used in this thesis to simulate more realistic 

ǎŎŜƴŀǊƛƻǎ ŦǊƻƳ ǘƘŜ ŎȅŎƭƛǎǘǎΩ ǇŜǊǎǇŜŎǘƛǾŜΦ 

 

1.6. Objectives 

The defined aim of the doctoral thesis was broken down into the following objectives: 

¶ To review the current status of transport mobility in England and the different urban 

mobility strategies to tackle the decarbonisation of the transport sector. 

¶ To review the different models used in transport research and the current use of 

AgBMs in simulating urban mobility scenarios. 

¶ To develop a very detailed synthetic travel demand that represents the individuals 

(i.e., synthetic population) living in the study area based on a set of socio-demographic 
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attributes with a detailed activity plan, using open access tools and datasets, when 

possible. 

¶ To develop a combined road and public transport network to allow the individuals 

from the synthetic population to move between activities, with a special interest in 

characteristics that support the use of active modes (e.g., bicycle access, road network 

characteristics, elevation and cycleability rating). 

¶ To calibrate and validate a transport AgBM model that simulates the normal transport 

mobility during a regular day in the study area. Simulations of cycling routes take into 

account some of the characteristics implemented in the previously developed 

ƴŜǘǿƻǊƪΣ ŦƻǊ ŀ ƳƻǊŜ ǊŜŀƭƛǎǘƛŎ ŀƴŘ ŀŎŎǳǊŀǘŜ ǳƴŘŜǊǎǘŀƴŘƛƴƎ ƻŦ ŎȅŎƭƛǎǘǎΩ ōŜƘŀǾƛƻǳǊǎΦ 

¶ To define, code and simulate a set of urban mobility policies to reduce the number of 

private and polluting vehicles on the roads in favour of active modes. 

 

1.7. Research questions 

The development of this doctoral thesis opens several research questions that need to be 

answered by the end of it (see section 5.3). These are the following: 

¶ How can open-access data and open-source tools support the development of spatio-

temporal scenarios to assess the effectiveness of policy portfolios to increase active 

travel uptake, taking into account socio-demographic attributes and built 

environment characteristics? 

¶ What synthetic population attributes are required to capture the behavioural 

responses of transport users to active travel policies, and how can these attributes be 

produced using open-source demographic tools? 

¶ Which characteristics of urban infrastructure are important in shaping travel choices, 

and particularly the use of active travel? 

 

1.8. Doctoral thesis innovations 

To conclude, this thesis proposes four novel innovations to simulate transport scenarios with 

a transport AgBM model in the UK context: 
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¶ A new, open-access and very detailed synthetic population methodology for any 

region in England (see section 3.3.3). This heterogeneous population will allow a wide 

variety of groups in society to be simulated, providing broader mobility patterns than 

less detailed alternatives. 

¶ Inclusion of a  new network attribute (quietness) ranking roads for cycling based on 

their built characteristics, using open access data from Cyclestreets (Cyclestreets, 

2022a) (see section 3.4.4). This parameter quantifies the road quality for cycling, 

helping to identify the feasibility of synthetic agents for cycling. 

¶ A MATSim bicycle contribution code update to consider characteristics of the built 

environment (i.e., quietness attribute) to simulate more realistic cycling routes. This 

contribution was developed in conjunction with Dr Ziemke (see section 3.6). This will 

help better account for infrastructure when making travel decisions when cycling. 

¶ A set of taiƭƻǊŜŘ άstickέ ŀƴŘ άcarrotέ ǎŎŜƴŀǊƛƻǎ ǘƻ ǘŜǎǘ ǳǊōŀƴ Ƴƻōƛƭƛǘȅ ǇƻƭƛŎƛŜǎ to 

influence transitions to active travel and reduce the use of private motor vehicles (see 

section 3.8). 

 

1.9 Thesis structure 

The thesis has been structured as follows: 

Chapter 2 presents a literature review. Firstly, UK measures to achieve a net-zero transport 

sector are analysed from governmental and scientific perspectives, highlighting the need to 

increase active travel in the short and medium term. Secondly, different methodologies for 

modelling transport mobility policies are reviewed, identifying the advantages of using AgBM 

to simulate transport scenarios considering characteristics of the population, space, time and 

the built environment.  

Chapter 3 describes in a high level of detail the developed methodology to generate all the 

required input datasets to calibrate and validate a MATSim model. Furthermore, the model 

is used to simulate different mobility policy scenarios in order to test their efficiency in 

increasing the use of active modes. 
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Chapter 4 groups all results obtained from each of the established objectives, from the 

development of a synthetic travel demand and network, to the model calibration and 

validation and the results obtained from each scenario simulated for a more sustainable 

transport future.  

Chapter 5 provides insight on the principal outcomes achieved in the doctoral thesis, as well 

as discussing the work presented, considering the assumptions and limitations previously 

acknowledged. Additionally, the research questions identified in chapter 1 are reviewed, 

providing a realistic and fair view of the level achieved with respect to the established goal of 

the thesis. Future work that researchers could consider are also identified and described. The 

implications of research for researchers, practitioners and policy makers are also discussed. 

Lastly, a conclusion of the doctoral thesis is provided. 
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Chapter  2. Literature Review 

 

You were not made to live as brutes, but to acquire virtue and knowledge. Dante Alighieri 

 

Chapter 1 introduced the current climate crisis, from a detailed description of its origin and 

current and future expected consequences to the main economic sectors contributing to it. 

Consequently, the research gap, main objectives and research questions were defined. 

This chapter reviews the literature from governmental and scientific perspectives to face the 

climate emergency, identifying a set of measures that would enable a net-zero transport 

future. Besides, several transport models are investigated, identifying their advantages and 

disadvantages in terms of modelling urban transport mobility and their applications to help 

face the challenge of the climate crisis.  

 

2.1. The UK transport sector  

 

Figure 3 Greenhouse gas emissions by sector in the UK (Ritchie et al., 2020). 
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The UK possesses one of the strongest records of emissions reduction in the OECD since the 

early 1990s, where energy industries had the largest source of emissions reductions, shifting 

from coal to gas and renewable energies (DfT, 2022e; OECD, 2023), achieving a global 48% 

emission decrease since then (Department for Business, 2023). Unfortunately, transport 

emissions became the largest contributor sector from 2016 (DfT, 2022e) (see figure 3), 

although it decreased by 5% between 1990 and 2019 (DfT, 2022e). Despite this decrease, the 

UK transport sector requires immediate measures to reduce GHG emissions to achieve the 

goals established in the Paris Agreement and the 2030 Agenda for Sustainable Development 

Goals.  

Department for Transport (DfT) statistics from 2019 (the last normal year prior to the 

pandemic that affected human mobility globally) show that 84% of passenger mileages were 

ǘǊŀǾŜƭƭŜŘ ƛƴ ōȅ ŎŀǊǎΣ Ǿŀƴǎ ŀƴŘ ǘŀȄƛǎΣ ŀƴŘ ǇǊƻŘǳŎŜŘ фм҈ ƻŦ ŘƻƳŜǎǘƛŎ ǘǊŀƴǎǇƻǊǘΩǎ ǘƻǘŀƭ ŜƳƛǎǎƛƻƴǎΦ 

Most trips are relatively short, where 24% of them were under one mile, 43% under two miles 

and 68% under five miles (DfT, 2022c). In England, 88% of driven miles were on minor roads 

(B, C and U roads), while the remaining 12% were driven on major roads (trunk and principal) 

(DfT, 2020d). Eighty per cent of trips under one mile were on foot, although for longer 

distances, the car was the most frequent mode (DfT, 2022d). On average, 69% of British 

people use the car three or more times a week, increasing to 74% using it once or twice per 

week. Statistically, a citizen travels around 6,500 miles per year (relatively constant value 

since 2013), where 54 of them are travelled by cycling, in contrast with 3,198 miles as a driver 

and 1,812 as a car passenger, 158 miles using local buses and 625 by rail (DfT, 2023f). When 

commuting, 30 minutes on average are required and typically the trip is made by car (68%), 

with minor differences between regions except in London (27%) (DfT, 2019b).  

This global view shows a huge car dependency and its excessive use. As Song et al. (2017) 

describe, heavy car dependency leads to traffic congestion, pollution and physical inactivity, 

which impose high direct and indirect costs for society. Shah et al. (2021) state that the 

transportation sector has a significant economic, social and environmental impact on society 

and its improvement needs to consider all of them to be successful and efficient. Very 

committed regulations must be applied, as well as the implication for the citizens in their 

mobility behaviours to achieve the target.  
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2.2. Measures to reduce GHG transport emissions in the UK 

To face this situation, the UK set in 2019 by law that 100% of their emissions must be net zero 

by 2050 (UK Legistation GOV, 2019), being the first major economy to set legally binding 

carbon budgets and to legislate to end its contribution to climate change (DfT, 2020a). 

In 2020, the άDecarbonising Transport: Setting the Challengeέ report was published, a 

document where all existing work and the strategies to be put in place by governments, 

businesses and society to deliver the significant emissions reduction needed across all modes 

of transport were put together (DfT, 2020b). Targets and strategic priorities such as 

accelerating the modal shift to public and active transport, decarbonising road vehicles and 

how goods are delivered are explained from the current position versus historical data, the 

current government aims and targets and future work. The document concludes by accepting 

that more plans and actions will be required if the established legal obligations are to be met, 

highlighting the vital role of research and innovation in decarbonisation. 

In 2021, the άDecarbonising Transport: a better, greener Britainέ report (DfT, 2020a) was 

published. This document explains in more detail how strategies defined in the previous 

report will be achieved based on a series of actions and timings. From all of them, two are 

specifically related to car use mitigation, and consequently, with GHG car emissions 

reduction. These are decarbonising road transport and the modal shift to public and active 

transport.  

The first action is focused on removing polluting vehicles from roads. Firstly, the sale of new 

petrol and diesel vehicles will be phased out by 2030, and all new cars and vans will be fully 

zero emission at the tailpipe from 2035. Unfortunately, in 2023 this sale measure was delayed 

and drivers will still be able to buy polluting vehicles until 2035, with the possibility of buying 

and sell them second-hand after that year, too (MacLellan et al., 2023)). Secondly, the 

development of a reliable charging infrastructure network. It is expected to see the roll-out 

of 6,000 ultra-rapid charge points by 2035, including electric vehicle (EV) infrastructure on-

street and in public car parks. Thirdly, the implementation of charging schemes to disincentive 

the use of private motor vehicles in urban areas.  

The second action aims to enable citizens to use more sustainable modes. Firstly, a more 

cohesive, integrated and affordable public transport network, developing a National Bus 
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Strategy vision and a more efficient and electrified rail network, enabling a better integration 

between all public modes, walking and cycling would be developed. Secondly, there would be 

investment of £2 billion to increase the number of people walking and cycling in towns and 

cities, with an ambitious goal that half of all journeys will be cycled or walked by 2030 (ATE, 

2023a), supported by a world class cycling and walking network by 2040.  

 

2.3. Estimated co-benefits from the UK net-zero target 

The estimated benefits from these strategies go beyond tackling the climate crisis. From the 

shift to zero emission private vehicles, it is expected to increase up to £8 billion (gross value 

added (GVA)) from vehicle manufacture and up to 60,000 jobs in 2050. The CO2 emission 

reduction is expected to be between 620 and 850 MtCO2 between 2020 and 2050, which 

could generate economic savings of up to £8 billion from air quality improvements. 

Accordingly, there would be noise reductions, which has been classified as the second worst 

environmental risk factor in Europe (Sørensen et al., 2020), just after air pollution.  

From the public transport transformation perspective, savings of between 35 and 37MtCO2 

are expected from 2020 to 2050, which could generate economic savings of up to £160 million 

from air quality improvements. Zero emission buses could contribute up to £1 billion (GVA) 

in 2050 from zero emission vehicle manufacture and create up to 7,000 jobs. If buses become 

more popular and allow the shift from private vehicles, road congestion could be reduced as 

well.  

If cycling and walking objectives are achieved, improvements in air quality, health, economy, 

congestion and noise pollution are expected. Based on estimations given in the report, 

savings between 1 and 6 MtCO2 emissions from 2020 to 2050 are expected, which could 

generate savings from £20 to £100 million from air quality improvements. Health benefits are 

expected in wellbeing due to an increase in physical activity and a risk reduction of developing 

depression by 31%, which could drastically reduce the global £8.2 billion spent yearly by the 

National Health Service (NHS). Active travel could contribute between £1 and £4 billion (GVA) 

in 2050 and create between 40,000 and 100,000 jobs. Congestion will be reduced as walking 

and cycling require much less urban space than private vehicles. Noise and vehicle toxic 

tailpipe pollution would be reduced as well, transforming streets and communities into more 
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liveable environments. Lastly, by 2050, future active travel spending is projected to prevent 

around 50,000ς130,000 premature deaths and reduce work absence by around 50ς140 

million days.  

 

2.4. Scientific research on the net-zero challenge 

The previous paragraphs show the current panorama of the English transport sector, as well 

as the governmental chosen measures to put in place to achieve a sustainable transport 

environment, estimating extraordinary potential benefits not only for the current climate, but 

also for other sectors like the economy, health and wellbeing and the environment. 

Unfortunately, most strategies are nowadays just estimations based on ideal scenarios and/or 

assumptions (e.g., a full and reliable charging infrastructure network) that require more 

research and innovation (e.g., electric energy source, the use of hydrogen in road transport).  

Scientists and researchers have identified the advantages and disadvantages of each of the 

previously suggested strategies, grouped in two parts: the decarbonisation of vehicles on the 

road, and the shift to public and active modes. Their outcomes have been summarised in the 

following paragraphs. 

 

2.4.1. Decarbonisation of vehicles on the road 

The decarbonisation of road vehicles is mainly focused on replacing polluting fossil-fuelled 

vehicles with zero emission electric vehicles (EVs), which are around three-times as energy 

efficient as conventional internal combustion engine (ICE) vehicles (International Energy 

Agency, 2021). 

On the one hand, this approach could be beneficial for two of the main environmental issues: 

air pollution, as they are powered by electricity and do not produce any toxic tailpipe 

pollution; and noise, as these vehicles do not have the combustion engine and other noise 

components (e.g., exhaust system) (Pratico et al., 2020). Research studies show that EVs are 

a promising solution to reduce GHG emissions in the transportation sector (Sadek, 2012; 

Campello-Vicente et al., 2017; Ahmadi, 2019; Pardo-Ferreira et al., 2020; Agusdinata and Liu, 
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2023; Desreveaux et al., 2023) and help in tackling the climate change goals previously 

mentioned.  

On the other hand, this strategy has several drawbacks that can make it unsuitable for the 

short and medium term. The most controversial aspect surrounding EVs is focused on how 

the DfT estimated predictions (i.e., 91% of GHG emission reduction by 2050 (DfT, 2020a)) will 

be achieved, when substantial obstacles need to be solved beforehand. Some of them are the 

following: 

¶ The current vehicle costs (Pratico et al., 2020). 

¶ The current projections of EVs on the roads by 2050 and in the short and medium term 

(DfT, 2020a; SMMT, 2021). 

¶ The energy source requirements (Sadek, 2012; Vrabie, 2022; Desreveaux et al., 2023). 

¶ The significant ecological impact of battery production (Sadek, 2012; Peters et al., 

2017; Marmiroli et al., 2018). 

¶ The potential lack of critical materials (Habib et al., 2020). 

¶ An underdeveloped supporting vehicle charging infrastructure (Chen et al., 2020; 

Pratico et al., 2020). 

¶ Side effects of their lower noise levels in urban areas for other road users (Pardo-

Ferreira et al., 2020).  

To all these aspects, the UK Energy Research Centre (UKERC) add concerns about future 

technology performance, availability, costs, the uptake by consumers and businesses, and the 

ƛƴŎǊŜŀǎƛƴƎ ƎŀǇ ōŜǘǿŜŜƴ ƭŀō ŀƴŘ άreal worldέ ǇŜǊŦƻǊƳŀƴŎŜ ƻŦ ŜƴŜǊƎȅ ǳǎŜΣ ŎŀǊōƻƴ ŀƴŘ ŀƛǊ 

pollution emissions (Brand and Change, 2019). Although EVs sales have increased in recent 

years (16.6% market share of registrations in 2022 (Mer, 2023)) with the help of subsidies, tax 

reductions and incentives (Campello-Vicente et al., 2017), only 46% of cars could be zero 

emissions by 2035, according to the Society of Motor Manufacturers and Traders (SMMT) 

(SMMT, 2021). When considering the energy source required, Vrabie (2022) states the actual 

energy suppliers in Europe will not be enough to cover the full shift from ICEs to EVs, and that 

the actual energy market trends will not be able to support the demand for the next several 

decades, highlighting that no European national economy can afford the shift today. 
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In terms of ecology, battery production has a significant impact on the environment (Peters 

et al., 2017; Desreveaux et al., 2023), due to the growing demand for critical minerals required 

(Pratico et al., 2020; Agusdinata and Liu, 2023). In 2022, Benchmark Mineral Intelligence 

estimated a requirement for more than 300 new mines to meet the demand for EVs and 

energy storage batteries (Benchmak Mineral Intelligence, 2022). Additionally, Habib et al., 

(2020) warned about the potential supply risk of these critical minerals. Besides ecological 

impacts, the need for these critical minerals could cause ŎƻƴŦƭƛŎǘǎ ƻǾŜǊ ŎƻƳƳǳƴƛǘƛŜǎΩ ƭŀƴŘΣ 

disruptions to livelihoods, access to water, air quality, and health in areas where these 

minerals could be extracted (Agusdinata and Liu, 2023), as well as social inequalities (Heffron, 

2020).  

About the vehicle charging infrastructure development, Chen et al. (2020) reviewed the state 

of the required infrastructure in the UK. In their research, it is highlighted that the deployment 

of EV charging infrastructures would require careful long-term planning and improvement in 

design, especially considering the relatively fragile infrastructure of electricity distribution not 

only in locations, but also in converter circuit topology, cost, consumer centric design, 

reinforcement of electricity distribution networks, and social and environmental factors. 

Pratico et al. (2020) add to the inconvenient list the lack of fast refuelling facilities that make 

EVs unsuitable for medium and long-distance travel.  

Another car-dependence side effect that can remain with EVs is the transport injustice and 

inequality for those without access to them. NTS statistics from 2019 show that 45% of the 

poorest households (lowest quantile) do not have access to cars or vans, while the percentage 

for the richest (highest quintile) is just 14% (DfT, 2023c).  

 

2.4.2. Modal shift to public and active transport strategy 

Public modes 

The use of public modes is often framed as a key component of building sustainable cities 

(Lyons and Harman, 2002; Miller et al., 2016; Friman et al., 2020). They can provide energy 

efficient transportation in an urban setting competing against private vehicles (Schiller and 

Kenworthy, 2017), minimise GHG emissions and other pollutants, reduce consumption of 
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land, reduce travel time and cost, improve social access, increase economic efficiency and 

contributions to economic activity (Miller et al., 2016).  

Nevertheless, some obstacles make the use of public transport not the ideal option for 

travelling. According to the UN, ƻƴƭȅ ƘŀƭŦ ǘƘŜ ǿƻǊƭŘΩǎ ǳǊōŀƴ ǇƻǇǳƭŀǘƛƻƴ ƘŀŘ ŎƻƴǾŜƴƛŜƴǘ ŀŎŎŜǎǎ 

to public transportation in 2019, although this percentage is higher in developed areas of 

Europe (around 75%)(UN SDGs. Goal 11, 2023). These figures show that there are still areas 

not fully accessible, especially in deprived and rural zones (Lucas et al., 2008; OSCI, Better 

Transport and Local Trust, 2021).  

The fact of having complex and heterogeneous public transport systems also affects their 

accessibility. In the UK, the number of private companies providing public transport services 

is huge in comparison with Germany and the Netherlands, where the public transport sector 

is integrated within a national framework (Lyons and Harman, 2002). This privatisation has 

brought complexity to the services, fares and information provided, which adds further layers 

of inconvenience for users when planning their trips (Lyons and Harman, 2002). 

Concerning the GHG emissions, these modes can provide energy efficient transportation in 

an urban setting competing against private vehicles (Schiller and Kenworthy, 2017), 

minimising GHG emissions and other pollutants, although the objective of being full zero 

emissions is far from being achieved. Based on statistics from DfT, in 2020 only 2% of the bus 

fleet was zero-emission and 84% was diesel engine (excluding hybrids) (DfT, 2022f).  

The perception and attitudes towards global public transport modes are also fundamental to 

incentivise their use; these perceptions are not very positive and encouraging. Public modes 

are seen as modes only to be used by specific socio-demographic groups (e.g., school children, 

elderly people, low or middle-class people) (Shah et al., 2021). Other analyses highlight the 

perception of public modes as inferior to private modes, regarding protection, autonomy and 

prestige, as well as being perceived as problematic in terms of frequency and reliability 

(Hiscock et al., 2002; Browne et al., 2011; Shah et al., 2021).  

To worsen the attractiveness of public transport modes, it is important to cite the still on-

going side effects of the COVID-19 pandemic on the public transport sector. The pandemic 

impacted it dramatically due to the need for social distancing, the private car being the main 

winner among transport modes in urban areas (Vega-Gonzalo et al., 2023). 
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In terms of public transport use, it was observed that frequent public transport users were 

more likely to have substituted it in favour of private cars than occasional users. Vickerman 

(2021) analyses the impact of COVID-19 on UK public transport and states that a simple return 

to the status quo is unlikely as public transport adjusts to a new normal of more home working 

and fear of crowded spaces. As an example, figures from DfT (DfT, 2023a) show that the 

number of local bus passenger journeys in England in 2022 (2.8 billion) was still far lower than 

in 2020, where passenger journeys were 4.1 billion.  

 

Active modes 

Cycling and walking are considered the most sustainable forms of personal transport (Song et 

al., 2017; Brand, et al., 2021) and one of the most promising ways to reduce transport 

emissions, particularly in short trips (de Nazelle et al., 2010; Frank et al., 2010; Bearman and 

Singleton, 2014; Scheepers et al., 2014; Keall et al., 2018; Woodcock et al., 2018; Neves and 

Brand, 2019; Quarmby et al., 2019; Brand, Dons et al., 2021). The fact of not generating GHG 

emissions when walking and cycling (apart from breathing), makes these modes efficient 

alternatives to reach a net-zero transport sector in urban areas. 

Several scientific analyses have demonstrated their benefits in health as well, both physical 

and mental. In terms of physical improvement, individuals get the habit of exercising to lose 

weight, reduce obesity, and address a variety of diseases, such as coronary heart disease, 

obesity and type 2 diabetes (Bray, 2004; Hruby et al., 2016; Department of Health and Social 

Care, 2019). Just by reducing obesity, it could be possible to reduce the risk of certain types 

of cancer, high blood pressure and diabetes (PHE, 2017). 

From the mental health perspective, Avila-Palencia et al., (2018) developed a two-year 

longitudinal study in seven European countries where they evaluated the association 

between the use of different transport modes and their impact on mental health. Their results 

showed robust evidence that cycling is associated with positive mental health effects (e.g., 

perceived general health (Scheepers et al., 2015), perceived stress (Avila-Palencia et al., 2017) 

and mental wellbeing (Martin et al., 2014; Mytton et al., 2016)). However, results for walking 

are inconclusive between different studies that find improvements (Martin et al., 2014; St-

Louis et al., 2014; Smith, 2017) and others that do not see correlations between walking and 
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better mental health (Richards et al., 2015; Mytton et al., 2016). Positive results were also 

achieved for both cycling and walking by Singleton (2019). 

Despite the important improvements that could be achieved with the increase of people 

walking and/or cycling, some scenarios could be seen as harmful for them. The first one 

affects the quality of the inhaled air when sharing the road with cars (McNabola et al., 2008), 

as they would be exposed to harmful toxic pollutants, while the second is the potential 

increase of injuries or risk of being a victim of a traffic collision (Aldred et al., 2021). 

Fortunately, and citing PHE άǘƘŜ ŜǾƛŘŜƴŎŜ ƛǎ ǘƘŀǘ ǘƘŜ ƘŜŀƭǘƘ ōŜƴŜŦƛǘǎ ƻŦ ǿŀƭƪƛƴƎ ŀƴŘ ŎȅŎƭƛƴƎ 

ƻǳǘǿŜƛƎƘ ŀƴȅ ǇƻǘŜƴǘƛŀƭ ƘŜŀƭǘƘ Ǌƛǎƪǎ ŀƴŘ ƘŀǊƳǎέ (Laird et al., 2018). 

Unfortunately, there are true barriers that affect the uptake of active travel. The first concerns 

safety and security. National Travel Attitudes Survey (NTAS) Wave 8 results in 2023 show that 

63% of females let other people know their plans as a safety precaution when walking and 

cycling (DfT, 2023g). Along the same lines, the Cycling Embassy of Great Britain say that the 

main barrier for cycling is the perception that roads are too dangerous and uncomfortable, 

especially due to high volumes and high speeds of motor traffic (Cycling Embassy of Great 

Britain, 2023). In line with this, statistics from the NTS in 2019 show that two-thirds of adults 

feel that it is too dangerous to cycle on the roads, this value being higher for women than 

men (71% and 61%, respectively) (Solocombe, 2020). Additionally, Sustrans (2018) analysed 

the National Cycle Network quality and showed that 42% were very poor, 4% poor, 53% good 

and only 1% very good. 

The second barrier is about weather conditions. Saneinejad et al. (2012) explored the 

relationship between weather and commuting trips in Canada, and results showed that 

cycling and walking are sensitive to temperatures below 15°C and 5°C, respectively, while in 

terms of wind speed and precipitation, cyclists are affected twice as much as pedestrians. 

Another analysis developed by Zhao et al. (2019) shows that rainfall events also have 

significant impacts on walking and cycling even one hour before and two after the rainfall.  

The third barrier is around policy implementation. While projects to improve active travel are 

announced and approved, not all have been developed or fully implemented. One example is 

the two-thirds cut (£200m) to promised capital investment in safe walking, wheeling and 

cycling infrastructure. Entities such as Sustrans consider that this is the consequence of a 
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persistent underfunding by the Government (Sustrans, 2023). Shah et al. (2021) suggest why 

policymakers are not interested in the expansion of active travel modes. In their paper, they 

suggest that policymakers are afraid to get public acceptance and potential public opposition. 

Additionally, another reason highlighted by Aldred (2019) about the lack of investments in 

active travel in low-cycling countries such as the UK, is about another type of fear: the fear of 

building the required infrastructures and not making any benefit due to cultural barriers.  

The fourth barrier is the low willingness of citizens to switch and minimise their car 

dependency. Although statistics by Ipsos (2022) in 2022 show that almost half of the 

population (44%) would like to cycle more, a similar proportion (47%) consider they are not 

the kind of person to use bicycles. Additionally, seven out of ten support actions to increase 

active travel instead of private cars, but the same proportion considers that they need a car 

for their lifestyle, showing a strong attachment to car use and ownership. These figures show 

the differences between what people think would be good for the environment and society, 

and their personal conviction and/or need to make the move. 

 

2.4.3. Scientific research conclusions 

The previous paragraphs summarised the current perspectives about the suggested 

alternatives to achieve a net-zero transport sector in urban areas. Advantages and 

disadvantages were identified for each alternative, showing that there is not a unique solution 

and their combination will be more efficient than if they are applied individually, although the 

decision to prioritise some of them is key to achieve the final goal. Figure 4 summarises the 

benefits and potential disadvantages of the three main strategies defined by DfT (2020a), 

based on scientific research. 

Firstly, the strategy that aims to decarbonise vehicles on the roads is mainly focused on 

replacing polluting fossil-fuelled vehicles with more energy efficient zero emission vehicles, 

although the global coverage is not assured for the short and medium term due to critical 

concerns about their current cost, charging infrastructure, energy supply, and environmental 

and ecological impacts (Heidrich et al., 2022). Questions such as the required amount of en-

route charging facilities and chargers to be installed in each location; the potential lack of key 

components made with critical minerals; the efficiency and reliability of current electrical grid 
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capacity; and its future upgrade to manage the expected demand still needs to be analysed 

and developed by research and future innovation, respectively. In its favour, three other 

benefits could be achieved with this measure: cleaner air, better health and noise reduction 

in urban areas. 

 

Figure 4 Potential benefits and disadvantages: comparison between the defined strategies. 

 

Secondly, the modal shift to public and active transport strategy aims to enable people to use 

more sustainable transport modes instead of private and polluting vehicles. This strategy 

could be divided in two parts: public and active modes. Public modes have always been 

considered as a key component for a sustainable transport sector, providing a vital service 

connecting locations, reducing congestion, noise, GHG emissions and pollutants. 

Unfortunately, their performance in reducing the number of private cars on roads has not 

been successful, mainly due to the lack of a reliable access in rural and deprived areas and 
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the poor perceptions and attitudes of the citizens, probably increased by the lack of reliable 

information from a very segregated service and the current consequences of the Covid-19 

pandemic.  

Active modes are the cleanest mode of transport that citizens can use, especially for short 

distances. Consequently, this shift would help to minimise GHG emissions, to improve 

ŎƛǘƛȊŜƴǎΩ ƘŜŀƭǘƘ όōƻǘƘ ǇƘȅǎƛŎŀƭ ŀƴŘ ƳŜƴǘŀƭύΣ to improve the urban environment with more 

space for nature and urban activities, and a notable noise reduction, among others. The main 

challenges are safety and security when walking and cycling, the weather conditions, the 

implementation of policies and behavioural changes.  

Additional to the previous benefits, a potential reduction in transport injustice and inequality, 

due to the so-called vicious circle of increasing car dependency, could be achieved with both 

public and active modes. Sustrans (Taylor and Sloman, 2008) highlight the three main 

measures to apply to achieve transport justice for everyone and two of them are related to 

these modes of transport: 1) the implementation and definition of decent and accessible 

public transport routes; and 2) the definition of active travel programmes to incentivise the 

use of bicycle and walks. 

 

All in all, based on previous scientific research, active travel is the best among the set of 

options provided by DfT for the short and medium term. Active modes not only have direct 

benefits on air quality and GHG reduction, but also on health and wellbeing, noise and 

congestion reductions, as well as in the required infrastructure cost, which is much less 

expensive and complex than the ones required for EVs and public transport modes. The 

challenges need to be focused on the different infrastructure interventions required to enable 

citizens to use more active modes, as well as to understand how human behaviours could 

change to reduce the use of polluting private vehicles. The investment in active travel has 

been proved to be a great achievement. Examples of success can be found in Denmark, 

Germany and the Netherlands (Pucher and Buehler, 2008).  

DfT also consider that success will require working in partnership with the public, industry, 

business, and academia (DfT, 2020a) and this PhD research project aims to bring help and 

support in the achievement of this goal. This PhD thesis aims to identify different urban 
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mobility policies to enable the citizens to use active travel modes and reduce the use of 

private and polluting vehicles for a more resilient and less polluted urban environment.  

Given that active travel is such an attractive option, we need to find tools to help plan policies 

and assess their impact. This will be the focus of the next section. 

 

2.5. Transport modelling 

The shift to active travel modes is an important and critical challenge nowadays. Its success is 

critical to achieve net-zero emissions in transport. In England, this challenge has been 

assigned to ATE, ǘƘŜ ƎƻǾŜǊƴƳŜƴǘΩǎ ŜȄŜŎǳǘƛǾŜ ŀƎŜƴŎȅ sponsored by DfT, responsible for 

making walking, wheeling and cycling the preferred choice for everyone to get around. Their 

objective is to achieve 50% of trips in towns and cities to be walked, wheeled or cycled by 

2030 (ATE, 2023a), regardless of the sex, age, health condition or location of the citizens. 

Strategies such as the implementation of direct, continuous, physically segregated and safe 

routes for cycling; the definition of LTN; the increase of cycle parking; and a better 

connectivity between active and public transport modes, among others, are considered.  

These mobility policies need to be tested before they are implemented in the real world with 

models to understand and estimate (not predict) their success or failure. The following 

sections explain what transport models are, as well as describing the main types. 

Traditionally, transport modelling consists of the development of a model, which has been 

defined by Bandini et al. (2009) as άan abstract and simplified representation of a given reality, 

either already existing or just planned to study and explain observed phenomena or to foresee 

future phenomenaέ. Translated into the transport sector, it consists of the development of an 

abstract and simplified representation of the transport sector that defines its characteristics 

and structure to understand its current situation or test future developments. In 

transportation, these models are known as travel demand models. Three main models are 

described below: the four-step model, activity-based model and agent-based model. 
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2.5.1. The four-step model 

The most well-known and used travel demand model is the so-called four-step model (FSM). 

Originally from 1960s, FSM is the primary tool for forecasting, understanding and assessing 

future demand and performance of a transportation system, typically defined at a regional or 

sub-regional scale (McNally, 2007). The main purpose of the model is to be used as a tool for 

capacity analysis of road networks, analysis of the network development scenarios or analysis 

of the public transport system (Mladenovic and Trifunovic, 2014).  

As McNally (2007), Xintong (2021) and Mladenovic and Trifunovic (2014) explain, these 

models consist of four different stages: trip generation, trip distribution, mode choice and 

route choice. Briefly, the first one defines the magnitude of total daily travelled trips 

(attracted and generated) per zone in the model system at a specific level (e.g., personal, 

household) for various trip purposes or activities. The second stage consists of recombining 

trip ends from the previous stage into trips, generating a trip matrix between zones. The result 

states the magnitude of traffic flows between all Origin-Destination (OD) zones (Ziemke, 

2022). Rasouli and Timmermans (2014) describe this stage as an assumption of the laws of 

thermodynamics applied to social and physical systems, where human behavioural choices 

are not involved. The third effectively factors the OD table to produce specific trip tables for 

each of the different transport modes to be analysed. In the last stage, the flows of each 

transport mode-specific O-D table are loaded on the allowed transport modal network (e.g., 

roads for cars, rail tracks for trains), usually under the assumption of user equilibrium, where 

all paths utilised for a given O-D pair have equal impedances. The model output describes the 

demand for transport as a set of aggregated flows of traffic on the routes of the network and 

spatially resolved by zones (Scherr et al., 2020; Ziemke, 2022), which are used to analyse 

policies such as road expansions, introduction of tolls, etc. (Kagho et al., 2020). Due to these 

models being based on individual trips, they can also be called trip-based models (Ziemke, 

2022).  

Four-step model limitations 

Although these models have been used by transport modellers worldwide and several 

improvements have made them more efficient and accurate, Mladenovic and Trifunovic 

(2014) highlight several shortcomings, the most relevant ones being:  



28 
 

¶ The small number of different trip activities allowed (Johnston, 2004). 

¶ The assumed stability ƛƴ ǘƛƳŜ ƻŦ ȊƻƴŜΩǎ ŎƘŀracteristics and relationships. 

¶ The lack of consideration of land use density in trip generation. 

¶ Travel demand considered as independent of the provided transportation system 

(Vuchic, 2017). 

¶ Neglected levels of road congestion (Johnston, 2004). 

¶ The lack in consideration of new transport systems and facilities. 

¶ The assumption of independence of trips between members from the same 

household. 

¶ The assumption that average travel times remain constant in future and through the 

day. 

¶ The gravity concept used during the trip distribution stage tends to overestimate the 

near trips and underestimate the far ones. 

¶ The modal split stage is mainly focus on three motorised travel modes (car use as a 

driver, as a passenger and public transport as a passenger) and do not consider active 

modes (walking and cycling). 

¶ An oversimplification of the modal split due to empirical evidence or socio-economic 

data (Vuchic, 2017). 

¶ An assumed constant time value for all trip purposes. 

¶ The use of aggregated and static link performance values. 

¶ The estimation of road capacities. 

¶ The assumption that all trips start and end at the centroid of each zone. 

¶ The lack of off-peak models. 

¶ The lack of behavioural considerations. 

¶ The aggregated outcome representing the average behaviour of a group of travellers 

(which makes it impossible to estimate the behaviour of individual travellers).  

Besides them, McNally (2000) added a few more limitations based on McNally and Recker 

(1986), and the US Department of Transportation (1997) analyses:  

¶ The lack of spatial and temporal interrelationships between trips.  

¶ The lack of the linkages between trips and activities.  
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¶ The lack of considering household dynamics, choice complexity and habit formation.  

Pinjari and Bhat (2011) state that previously highlighted issues, especially the temporal, 

spatial and modal linkages between trips, could lead to illogical trip chain estimations. 

Based on the previous limitations, and due to fundamental changes in urban environments 

and human behaviours (McNally, 2000; Franco et al., 2020; Nguyen et al., 2021) that 

increased concerns regarding traffic congestion and air quality (Pinjari and Bhat, 2011), but 

also due to the inclusion of new transport modes, travel behaviour is gradually getting more 

difficult to estimate (Ferreira et al., 2007; Holmberg et al., 2016; DfT, 2019a; Franco et al., 

2020). Therefore, other alternatives have been developed and considered to better 

understand travel behaviours at a microscopic level (Kagho et al., 2020).  

 

2.5.2. Activity-based models 

Activity-based models (AcBMs), also known as activity-based travel demand models, analyse 

travel as daily or multi-day patterns of behaviour, related to and derived from differences in 

lifestyles and activity participation among the population (McNally, 2000). The motivation of 

this approach is that ƛƴŘƛǾƛŘǳŀƭǎΩ travel decisions are activity-based (McNally, 2000). This 

means that travel decisions are made by a set of activities and its global context, which cannot 

be understood individually, where travel is viewed as a demand derived from the need to 

pursue activities (Bhat and Koppelman, 1999; Davidson et al., 2007; Pinjari and Bhat, 2011). 

This definition addresses the impossibility of trip-based models to show underlying behaviour 

and the impossibility of being responsive to evolving policies (McNally, 2000). These models 

evolve from statistical estimation of aggregated-level (in space, time and travellers (Kagho et 

al., 2020)) and long-term travel demand used in trip-based models (i.e., FSM), to understand 

disaggregated-level behavioural response and short-term demand policies, such as 

congestion pricing and ridesharing, transforming the trip-based perspective to a tour-based 

(Pinjari and Bhat, 2011).  

 

This new perspective allows the use of disaggregated personal-level information (both in time 

and space (Rasouli and Timmermans, 2014)). Data contains detailed travel information of 
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each individual (e.g., duration of trips, location, frequency, sequence) (Zhong et al., 2015), 

and the use of time as a continuous domain, where individuals choose how to use it among 

their activities and travel, instead of being a simple factor of cost (Pinjari and Bhat, 2011). To 

achieve this goal, AcBMs require the use of a synthetic travel demand as input data (Ziemke, 

2022), which can be defined as a simplified digital representation of the individuals living in 

the area of study. From each individual, some of their socio-demographic attributes (e.g., age, 

sex, income) and a daily activity plan (e.g., a sequence of activities where purpose of trip, 

starting time, geospatial departure and arrival locations and transport mode used) are known. 

Modelling, therefore moves from computations on zonal aggregates to decision making of 

individuals (Horni, 2005; Ziemke, 2022), as well as allowing the analysis of policy impacts in 

certain subgroups of the population (Kitamura, 1988; Ziemke, 2022), based on similar socio-

demographic characteristics, which could provide better forecasts of future travel patterns 

(Castiglione and Bradley, 2014; Ziemke, 2022). Vovsha and Bradley (2006) add as an 

improvement the possibility of incorporating explicit modelling of joint travel by members 

from the same household. Besides, Rasouli and Timmermans (2014) enumerate the four main 

improvements AcBM could achieve when compared against the former model:  

¶ A higher spatial and temporal resolution. 

¶ Human behavioural decisions inclusion. 

¶ An improvement in the integrity of the model system.  

¶ The interdependence of trips as a tour-trip. 

 

Activity-based model limitations 

However, as Zhong et al. (2015) describe in their comparison between the traditional FSMs 

and AcBMs, currently the former remains the most popular modelling approach, mainly 

because they are simpler and easier to implement. Even when AcBMs are more flexible, can 

provide richer information analysing travel demand and supply at specific times of the day 

and can represent better demographic and land use variables in policy analysis, FSMs are 

usually preferred.  
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2.5.3. Agent-based models 

Agent-based models (AgBMs) are a facet of wider Multi-Agent Systems (MAS) research 

(Malleson et al., 2022), defined as spatio-temporal computational simulations of individuals 

interacting with the environment and with other individuals during their daily activities, 

providing a microǎŎƻǇƛŎ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴ ƻŦ ǘƘŜ ƛƴŘƛǾƛŘǳŀƭǎΩ ǘǊŀǾŜƭ ŘŜŎƛǎƛƻƴǎΣ ǊŜǾŜŀƭƛƴƎ ǘƘŜƛǊ 

behaviours and the implications of their interaction in the transportation system (Kagho et 

al., 2020). Bonabeau (2002) defines them as a technique for the investigation of relationships 

between the behaviour of individual entities and their influence in shaping system dynamics 

(Manley and Cheng, 2018). Other researchers (Bonabeau, 2002; Heard et al., 2015; 

hΩ5ƻƴƻƎƘǳŜΣ нлнмΤ ½ƛŜmke, 2022), define AgBM as άa system modelled as a collection of 

autonomous decision-making entities called agents. Each agent individually assesses its 

situation and makes decisions based on a set of rulesέ. Bandini et al. (2009) add that the global 

system dynamics are not defined in terms of a global function, but rather the result of 

individuals' actions and interactions (between them and the environment). Abar et al. (2017) 

define the AgBM philosophy as a model of complex systems adopting a bottom-up approach, 

where the interactions in space and time between agents and the environment are 

considered first. These models are unique in the ability to combine heterogeneous and 

dynamically changing processes of complex systems from autonomous agents, intending to 

investigate the emergent and collective effects on the system (Moyo Oliveros and Nagel, 

2016; Huang et al., 2022). As Malleson et al. (2022) state, AgBMs are gaining popularity in 

urban environments as a valuable method for understanding the low-level interactions that 

ultimately drive cities, although their use and implementation by stakeholders is low. 

Agents are defined as the minimal and basic unit and can represent any type of autonomous 

entity (Huang et al., 2022) (person, vehicle, facility). In transport AgBMs, agents representing 

humans are characterised by their socio-demographic attributes (e.g., sex, age, income) and 

an activity plan, which defines their routines to be performed during the simulation (e.g., 

travel starting times, purpose of the trips, transport modes and activity locations), similarly 

to an AcBM. Agents representing vehicles are characterised by their use (public or private), 

speed limit, maximum occupancy and dimensions (width and length); agents representing 

facilities are characterised by their use, maximum capacity, opening times, etc. Based on their 

characteristics, agents are governed by a set of rules that define how they interact among 
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themselves and with the environment (Kagho et al., 2020). The combination of the individual 

characteristics and rules to follow by each agent allows the agents the possibility of possessing 

the following features (Bonabeau, 2002; Macal and North, 2005; Roorda et al., 2010; 

Heppenstall et al., 2016; Huang et al., 2022):  

¶ They are autonomous and they do not need any external intervention. 

¶ They can cooperate with the environment and/or other agents to achieve their goals.  

¶ They can learn from the gained experience and can adapt and respond to changes. 

Besides the agents, the environment is essential too, as it influences the behaviours of the 

agents in terms of perception and allowed actions (Bandini et. al, 2009). It is the scenario that 

allows the agents to move and interact in space and time with other agents, including 

information about the road transport network (e.g., number of lanes, length, maximum 

speed, capacity, transport modes allowed), the public transport services (e.g., routes, stops 

and schedules) (Kagho et al., 2020), and any other relevant information (e.g., road gradient). 

As a whole, this scenario represents a digital replica of a real location with simplified 

characteristics. 

Both the agents and the environment are combined in a computational software to simulate 

their interactions in space and time, based on their characteristics, rules, activity plans and 

environmental conditions. AgBMs enable a more realistic modelling of complex systems, 

since the dynamics and the interaction between the different agents and their environment 

can be explicitly expressed, as Franco et. al (2020) describe. Bastarianto et al. (2023) add the 

ability of the agents to learn, adapt, and hold different perceptions of an environment as 

important improvements compared against previous models. Furthermore, Manley et al. 

(2014) argue that AgBMs have the potential to move beyond traditional assumptions of traffic 

distribution equilibrium, building traffic patterns from individual behaviours upwards, 

considering their own characteristics, preferences and/or disabilities. 

¢ƘŜ ŀƎŜƴǘǎΩ ƛƴǘŜǊŀŎǘƛƻƴǎ ōŜǘǿŜŜn them and the environment provide a new perspective in 

transport modelling that could not be obtained from previous models. The interactions of the 

agents in space and time allow them to adapt and learn from what others do. Examples were 

highlighted by Bazzan and Klügl (2014)Σ ǿƘŜǊŜ ǘƘŜȅ ŘŜǎŎǊƛōŜ ǘƘŀǘ ŀƎŜƴǘǎΩ ƛƴǘŜǊŀŎǘƛƻƴǎ ŀƭƭƻǿ 

their adaptation and learning capacity to simulate realistic and optimised behaviours. The 
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decisions made by an individual agent are derived from their own characteristics (i.e., age, car 

access), but also from the behaviour of the whole group of agents. If a majority of agents use 

the car at the same time through the same roads and are stuck in congestion, some of them 

will learn from the experience and adapt their behaviours by choosing a more efficient 

transport mode (e.g., public transport modes, cycling), changing the route or adapting their 

trip starting time. Molin et al., (2008) add that these interactions could allow for knowing 

social interactions between agents from the same household, with similar characteristics 

and/or preferences. Agents could choose and adapt their trips, transport modes and activities 

based on their social relationships with others.  

Additionally, agentsΩ interactions with the environment allow for knowing how the built 

environment could affect their daily routines. Characteristics, such as the road type and slope, 

and the existence of lighting and cycle paths, could be considered when agents, based as well 

on their own socio-demographic characteristics, decide how, when and where to go. The 

decisions made by individuals based on the built environment characteristics are 

encapsulated ǿƛǘƘƛƴ ǘƘŜ Ψspatial cognitionΩ ŎƻƴŎŜǇǘΣ ǿƘƛŎƘ ŘŜǎŎǊƛōŜǎ the effect of 

environmental factors on mobility (Manley and Cheng, 2018; Gr et al., 2019; Manley et al., 

2021), and therefore the transport mode choice.  

 

Agent-based model limitations 

Unfortunately, these models have limitations and face several challenges for implementation. 

Firstly, such models require the collection, processing, and cleaning of vast amounts of data 

to generate a heterogeneous synthetic population and transport network, where errors could 

be introduced due to the lack of required data, the use of incomplete datasets or potential 

requirements of data transformation (Kagho et al., 2020). Secondly, computational efficiency 

and cost have been also described as current limitations. They are mainly dependant on 

complex computer environments due to the amount of required agents to be simulated 

(Kagho et al., 2020; Huang et al., 2022), especially when different components (e.g., mode 

choice, route choice, scheduling, land use, ride-sharing scheme, destination choice) are 

combined (Bastarianto et al., 2023). Thirdly, there are ƭƛƳƛǘŀǘƛƻƴǎ ƛƴ ŀƎŜƴǘǎΩ ōŜƘŀǾƛƻǳǊΣ ǿƘŜǊŜ 

Huang et al. (2022) consider that the human behaviours should also consider intelligent 
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perspectives like preferences and memory. In a similar approach, Manley et al. (2014) 

consider that more research is needed in the route choice, where models are based on traffic 

equilibrium and individual preferences are not fully considered, which could add behavioural 

homogeneity into the model. Model calibration and validation have also been considered as 

shortcomings (Kagho et al., 2020; Huang et al., 2022; Bastarianto et al., 2023). There is a lack 

of explicit calibration and validation stages. Huang et al. (2022) state that these processes 

should be included within the development of the model to demonstrate their validity and 

accuracy. Bastarianto et al. (2023) urge for unified calibration and validation methods. 

Transparency is another limitation, due to AgBMs being complex models and the 

understanding of the numerical details and the mechanical process of how agents interact in 

space and time is not trivial (Kagho et al., 2020). Reproducibility is also a critical limitation of 

AgBMs (Kagho et al., 2020), as the possibility of other researchers and/or policy makers 

replicating results is scant, mainly due to confidential data and tools used, although more 

open-access datasets, tools and repositories have been generated in the last few years 

(Bastarianto et al., 2023). Lastly, AgBMs lack standardisation (Kagho et al., 2020). 

Terminologies, concepts, documentation and expectations should be defined and be stable 

within the field. 

 

2.5.4. Comparison between the transport planning models for active modes 

The previous sections have summarised the three main models available to estimate the 

impact of transport mobility policies. They allow the identification of the potential success or 

failure before the policies are implemented in the real world. Figure 5 summarises the 

advantages and disadvantages of each transport model. 

Firstly, the FSMs or trip-based models allow the analysis of the transport demand as a set of 

aggregated traffic flows between the centroids of the defined zones. These models are still 

extremely popular and in use due to their simplicity and ease of implementation, although 

their simplicity makes them hold several assumptions and limitations. The most critical ones 

are the aggregated outcome (in space, time and individuals); the lack of spatial and temporal 

interrelationships between trips; and the modal split stage is mainly focused on motorised 

travel modes.  
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Figure 5 Comparison of advantages and disadvantages of the different transport models analysed. 

 

Secondly, AcBMs improve some of the limitations highlighted for the FSMs, through the 

analysis of travel demand from a disaggregate point of view considering the individual 

characteristics (e.g., age, income, sex) and their decisions, the interdependency of trips and 

the consideration of space and time between activities. These characteristics make AcBMs 

more flexible and can provide richer information of travel demands at different times of the 

day, as well as representing better demographic variables within the analysis of mobility 

policies. Unfortunately, these improvements make these models more difficult to implement, 

and consequently less broadly used by policy makers and transport planners.  

Lastly, AgBMs allow the simulation of the interactions, in space and time, of individuals 

(agents), based on their socio-demographic attributes and activity plans. AgBMs contain all 

the information from AcBMs and provide the possibility of virtually representing the 
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ƛƴŘƛǾƛŘǳŀƭǎΩ ǘǊŀǾŜƭ ŘŜŎƛǎƛƻƴǎΣ ǘƘŜƛǊ ōŜƘŀǾƛƻǳǊǎ ŀƴŘ ǘƘŜƛǊ ƛƴǘŜǊŀŎǘƛƻƴǎ ƛƴ ǘƘŜ ǘǊŀƴǎǇƻǊǘ ƴŜǘǿƻǊƪΣ 

which could not be obtained with any of the other models described before. Heppenstall et 

al., (2016) suggest that one of the most appealing aspects of AgBMs is their ability to 

represent human behaviour and, through simulation, understand how these behaviours play 

out over space and time. 

 

 

Consequently, the most appropriate models to analyse policies to enable citizens in the shift 

to active travel modes are AgBMs, as they allow consideration of individual characteristics of 

the agents, their interactions in a spatio-temporal environment and the possibility of 

simulating diversity of transport modes simultaneously. Overall, AgBMs provide the 

possibility of showing more realistic transport human dynamics than previous models. The 

approaches of statistical models and AgBMs are opposite to each other. While the first is a 

top-bottom approach (based on aggregated statistical results), the latter is a bottom-up, 

where heterogeneous mobility decisions made by the agents can be reproduced (Mehdizadeh 

et al., 2022) and analysed. As Mehdizadeh et al. (2022) estate, statistical models cannot reveal 

the dynamics about the decisions made by individuals when making choices (e.g., route or 

transport mode), while AgBMs consider them thanks to the interactions in space and time.  

The choice to use AgBMs is supported by other researchers. Franco et al. (2020) consider that 

AgBMs enable a more realistic modelling of complex systems, since the dynamics and the 

interaction between the different entities and their environment can be explicitly expressed. 

Kagho et al. (2020) highlight that the use of AgBMs to model transport behaviour is growing 

and the future looks bright for it in the midterm, although there are many challenges that 

need to be overcome. Batty (2001) also identifies AgBMs as a powerful alternative to consider 

active modes because individual actors (e.g., agents) are taken into account within the 

models, where the behaviours of each actor are considered as a function of others in the 

system. 
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2.6. Transport AgBMs 

Once AgBMs where identified as the best method to analyse the efficiency of urban mobility 

policies for active modes, the following sections explore in this methodology, as well as its 

applications and available tools.  

 

2.6.1. Transport AgBM publication research 

The AgBM environment is wide and diverse. In the last decades, several AgBMs have been 

used broadly by different researchers and industries in different fields of research (e.g., 

biology (An et al., 2017), epidemiology (Alvarez Castro and Ford, 2021), social and nature 

science (Gilbert and Terna, 2000), education (Kirk Harland and Heppenstall, 2012), computing 

(Tang et al., 2011), logistics (Clausen et al., 2019), urban planning (Chen, 2012), politics 

(Dacrema and Benati, 2020), finance (Samanidou et al., 2007; Abar et al., 2017). The use of 

AgBMs has been increased due to the improvement in the technology development, 

computational resources and data accessibility (Huang et al., 2022). In the field of 

transportation, AgBMs have also been used for a great variety of topics (Huang et al., 2022): 

traffic management frameworks (Adler et al., 2005; Ossowski et al., 2005; Wang, 2005; Chen, 

Cheng and Palen, 2009), congestion management (Logi and Ritchie, 2002), traffic policy 

(Iordanova, 2003), traffic signal control (Srinivasan et al., 2006; Chen and Cheng, 2010; Xu et 

al., 2019; Yu et al., 2021), transport logistics (Serrano-Hernandez et al., 2018) and travel 

behaviour (Xiong et al., 2018). 

 

Classification of transport AgBMs 

Transport AgBMs can be classified in four categories based on the level of detail (Passos et 

al., 2011; Lopez et al., 2018; Nguyen et al., 2021): macroscopic, microscopic, mesoscopic and 

nanoscopic.  

¶ Macroscopic models are used for the analysis of wide areas, where no detailed 

modelling is required, due to being based on high-level mathematical models.  

¶ Microscopic models consider a high-level of detail, as agents are simulated 

individually, being used for urban traffic analysis.  
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¶ Mesoscopic models are a combination of the previous models, as traffic entities are 

ƳƻŘŜƭƭŜŘ ŀǘ ŀ ƘƛƎƘŜǊ ƭŜǾŜƭ ƻŦ ŘŜǘŀƛƭ ǘƘŀƴ ƳŀŎǊƻǎŎƻǇƛŎ ƳƻŘŜƭǎΣ ŀƭǘƘƻǳƎƘ ǘƘŜ ŀƎŜƴǘǎΩ 

interactions and behaviours are less detailed.  

¶ Lastly, nanoscopic models are even more detailed than microscopic, where smaller 

components of the agents (e.g., sensors from a vehicle) are considered, being 

especially relevant for autonomous driving scenarios.  

The macroscopic, microscopic and nanoscopic models have two fundamental components 

that need to be defined as input data (Nguyen et al., 2021): demand and supply. The first 

relates to the travel requirements for each agent, where information about the socio-

demographic attributes (e.g., age, sex, income), also known as synthetic population, and the 

activities performed by each agent (e.g., purpose of the trip, starting time, transport mode) 

are defined, although depending on the level of detail chosen, different data is required. The 

second is a digital representation of the road network used by the agents to move between 

activities. It is a graph of links and nodes that represent the intersections and roads, 

respectively (Nguyen et al., 2021).  

Currently, the use of mesoscopic AgBMs to simulate mixed interactions of micro-mobility 

modes (e.g., walking, bicycles, e-bikes, e-scooters) is in discussion, as spatial interactions that 

occur at the micro-level (e.g., traffic safety, intersections, road lane changes) between 

themselves and other vehicles (e.g., cars, buses) could be missed. Tzouras et al. (2023) 

highlight this aspect focusing on the simulation of e-scooters, where a dilemma between 

modelling their behaviours and interactions at a link level and predicting long-term travel 

behaviour using microscopic models is identified. The former could simplify the interactions, 

while the latter currently does not have the required capacities to model bicycle or pedestrian 

traffic or is not capable of simulating large-scale networks. Their conclusion considers the 

development of a hybrid model that could combine the analysis in network and link levels. 

 

Transport AgBMs literature review 

Bastarianto et al. (2023) reviewed the use of dedicated transport AgBMs in urban 

transportation from 2006 to 2022 and identified an exponential increase in the number of 

publications since 2015. The reasons given to explain the increase of AgBMs are two: the 
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significant improvement in computing performance and the use of fully open-source tools. 

The topics analysed in the papers have been evolving over time, being focused on congestion 

pricing initially, while emerging transport modes (e.g., ride sharing, demand responsive 

transport and EVs) appeared later and have become dominant today. The geographical 

distribution of papers was analysed as well, and it was observed that most of them are 

focused on transport scenarios of developed countries (Germany, USA, Switzerland and 

Singapore). Publications found were grouped in nine clusters:  

¶ General transport modelling (Fujii et al., 2017; Manser et al., 2020). 

¶ Travel behaviour (Shirzadi Babakan et al., 2015; Ali et al., 2016; Park et al., 2018; Zhu 

et al., 2018). 

¶ Emerging transport modes (Fagnant and Kockelman, 2014; Boesch et al., 2016; 

LaMondia et al., 2016; Inturri et al., 2021; Tzouras et al., 2023). 

¶ Transport policy (Zheng et al., 2012; Zheng et al., 2014; Kaddoura et al., 2020). 

¶ Urban logistics (Martins-Turner et al., 2020; Sakai et al., 2020). 

¶ Travel demand (Beckman et al., 1996; Ye et al., 2009; Farooq et al., 2013; Mallig et al., 

2013; Wu et al., 2019; Franco et al., 2020; Hörl and Balac, 2021b; Sallard et al., 2021; 

Prédhumeau and Manley, 2023). 

¶ Parking (Waraich and Axhausen, 2012; Bahrami and Roorda, 2022). 

¶ Public transport (Shen et al., 2018; Gallet et al., 2019; Narayan et al., 2019, 2020; 

Manser et al., 2020; Rahman et al., 2020; Kii et al., 2021; Barbet et al., 2022). 

¶ Shared autonomous taxi (Hörl, 2017; Lokhandwala and Cai, 2018; Kim et al., 2019; Liu 

et al., 2020).  

Mehdizadeh et al.(2022) did a review of 86 AgBMs in mobility transition between 2006 and 

нлнмΣ ǿƘŜǊŜ Ψmobility transitionΩ ǊŜŦŜǊǎ ǘƻ ǘƘŜ ǎƘƛŦǘ ŦǊƻƳ ǘǊŀŘƛǘƛƻƴŀƭ Ƴƻōƛƭƛǘȅ ǇŀǘǘŜǊƴǎ ǘƻ 

innovative and sustainable mobility options (Köhler et al., 2009; Fagnant and Kockelman, 

2015; Docherty et al., 2018; Mehdizadeh et al., 2022). In this review, half of the publications 

were focused on the distribution of EVs to investigate market share penetrations from 

different perspectives (Querini and Benetto, 2014; Kieckhäfer et al., 2017; Pagani et al., 2019; 

Rodemann et al., 2019; Klein et al., 2020; Ning et al., 2020; Huang et al., 2021; Lee and Brown, 

2021; Zhuge et al., 2021). The remaining half was focused on several topics: automated 

mobility on demand (Basu et al., 2018; Oh et al., 2020), modal shift to sustainable modes 
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(Faboya et al., 2020; Maggi and Vallino, 2021), shared mobility services (car-sharing, 

ridesharing, bike sharing, carpooling) (Fagnant and Kockelman, 2014; Inturri et al., 2019), and 

alternative fuel vehicles (hydrogen or natural gas) (Vliet et al., 2010; Sopha et al., 2017). 

 

Transport AgBMs and active modes 

Within these two publication reviews, it is possible to identify clusters where modal shift 

and/or the use of active travel modes are analysed (e.g., transport policy in Bastarianto et al. 

(2023) and modal shift to sustainable modes in Mehdizadeh et al. (2022)). This is the case in 

Zheng et al. (2012), where a dynamic cordon pricing scheme is simulated in Zurich 

(Switzerland). Results show that the applied congestion pricing reduced the travel times, 

congestion within the area was eased and the effects on leisure activities were stronger than 

when commuting, although references to the use of active modes are not specified. Zheng et 

al. (2014) analyse the impact of a time-dependent pricing scheme in Sioux Falls (USA), 

ŎƻƴǎƛŘŜǊƛƴƎ ǘƘŜ ƭŜǾŜƭ ƻŦ ŎƻƴƎŜǎǘƛƻƴ ƛƴ ǘƛƳŜ ŀƴŘ ǘƘŜ ǳǎŜǊΩs adaptation to the toll cost, with the 

goal of incentivising the use of public transport modes, although active modes were not 

considered in this publication either. Results show effective congestion reductions in the area 

of study and a modal shift to public transport modes due to accessibility improvements and 

money rewards. Kaddoura, Leich and Nagel (2020) analyse different concepts for demand 

responsive transit in Greater Berlin (Germany), although the possibility of including scenarios 

for active modes was not considered. Results show that small zones of influence and very low 

prices could make pedestrians and cyclist move to Demand Response Transit (DRT), while this 

unwanted consequence was reduced when tariffs were more expensive, and larger DRT areas 

could shift car drivers to DRT. Maggi and Vallino (2021) research the potential impact of price-

based and preference-based policies ƻƴ ŎƻƳƳǳǘŜǊΩǎ ƳƻŘŜ ŎƘƻƛŎŜ ƛƴ ǳǊōŀƴ ŀǊŜŀǎΦ ¢Ƙƛǎ 

ǎŎŜƴŀǊƛƻ ŎƻƴǎƛŘŜǊǎ ǘƘŜ ŀƎŜƴǘΩǎ ŎƘŀǊŀŎǘŜǊƛǎǘƛŎǎΣ ƳƻŘŜ ǇǊŜŦŜǊŜƴŎŜǎΣ ŎƻƳƳǳǘƛƴƎ ǇǊƛŎŜ ŀƴŘ 

pollution emission estimation when choosing the mode used. Within the mode option, cycling 

was considered, and results show that agents prefer a shift from car to bicycle than to public 

modes when the use of cars is disincentivised, although the consideration of physical effort 

or slopes for cyclists was not cited. Park et al. (2018) simulated active modes in New York City 

(US) to support investment decisions and evaluate the impact of infrastructure changes on 

walking and cycling. Their results show that improving sidewalk and cycle path conditions 
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could positively increase the number of people using them, although limited characteristics 

of the built environment (e.g., sidewalk width, bike lane type) were considered, and road 

gradient was not included. 

Besides previous research publications, it is possible to find others analysing active travel 

modes and modal shifts for a sustainable transport system that were not included within the 

two previous reviews, mainly due to the models used being generic or self-developed 

transport AgBM tools, and that were published after these two reviews. Some examples are 

described below. 

Kaziyeva et al. (2021) developed an AgBM to simulate transport mobility in Salzburg (Austria) 

and focused on cycling traffic flows, as a response to the emerging phenomenon for individual 

mobility, using GAMA (Taillandier et al., 2018). The model simulates mobility patterns of a 

synthetic population of 186,000 agents in a one-minute time resolution, considering six 

transportation modes (bicycle, walk, car, car-passenger, public transport and other), while 

the model was only validated using bicycle counts. Later, Kaziyeva et al. (2023) improved the 

model to be focused on the two active modes, in response to the little attention that cycling 

and walking have had in transport simulations. This model allows simulation of different 

traffic conditions with altered travel behaviours and the built environment. Similarly, Leao et 

al. (2017), developed another AgBM using GAMA focused on understanding the patterns and 

behaviours of cyclists, in the city of Sydney (Australia), although only cycling modes where 

simulated and gradients of the roads were not considered. The model was validated against 

data obtained from a mobile phone app that collects information about cyclists in the area of 

study.  

Thompson et al. (2017) self-developed an AgBM tool to explore the potential effects in safety 

when introducing different levels of segregated cycle paths, where drivers are considered to 

ƘŀǾŜ ōŜƘŀǾƛƻǳǊŀƭ ŀŘŀǇǘŀǘƛƻƴǎ ƛƴ ǊŜǎǇƻƴǎŜ ǘƻ ŎȅŎƭƛǎǘǎΩ ŜȄǇƻǎǳǊŜΦ ¢ƘŜ Ƴŀƛƴ ŎƻƴŎƭǳǎƛƻƴ ƻōǘŀƛƴŜŘ 

was that soft implementation of cycle paths (i.e., painted lanes) are not enough to keep 

cyclists safe when a behavioural adaptation is assumed among drivers. Thompson et al. (2019) 

simulated and analysed the effects of cycling density and collisions between cycling and 

motorists at road intersections, using a self-developed AgBM tool. They conclude that 

potential collisions could be reduced when the number of cyclists passing through the 

intersection is increased, making car drivers more aware of the presence of cyclists on the 
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road. Jafari (2022) provides a new AgBM tool (AToM), based on MATSim (Horni et al., 2016), 

to analyse cycling in the region of Greater Melbourne (Australia). Different built 

environmental interventions affecting diverse groups of society were tested (e.g., the 

implementation of cycle lanes and the impact of traffic signals on cycling), considering 

different subgroups of the population. The conclusions obtained for the former were that 

older cyclists and middle-aged female groups would increase the use of the bicycle if new 

cycle lanes were implemented, due to improvement in safety and security, although 

interactions between cyclists and car drivers were not considered as only bicycle trips were 

simulated. For the latter, it was concluded that traffic signals are the most important factor 

ǘƘŀǘ ŀŦŦŜŎǘǎ ŎȅŎƭƛǎǘǎΩ ǎǇŜŜŘΦ ¢ƘŜ ƳƻŘŜƭ ǿŀǎ ǾŀƭƛŘŀǘŜŘ ŀƎŀƛƴǎǘ ǘǊŀŦŦƛŎ ǎǇŜŜŘ ǎŜƴǎƻǊǎΦ  

Jafari and Both (2021) have also analysed the use of active transport modes within 

Melbourne. They developed a MATSim model to test different scenarios for sustainable 

modes. Within them, they analysed the current cycling infrastructures, the existence of gaps 

in the network and the potential health improvements when enabling people to use active 

modes. Schlenther et al. (2022) investigate scenarios to reduce the number of motorised 

vehicles on the road in Hamburg (Germany), using MATSim. They analysed the impact of 

implementing economic penalties to those agents using motor vehicles, the implementation 

of segregated cycle paths to incentivise the use of bicycles, the possibility of using ride-

sharing, the inclusion of shuttle payable services to and from public transport stops, the 

upgrade of public transport schedules, the implementation of parking limitations and speed 

limit and road capacity reductions in urban areas. Results achieved showed that the 

attractiveness improvement of public transport modes are not enough to achieve a great shift 

from the use of polluting vehicles to sustainable modes (around a 3%-point decrease), 

although more significant reductions are achieved with policies that penalise the use of 

private vehicles (8%-points). In terms of cycling, the implementation of safe infrastructures 

could increase the number of cyclists by 8%-points, although the model did not consider the 

characteristics of the built environment, so the choice of cycling is not affected by road 

characteristics (e.g., gradient and road type), which limit the accuracy of the results achieved. 

Lastly, Hitge and Joubert (2023), developed a model to estimate a potential cycling demand 

in Cape Town (South Africa). Their model showed that 32% of agents would benefit from 

cycling, although the percentage was reduced by 8% when socio-demographic characteristics 
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(e.g., age, gender, household income, household composition and dwelling type) were 

considered. Spatially, their results showed that almost half of those agents that could benefit 

from using bicycles were concentrated in a small area of the whole area of study, which could 

help policymakers in prioritising the implementation of new cycle paths.  

In terms of walking, Badland et al. (2013) self-developed an open-source simple AgBM tool 

focused on walking to test scenarios to improve walkability in neighbourhoods, where roads 

were used instead of sidewalks due to lack of access to the required dataset. Yang et al. (2011) 

developed a new AgBM tool to simulate the behaviour of people walking, considering 

attributes like age, sex, walking ability, and attitudes towards walking. The latter 

characteristic evolves over time as a function of previous experiences and attitudes toward 

walking of the other individuals within their social network, among others. Their model is 

applied to a non-real city, so validation of a specific region in the world is not possible. 

 

Reasons for the lack of AgBMs focused on active modes 

As can be observed, the number of publications concerning AgBMs that focus on active modes 

for a sustainable and less polluting transport sector is modest. Only ten publications focused 

on cycling (Shimizu et al., 2014; Leao et al., 2017; Thompson et al., 2017, 2019; Lu et al., 2018; 

Kaziyeva et al., 2021; Maggi and Vallino, 2021; Jafari, 2022; Schlenther et al., 2022; Hitge and 

Joubert, 2023), two on walking (Yang et al., 2011; Badland et al., 2013) and another three on 

both (Park et al., 2018; Jafari et al., 2021; Kaziyeva et al., 2023) were identified.  

Batty (2001) highlights that the main reason why walking is usually discarded from the 

analyses (although the concept could be extrapolated to all active modes) is due to transport 

models originally being focused on vehicle expansion, as a response to the increase in the 

ǇǊƛǾŀǘŜ ǾŜƘƛŎƭŜ ŘŜƳŀƴŘΦ 9ǾŜƴ ƴƻǿŀŘŀȅǎΣ .ŀǘǘȅΩǎ ǇŜǊǎǇŜŎǘƛǾŜ Ŏŀƴ still be considered valid. 

Additionally, although active modes are a fundamental component to achieve a net-zero 

transport future, most efforts seem to be focused on the electrification of vehicles. This 

converges with the number of publications combining AgBMs and EVs, as was observed by 

Bastarianto et al. (2023) and Mehdizadeh et al. (2022). Batty (2001) also highlights the lack of 

available granulated data to analyse pedestrian movements (and other active modes). 

Kaziyeva et al. (2023) also agree with the lack of validation data, while Jafari (2022) adds the 
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heterogeneous nature of active travel behaviours. The lack of available data should be 

reduced due to new datasets and ways to quantify and define active travel patterns (e.g., 

bicycle counts, walking counts, mobile phone data); while the heterogeneous nature of active 

travel behaviours is researched by fields of transport psychology and transport behaviours, 

among others. 

 

Transport AgBMs and active modes within the industry 

Fortunately, the analysis of active modes combined with AgBMs is gaining momentum within 

the industry. One example is the case of the City Modelling Lab (CML), an Arup department 

focused on the simulation of transport scenarios using AgBMs to achieve a net-zero transport 

future. Within their expertise, they develop scenarios where active modes are the core. Nick 

Bec, CML leader, explains in an interview that they break down modal silos and show all the 

benefits active travel can create for their clients (ZAG Daily, 2023). They consider active modes 

as a main component of their work and expect that active modes will have a more significant 

role in transport policy, infrastructure and investment. In line with this approach, they have 

developed scenarios where socio-demographic attributes as well as conditions of the built 

environment (e.g., slope and road conditions) are considered when choosing and using 

bicycles (e.g., maximum speed reached based on the socio-demographic attributes and the 

road conditions) (Kozlowska, 2023). They also agree that active travel is overlooked in 

decision making due to the difficulty of quantifying its impact and benefits when compared 

to other transport modes (Intercharge, 2023). 

 

2.6.2. Transport AgBM tools 

Since AgBMs have been used as transport models, several tools have been developed and 

used for a wide variety of transport modelling purposes. Nguyen et al. (2021) developed a 

very detailed list of more than 35 AgBM tools, with some of the most well-known being: 

MATSim (Horni et al., 2023), POLARIS (Auld et al., 2016), the integration of SUMO (Krajzewicz, 

2010) and JADE (Bellifemine et al., 2005), AgentPolis (Jakob et al., 2012), ITSUMO (Bazzan et 

al., 2010) and SimMobility (Adnan et al., 2016).  
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MATSim (Multi-Agent Transport Simulation) is an open-source mesoscopic tool written in 

Java, firstly developed by ETH Zurich in 2006 and now contributed to and developed by 

researchers worldwide. This tool simulates large-scale (Nguyen et al., 2021), mesoscopic 

(Franco et al., 2020), multi-modal (Bösch and Ciari, 2015; Poletti, 2017) traffic and congestion 

patterns considering individualised information of the agents (Horni et al., 2023), and 

vehicular traffic flow (Auld et al., 2016), in a queue-based paradigm (Bazzan et al., 2010), 

through a road and transport network supply. The agents interact in space and time and 

compete for transport resources (infrastructure and available modes), following a stochastic 

(Horni et al., 2016) co-evolutionary algorithm (Ziemke, 2022) that allows the agents to learn 

and improve their performance based on their interactions until an equilibrium is reached. 

POLARIS is an open-source large-scale mesoscopic model written in C++. It was published in 

2013 (Nguyen et al., 2021) and was the first to integrate the activity-based demand model 

estimation, network simulation and intelligent transportation system operation components 

within the simulation, although it is not a tool specifically designed for transport modelling, 

but general purposes (Auld et al., 2016). 

The SUMO (Simulation of Urban MObility) and JADE (Java Agent Development Framework) 

integration is a combination of two open-source tools. The first is a microscopic traffic 

simulation framework written in C++ that simulates the mobility of vehicles (Krajzewicz, 

2010), whilst the latter is a framework to develop AgBMs and allows the interaction of agents 

(individuals) in the environment with the vehicles (Bellifemine et al., 2005), considering traffic 

control systems (e.g., traffic lights). This combination, developed by Soares and Kokkinogenis 

(2014) allows JADE agents (drivers) to be linked to SUMO agents (vehicles) (Nguyen et al., 

2021). It simulates a population of drivers (with information of their activities as individual 

trips, flows or routes) within two road networks. The first is a nanoscopic network where 

drivers make decisions about their movements considering the traffic control system, while 

the second is a microscopic network where vehicles interact (Soares and Kokkinogenis, 2014). 

It was developed as a response to the current and future urban congestion due to the increase 

of population in urban areas, as well as to the complexity and uncertainty of the 

transportation system. 

AgentPolis, developed by the Artificial Intelligence Centre at Czech Technical University in 

Prague (Franco et al., 2020), is a tool written in Java that allows the modelling of multi-modal 
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transport systems, providing to each agent asynchronous and free interactions between the 

environment and other agents. This allows them to adjust their plans at any time based on 

their observations of the environment and/or communication with other agents (Jakob et al., 

2012). However, 2ŜǊǘƛŎƪȇ et al. (2014) critique the tool because most of the software 

architecture is hidden and does not allow for fine tuning of some variables (Inturri et al., 

2019). 

ITSUMO (Intelligent Transportation System for Urban Mobility) is an open-source microscopic 

traffic simulator written in C++ and Java (Nguyen et al., 2021). It allows the modelling of 

different traffic actors (e.g., drivers, intelligent transportation system and autonomous 

vehicles) as autonomous agents, considering the control of traffic lights and en-route re-

planning, applying a combination of AgBM and AI techniques, its focus and main goal being 

to simulate traffic control scenarios (Bazzan et al., 2010). This tool simulates traffic 

movements in a very simple approach, by applying cellular automata (CA) techniques in 

discrete steps (not continuous) (Bazzan et al., 2010). 

Lastly, SimMobility is an open-source microscopic tool written in C++ (Nguyen et al., 2021), 

where land-use, transportation and communication interactions are considered between 

different types of agents, its main focus being on intelligent transportation systems, 

transportation networks and vehicle emissions simulations. This tool allows the simulation of 

scenarios where the time steps are fractions of a second (e.g., changes of road lane, braking, 

mobile phone communications between agents), seconds to minutes or days (e.g., activity 

plans of the agents) and days to months or years (e.g., long-term choices such as house and 

job relocation) (Adnan et al., 2016). 

Between all of them, MATSim is the most popular and the most frequently used transport 

AgBM (Bastarianto et al., 2023) and possesses the largest user community (Nguyen et al., 

2021). Besides its popularity, MATSim has been identified as the tool that best suits the 

required conditions to simulate urban mobility policies to enable citizens to use active travel 

modes. Tzouras et al. (2023) conducted a qualitative assessment about the use of different 

transport AgBM tools based on the following ten criteria:  

¶ Is open-source and allows the development or integration of multiple extensions 

¶ Has been used to simulate shared mobility 
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¶ Has been used to perform large scale transport networks 

¶ Can describe spatiotemporal variation of demand 

¶ Can simulate bicycle traffic in cycle lanes 

¶ Can simulate pedestrians on sidewalks  

¶ Can simulate mixed traffic 

¶ Considers socio-demographic characteristics 

¶ Can integrate new choice models 

¶ Can simulate multimodal trips 

Within the compared tools, MATSim and SimMobility were the ones that achieved the best 

results (nine out of ten criteria in both cases). MATSim lacks a proper simulation of 

pedestrians on sidewalks, although it is possible to consider them as part of the simulation 

using a dedicated network. SimMobility lacks the simulation of bicycle traffic in cycle lanes, 

which implies that bicycles share the roads with other vehicles at all times.  

Comparison of the previous two tools, based on their previously explained characteristics, 

makes MATSim the preferred tool. Firstly, MATSim simulates a normal working day, while 

SimMobility simulates three different and combined time steps (i.e., from fractions of a 

second up to years), which could overcomplicate and oversize the goal of this project. 

Secondly, MATSim uses a mesoscopic road network with detailed information, while the 

SimMobility tools use very detailed nanoscopic networks that are not required for the 

purpose of this project either, as their main purpose is traffic management. Lastly, MATSim is 

a mature transport AgBM tool being in use for more than 15 years, and although it is not 

perfect nor fully validated, possesses the required capacities and qualities requested to 

simulate transport mobility scenarios.  

 

2.6.3. MATSim models 

MATSim has been used for different and diverse approaches. One of the main ones is to 

model transport scenarios of cities, regions, or countries. Examples are the transport 

simulation models developed for Singapore (Erath et al., 2012), Santiago de Chile (Kickhöfer 

et al., 2016), Berlin (Ziemke et al., 2019), Basel (Becker et al., 2018), London (Serras et al., 

2016), Switzerland (Horni and Balmer, 2016), Zurich (Rieser-Schüssler, 2016), Munich 
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(Kickhöfer, 2016), Barcelona (Picornell and Lenormand, 2016), Caracas (Walter et al., 2016), 

Dublin (Cudden, 2014), Germany (Illenberger, 2016), Hamburg (Klüpfel and Lämmel, 2016), 

New York city (Dobler, 2016) and Toronto (Weiss et al., 2016), among others. In these 

scenarios, the outcomes show the transport mobility in space and time of the simulated areas.  

These scenarios could be then used for a great variety of simulated purposes: firstly, to 

analyse current transport situations; secondly, to test the potential implementations of 

infrastructure interventions (e.g., new road network developments, tolls); thirdly, to test 

changes in human behaviours (e.g., transport modes use based on personal characteristics, 

new transport modes); and lastly, to test the consequences and impact of natural hazards 

(e.g., floods). From the first group, it is possible to find publications using MATSim to estimate 

public transport congestion in UK urban areas (Raimbault and Batty, 2021) and to optimise 

taxi services (Maciejewski and Nagel, 2013). Publications within the second group are related 

to replanning strategies for congested traffic (Tchervenkov et al., 2020), to testing efficient 

truck bans in urban areas (Joubert, 2019), the implementation of infrastructures for electro-

mobility (Rojano-Padrón et al., 2023) and the implementation of a cordon toll policy in urban 

areas at various times of the day (Bassolas et al., 2019). The third group analyses the human 

behaviours when using different transport modes based on their sociodemographic attributes 

(Müller et al., 2022), the adoption of shared micro-mobility modes (Diallo et al., 2023), the 

implementation of car-sharing schemes (Ciari et al., 2016), ride-sharing mobility services 

(Franco et al., 2020), car-pooling and car-sharing services (Ayed et al., 2015), shared 

autonomous vehicles (Müller et al., 2020) and autonomous taxi services (Hörl, 2016). The last 

group contains publications analysing the evacuation of cities due to a tsunami (Muhammad 

et al., 2017), the response of the agents affected by extreme weather conditions (Heyndrickx 

et al., 2015), the alternative road traffic routes due to natural disasters (Yaneza, 2016) and 

the impact of river floods (Saadi et al., 2016). 

There are MATSim scenarios focused on cycling, developed by Afshin et al., (2021); Jafari 

(2022); and Hitge and Joubert (2023), as previously cited. Apart from developing scenarios for 

active modes, there are also publications expanding the capacities of MATSim when 

simulating these modes. This is the case of the bicycle contribution developed by Ziemke et 

al. (2019), who developed an extension to model bicycle traffic more realistically, considering 

characteristics of the built environment (i.e., type of the road, the road surface type, the 
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existence of cycle paths and gradient). These characteristics are considered by cyclists when 

choosing their routes, providing more realistic results of bicycle traffic and cyclistsΩ 

behaviours. 

In addition to being a popular tool among academic researchers, MATSim is gaining 

momentum in the industry. Projects developed by Arup CML were described before, while 

Catapult Connected Places have been developing MATSim models for the analysis of Mobility 

as a Service (Catapult Connected Places, 2018), assessing sustainable transport solutions for 

rural mobility (Connected Places Catapult, 2020), and the introduction of new mobility 

services in urban areas (Franco et al., 2020; Catapult Connected Places, 2021). Government 

transport departments are also interested in the use of MATSim for their transport simulation 

and analysis. New Zealand, in partnership with Arup, is developing a MATSim model to 

ǎƛƳǳƭŀǘŜ ǘƘŜ ōŜƘŀǾƛƻǳǊ ƻŦ bŜǿ ½ŜŀƭŀƴŘΩǎ ǘǊŀƴǎǇƻǊǘ ǎȅǎǘŜƳ ŀƴŘ ǘŜǎǘ ǊƻŀŘ ǇǊƛŎƛƴƎ ǎŎŜƴŀǊƛƻǎ 

(Ministry of Transport, New Zealand, 2022). The Swiss Federal Railways (SBB) developed a 

MATSim model to simulate the entire population of the country and support real decisions in 

terms of service and infrastructure (Scherr et al., 2020). Germany is also developing MATSim 

models. The Institute of Transport Research (DLR in German) is building a MATSim model 

jointly with the Technical University of Berlin (TUB). Their goal is to develop a model for a 

successful transport sector and investigate innovative transport services for passengers and 

goods (German Center for Aviation and Space Flight (DLR), 2024). Additionally, Technical 

University of Dresden (TUD), Technical University of Berlin (TUB) and the city of Leipzig are 

building another model of the city to simulate autonomous vehicle scenarios (TU Dresden, 

2023). 

 

2.7. Limitations of current methods 

This literature review has shown the current climate crisis we face and the need to reduce 

GHG emissions, particularly from the transport sector. Consequently, a detailed description 

of the DfT strategies to tackle the transport decarbonisation challenge, as well as the different 

transport models available to test mobility policies were provided. The outcome was that 

active modes are the best option to decarbonise transport in the short and medium term, 
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while transport AgBMs are the best approach to simulate transport policy scenarios to enable 

the use of walking and cycling. 

Research publications on the topic are scarce. Several limitations that prevent a detailed 

representation of both the population and the built environment characteristics for active 

modes were identified. Therefore, the need for this thesis is based on the following limitations 

of current methods: 

¶ The need to generate a very detailed synthetic population: current methods have a 

very limited amount of socio-demographic attributes that define each synthetic 

individual (e.g., SPENSER, Eqasim) (see section 3.3). This thesis develops a new, very 

detailed and open-source synthetic population framework to generate synthetic 

population with 12 socio-demographic attributes (see section 3.3.4). Attributes 

related to individual characteristics (e.g., age, sex), familiar relationships (e.g., marital 

status, children dependency), spending power (e.g., economic activity, occupation, 

annual gross income) and mobility access (e.g., driving license, car access, bicycle 

access) are provided per synthetic individual. A more detailed synthetic population 

will allow the allocation of specific trip patterns and travel behaviours to population 

sub groups. The possibility of discrimination in terms of mobility against small 

communities is, therefore reduced.  

¶ The need to consider built-environmental characteristics to simulate cycling. In the 

vast majority of the publications reviewed, a lack of link between bicycle simulation 

and the characteristics of the built environment was identified. Only very few number 

of publications take into account a limited amount of attributes (e.g., the type of road 

and surface, the slope and cycle paths), which could be insufficient to simulate cycling 

realistically. This thesis proposes the use of an open-access attribute (i.e., quietness)  

developed by Cyclestreet (2022a) that ranks roads for cycling depending on a great 

variety of built environment characteristics (see section 3.4.4). Consequently, the 

MATSim bicycle contribution developed by Ziemke et al. (2017) was updated with his 

help to consider the quietness attribute by cyclists when choosing routes (see section 

3.6).  
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The combination of these two identified research gaps allows simulating more detailed 

mobility scenarios (see section 3.8). A more heterogeneous synthetic population and a 

cycling-focused network allow for the possibility of simulating more realistic behaviours, as 

more diverse mobility patterns are considered and cycling agents have a better understanding 

of the built environment when choosing their routes. 

 

Chapter 3 will explain in more detail the steps followed to develop a validated MATSim model, 

representing a regular working day in space and time of the study area (Tyne and Wear 

region). Additionally, several urban mobility policies are described with the objective of 

reducing the number of private and polluting vehicles on the roads. 
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Chapter  3. Methodology 

 

The limits of my language mean the limits of my world. Ludwig Wittgenstein 

 

Following the literature review from the previous chapter, Chapter 3 defines the methodology 

adopted by this study including the setup of a MATSim model and the later simulation of 

several urban mobility policy scenarios.  

 

3.1. High-level overview of methodology 

 

 

Figure 6 Developed methodology to define a MATSim model and apply urban mobility policies. 

 

MATSim (orange box) is the chosen transport AgBM tool to simulate the normal urban 

mobility of the study area first, and then the different urban mobility policies for a more 

sustainable and decarbonised transport sector. It follows a co-evolutionary framework (see 

section 3.2) that allows the agents to compete and interact between themselves and the built 

environment in space and time. This tool requires the development of two main components: 
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a synthetic travel demand or demand (blue box) (see section 3.3), and the network or supply 

(green box) (see section 3.4). Figure 6 summarises all the described steps. 

The synthetic travel demand is a simplified digital representation of the real population, with 

individual socio-demographic characteristics (see section 3.3.1) and an activity plan that 

represents the activities performed on a normal working weekday by each individual (see 

section 3.3.4). This is a key input to most agent-based simulations (Borysov et al., 2019), so 

its accuracy is crucial for a realistic representation of the population and their urban mobility 

interactions. The network consists of a digital geospatial representation of the road and 

transport networks in the study area, where characteristics of the roads are considered (see 

section 3.4). It is used by the synthetic individuals to move between activities by different 

transport modes. 

These two components, besides a config file (yellow box) (see section 3.5), are imported into 

the MATSim model (orange box), where an updated bicycle extension (purple box) (see 

section 3.6) is enabled to simulate cycling routes considering characteristics of the built 

environment. The initial baseline scenario is calibrated and validated (grey box) (see section 

3.7.1) until results reflect a business-as-usual case in the area of study (see section 3.7.2). 

After the baseline scenario is validated, different urban mobility policy scenarios are applied 

(red box) (see section 3.8). Their objectives are to modify the demand and/or supply inputs 

to estimate their effectiveness in reducing the number of polluting vehicles on the road, and, 

therefore, lower GHG emissions. 

Although the proposed methodology is the standard procedure, the process and data flow 

used in each stage have been generated following a self-developed framework. Each stage is 

defined in the following sections with a great level of detail, with special emphasis on the four 

novel contributions developed within this doctoral thesis (i.e., open access, open-source and 

transferrable synthetic population, the addition of a cycleability rating (or quietness) within 

the network, the update of the MATSim bicycle extension, and the simulation of tailored 

policy scenarios in the study area). 

In all cases, open-source datasets and tools were used, when possible, and all developed tools 

and datasets generated have been defined as open access, when data restrictions allowed it. 
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This will allow other researchers to replicate and reuse them in any other region within 

England, as they are accessible through several GitHub repositories. 

 

3.2. MATSim framework 

Several AgBM tools were analysed and compared in the literature review chapter (see section 

2.6.2), where MATSim was identified as the most convenient tool to simulate urban mobility 

policies focused on reducing the use of private motor vehicles and enabling the use of active 

modes.  

MATSim is an attractive and a convenient tool for transport simulations due to its framework 

composition. It consists of a co-evolutionary framework that allows the agents to compete in 

space and time for the transport resources (vehicles and infrastructures) to achieve their goal 

in an efficient manner. The framework consists of five stages (Horni et al., 2023),with stages 

2, 3 and 4 being part of an iterative loop, following the concept of the co-evolutionary 

algorithm (Ziemke, 2022). The stages are as follows: initial demand, execution, scoring, 

replanning and analysis (figure 7). 

 

 

Figure 7 MATSim framework. 
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3.2.1. Stage 1: Initial demand 

The first stage consists of the definition of the main input datasets: the synthetic travel 

demand and the network. The development of the first is typically created using external 

dedicated tools (see section 3.3.3), while the second can be generated using tools designed 

within MATSim, although in this thesis an alternative procedure was followed (see section 

3.4). 

 

3.2.2. Stage 2: Execution 

The iterative loop starts with the second stage, which simulates the interactions of all the 

agents (or a sample of them) in space and time based on their individual activity plans and 

the network characteristics. The default physical simulation of the agents is a queue model 

(Gawron, 1999; Ziemke, 2022; Horni et al., 2023), where every section of the network (link) 

allows the mobility of the agents based on its own characteristics and the number of agents 

using it at the same time. Each agent stays in a link for at least a minimum amount of time, 

depending on the length of the link, storage capacity, flow capacity and the transport mode 

used. The characteristics of length and allowed transport modes provide the minimum time 

required by the agent to stay in the link when free flow is possible (i.e., no congestion), based 

on the distance and the maximum speeds allowed for both the link and the vehicle type. To 

consider congestion, the flow capacity parameter restricts the rate of agents that can leave 

the link in a period of time (normally per hour), and the storage capacity parameter restricts 

the total number of vehicles that can be located at the same link and at the same time. 

Consequently, if a link is considered full based on its characteristics, a new agent cannot enter 

it until another agent leaves it, based on the queue system. 

 

3.2.3. Stage 3: Scoring 

The third stage computes the satisfaction (i.e., utility maximisŀǘƛƻƴύ ƻŦ ŜŀŎƘ ŀƎŜƴǘΩǎ Ǉƭŀƴ ǿƘŜƴ 

interacting in space and time with other agents and the environment. It is calculated using 

the Charypar-Nagel utility function and it is computed as (Charypar and Nagel, 2005; Nagel et 

al., 2016) (equation 1): 
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Ὓ Ὓ ȟ Ὓ ȟ  

Equation 1 MATSim scoring function. 

Where Ὓ ȟ is the utility (satisfaction) that the agent obtains when performing activity q 

(normally positive), while Ὓ ȟ  is the (dis)utility that the agent obtains when travelling 

between activities (normally negative). N is the total number of activities performed by the 

agent.  

The utility of an activity (Ὓ ȟ ) is defined as (Charypar and Nagel, 2005; Horni et al., 2023) 

(equation 2): 

Ὓ ȟ Ὓ ȟ  Ὓ ȟ  Ὓ  ȟ  Ὓ  ȟ  Ὓ  ȟ  

Equation 2 MATSim utility function. 

Where: 

¶ Ὓ ȟ is the utility of performing activity q;  

¶ Ὓ ȟdenotes waiting times (i.e., when the activity location is not open and the agent 

has to wait until the facility can be used);  

¶ Ὓ  ȟ is the applied penalty in case the agent arrives late to the activity; 

¶ Ὓ  ȟ is the penalty applied when the agent leave the activity earlier than 

expected; and 

¶ Ὓ  ȟ ƛǎ ǘƘŜ ǇŜƴŀƭǘȅ ŦƻǊ ŀ Ψǘƻƻ ǎƘƻǊǘΩ ŀŎǘƛǾƛǘȅ (normally set to zero). 

 

Travel (dis)utility for a leg q (Ὓ ȟ ) is defined as (Horni et al., 2016) (equation 3):  

Ὓ ȟ ὅ  ‍ ȟ  zὸ ȟ  ‍  zῳ ‍ȟ  ‍  z‎ȟ
 zὨ ȟ  ‍  zὼ ȟ 

Equation 3 MATSim travel disutility function. 

Where: 

¶ ὅ  is a transport mode-specific constant; 

¶  ‍ ȟ  is the marginal utility of time spent travelling by mode(q); 

¶ ὸ ȟ is the travel time between consecutive activities; 
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¶ ‍  is the marginal utility of money; 

¶ ῳ  is the change in monetary budget caused by fares; 

¶ ‍ȟ  is the marginal utility of distance when travelling by mode(q); 

¶ ‎ȟ  is the mode-specific monetary distance rate of mode(q); 

¶ Ὠ ȟ is the distance travelled between consecutive activity locations; 

¶ ‍  are public transport transfer penalties; and 

¶ ὼ ȟ is a 0/1 variable indicating if a public transport transfer occurred between 

the previous and current leg. 

 

3.2.4. Stage 4: Replanning 

The fourth stage allows a percentage of the agents to modify their plans based on a strategic 

criteria (e.g., change transport mode (Grether et al., 2009), choose an alternative route, leave 

an activity earlier/later (Balmer et al., 2005), change activity location (Horni et al., 2012)), as 

defined by the modeller. Each agent has a memory containing a fixed amount of day plans 

(normally five), containing information of the daily activity chain and the obtained score value 

(Horni et al., 2012). Agents that are allowed to modify their plan generate a new plan in their 

memories, while the agents that are not allowed choose one from their memory (in case they 

have more than one), based on a probability distribution function (Nagel and Flötteröd, 2009), 

considering the previous obtained scoring values. When the maximum number of plans in 

their memories is reached and a new iteration is finished, the worst plan is removed, keeping 

only the best. This is how agents learn, based on their experiences with other agents in the 

environment. 

Once the replanning stage is finished, the loop of Stages 2, 3 and 4 is iterated as many times 

as the modeller defines (i.e., until the model reaches an equilibrium in the average scoring 

value of all agents and the mode shares keep relatively constant). Through each iteration, 

agents learn from their interactions in space and time and adapt their behaviours to achieve 

their goals, maximising their scoring value. It is a frequent practice to disable the strategy 

criteria within the replanning stage after a certain number of iterations (80% in this study) to 

allow them to choose between their best plans without any new modification. Since then, 
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agents are only allowed to choose between the plans stored in their memories, based on the 

probability distribution function defined by (Nagel and Flötteröd, 2009). 

 

3.2.5. Stage 5: Analysis 

The fifth stage is reached once the iterative loop is finished and outputs are generated. 

Different datasets containing the interactions of the agents in space and time are generated 

and different geospatial, socio-demographic and transportation analysis could be generated, 

depending on the purpose and the simulation goals with external tools (i.e., QGIS (QGIS 

Development Team, 2023), Simunto Via (Senozon AG, 2018)). 

 

3.3. Synthetic travel demand 

Two types of information form a synthetic travel demand: the representation of individuals 

in the study region with socio-demographic attributes (e.g., age, sex, income, driving license); 

and their daily activity plans that define their activities and trips (e.g., purpose of trip, 

departure time, transport mode used) (figure 8). The first is called synthetic population, while 

the second is the activity plan. 

 

 

Figure 8 Synthetic travel demand composition. Synthetic population with several socio-demographic attributes of the 
individuals and activity plan with information defining each trip. 
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3.3.1. Synthetic population 

The concept of a synthetic population refers to a simplified and realistic microscopic 

representation of individuals (Moeckel et al., 2003; Gearda et al., 2013;  Yaméogo et al., 

2020), with distinct characteristics and exhibiting distinct behaviours (Wu et al., 2022; Zhou 

et al., 2022) between them (Gearda et al., 2013). The goal of a synthetic population is to 

generate a population which is statistically close to the real one (Moeckel et al., 2003; 

Barthelemy and Cornelis, 2012), derived from available data (Yaméogo et al., 2020), such as 

census, mobile phone (Franco et al., 2020) or survey datasets, among others. Some of the 

benefits of generating a synthetic population are to estimate and/or project current and/or 

future populations to make informed decisions of current and/or future needs and demands 

(Lomax et al., 2022).  

Unfortunately, very detailed information on socio-demographic attributes for all individuals 

at a small geographical scale does not exist or is not accessible for the general public (Lomax 

et al., 2022; Wu et al., 2022) due to privacy reasons (Garrido et al., 2020). Only the 

characteristics of a sample and aggregated socio-demographic statistical variables of the 

actual population are known (Moeckel et al., 2003; Yaméogo et al., 2020). This renders it 

infeasible to generate a perfect population that represents each individual as in reality. 

Consequently, the development of synthetic populations follows different methods based on 

the available data (Felbermair et al., 2020), size of the population to synthesise and the final 

application purpose (Barthelemy and Cornelis, 2012) 

Population synthesis is an important stage in the modelling process because it generates the 

basis for any demand investigation (Garrido et al., 2020). The inhabitants of a specific region, 

their activities and behaviours, as well as their current and future needs and demands can be 

described with a great level of detail (Gearda et al., 2013; Lomax et al., 2022). The accuracy 

of synthetic populations is particularly important and depends on the quality and detail of the 

data used (Zhu and Ferreira, 2014). The extent to which a synthetic population can represent 

ǘƘŜ ΨǊŜŀƭΩ population in the aggregated values and get as close as possible at individual level 

has a significant impact on the credibility of the simulation that relies on it (Garrido et al., 

2020; Zhou et al., 2022). 
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The field of synthetic population development has received increasing attention in recent 

years due to an increased focus on AgBMs in the transportation arena (Bowman and Ben-

Akiva, 2001; Moeckel et al., 2003; Zaid and Pat, 2005; Bradley et al., 2010; Wegener, 2014; 

Zhu and Ferreira, 2014; Blainey and Preston, 2019; Borysov et al., 2019; Briem et al., 2019; 

Balac and Horl, 2021). Furthermore, synthetic populations have also been used in a great and 

diverse variety of other research fields: demographic sector (Gearda et al., 2013; Wu et al., 

2018; Alonso-Betanzos et al., 2021); future construction plans (Clark and Lomax, 2018; 

Alonso-Betanzos et al., 2021); health (Xu et al., 2017; Krauland et al., 2020; Alvarez Castro 

and Ford, 2021; QUB Planning School, 2021; Spooner et al., 2021; Wu et al., 2022); energy 

(Zaid and Pat, 2005; Druckman and Jackson, 2008; Panos and Margelou, 2019); and water 

(Willis et al., 2013; Rees et al., 2020).  

Despite of the previous synthetic populations examples, the use of existing models is not 

always possible due to constraints in data availability (Zhu and Ferreira, 2014), knowledge of 

the programming language used, scalability (Tanton, 2013) and inconsistencies in the format 

and accessibility of datasets (Lomax et al., 2022). These drawbacks especially affect AgBMs, 

as the number of attributes required is greater than for other applications, as a higher 

heterogeneity is required between the agents to represent their behaviours in space and 

time. 

 

3.3.2. Synthetic populations tools for a UK context 

For the UK context, two existing models were analysed with the goal of identifying the best 

of them to generate a synthetic population to simulate transport mobility behaviours with 

AgBMs. Firstly, SPENSER (Lomax et al., 2022) is a model for the UK. Secondly, Eqasim (Balac 

and Horl, 2021), is a model applied for several regions around the world but not in the UK, 

focused on developing synthetic travel demands for transport scenarios using AgBMs. With 

them, we consider two different possibilities: a dedicated model for the UK, and the possibility 

of adapting a model to the UK, respectively. 

SPENSER (Synthetic Population Estimation and Scenario Projection Model) (Lomax et al., 

2022) is an open-source spatial and dynamic microsimulation model developed by the 

University of Leeds. It allows the development of synthetic populations and projections of 
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people and households at fine spatial scale, from OA level (Output Area) (i.e., geographical 

areas where the resident population is between 100 and 635 persons (ONS, 2023a)) upwards, 

across the whole of Great Britain (Lomax, 2023). This model consists of six stages that allow 

definition of future infrastructure planning scenarios, although the development and 

projection of a synthetic population comprises only the first three (Lomax et al., 2022):  

¶ Stage 1: Data downloading and cleaning from official UK institutions from the latest 

census (2011 when writing this thesis) and projection data. UKCensusAPI tool extracts 

data from the different sources depending on the study area (i.e., the ONS for England 

and Wales, the National Records for Scotland (NRS), Statistics Wales and the Northern 

Ireland Statistics and Research Agency (NISRA)) and converts it into a common format. 

UKPopulation tool extracts household estimate data (disaggregated by household 

type), and projection data to the desired year (2019 in this thesis), taking into account 

future constraints (e.g., new housing developments) at local authority (LA) level. 

¶ Stage 2: The development of the baseline synthetic individual population and 

household datasets. Household microsynthesis tool creates synthetic households from 

census data, considering occupied private households, communal residences, and 

unoccupied dwellings. The output is consistent with census aggregate values at 

different geographical levels (e.g., OA). Humanleague tool creates the synthetic 

individuals, following several microsimulation methods, at MSOA level (i.e., Middle 

layer Super Output Areas)  level  (ONS, 2023a). The output is adjusted at LA level. 

¶ Stage 3: Projection of the baseline synthetic population from previous stage to the 

desired year. The projection stage handles households and individuals separately, 

projecting households in time (yearly) following a survival probability and considering 

new housing developments based on LA level household constraints collected in stage 

1 (i.e., using UKPopulation tool). Individuals are grouped into households using the 

assignment tool. Consequently, every individual is associated with a household and 

vice versa. The order in which households and individuals are matched is the following: 

o Matching HRP attributes (e.g., age, sex and ethnicity group) between both 

household and individual, so their relationships are preserved. 

o Partners of HRPs already assigned to a household. 

o Multi-person households. 
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o Communal households. 

Once a household is complete, no more individuals can be assigned to it. If there are 

still individuals unassigned to a household, they are associated to those households 

that are not yet complete. 

The output is a set of files containing information of each household and individual per LA 

level. Households are defined by 12 attributes: ID, OA area, type of accommodation, building 

and tenure, number of occupants, rooms, and bedrooms, type of central heating, household 

HRP domestic situation, HRP socio-economic class, HRP ethnicity and number of cars. 

Individuals are defined by six attributes: ID, household ID, age, sex, ethnicity group and MSOA 

area level (geographical areas where the resident population is between 5,000 and 15,000 

persons).  

Examples of research using SPENSER are Spooner et al. (2021), modelling epidemic scenarios 

between humans, and Wu et al. (2022) for small area health and socio-economic outcomes 

in Great Britain. 

 

Eqasim (Balac and Horl, 2021) is an open-source model used to develop synthetic travel 

demands to be applied to transport AgBMs, such as MATSim (Horni et al., 2023). It proposes 

a general pipeline that can be applied to many regions using open-access datasets (based on 

availability access to required datasets).  

The pipeline to develop a synthetic population is based on a multi-level spatial zoning system 

(Hörl and Balac, 2021c), where the greatest area (i.e., city) is sub-divided in smaller zones (i.e., 

boroughs, census zones). It uses micro-sample census data of the population (individuals and 

households) from the area of study, besides other institutional sources to get income 

information. The pipeline starts cleaning and transforming the input data, then socio-

demographic and economic attributes and household locations are generated, based on 

direct sampling from the micro-sample census data (Hörl and Balac, 2021c). The income is 

assigned per household based on a uniform distribution, considering the centile of the 

respective sub-level from the area of study. 
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The output from the synthetic population development is a list of households and individuals 

with their socio-demographic and economic attributes (household size, income and number 

of cars for households; and age, sex, employed, ongoing education and socio-professional 

category for individuals).  

The tool has been used for scenarios in Paris (Hörl and Balac, 2021c, 2021a; Eqasim, 2023b), 

California (Hörl and Balac, 2021d) and Sao Paulo (Eqasim, 2023a). 

 

Both models are open-source and allow generation of synthetic populations using open 

datasets for the UK (SPENSER) or for several areas in the world (Eqasim). Unfortunately, none 

of them is the ideal tool for the development of very detailed synthetic populations, as the 

number of attributes provided for each individual is scarce in both cases. SPENSER provides 

information for three attributes (age, sex and ethnicity group), Eqasim five (age, sex, 

employed, ongoing education, socio-professional category). The advantage of using AgBMs in 

transport is that individuals interact in space and time, and the more heterogeneity of agents 

in the model, the richer and more accurate the results that can be achieved, avoiding the risk 

ƻŦ ƘŀǾƛƴƎ Ƴŀƴȅ ǎƛƳƛƭŀǊ ŀƴŘ ΨǎǘŀƴŘŀǊŘΩ ŀƎŜƴǘǎ ǿƛǘƘ ǾŜǊȅ ǎƛƳƛƭŀǊ ŀǘǘǊƛōǳǘŜǎ ŀƴŘ ōŜƘŀǾƛƻǳǊǎΣ 

which would not represent the real population faithfully. 

Based on this comparison, the approach was the use of SPENSER with the development of the 

desired attributes applying a self-developed tool using census and statistical data of the area 

of study (see section 3.3.3). Consequently, the use of Eqasim was discounted as the entire UK 

census and statistical input datasets would need to be adapted to the tool and extra attributes 

would also need to be generated. 

The following section explains how a very detailed synthetic population for any region in the 

England can be generated, using SPENSER and the synthPopEng tool developed in this thesis. 

The output is a synthetic population with 12 different attributes for each individual in the 

study area. 
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3.3.3. Synthetic population methodology 

The methodology proposed to develop a very detailed synthetic population for any region in 

the UK consists of the combination of two main tools: SPENSER and synthPopEng (Alvarez 

Castro, 2022) (figure 9). The former creates the basic synthetic population, consisting of 

household and individual characteristics. The latter was developed as part of this PhD by the 

author to implement eight additional attributes based on the results obtained from the first. 

The inclusion of more socio-demographic and economic attributes is important to make the 

synthetic population more heterogeneous and diverse, closer to reality to replicate their 

behaviours more accurately. Lucas et al. (2016) model the travel behaviour of socially 

disadvantaged population segments in the UK and identify major differences in travel 

behaviour between individuals based on their household income, the presence of children 

and the possession of a driving licence, concluding that the inclusion of additional 

socioeconomic variables is useful for identifying significant differences in the trip patterns. 

 

 

Figure 9 Synthetic population. Attributes generated with SPENSER and synthPopEng. 

 

SPENSER (see section 3.3.23.3.2. Synthetic populations tools for a UK context for a detailed 

description) can be used directly through a Docker image (NISMOD, 2020), which allows using 

a Docker container in the command line and running the scripts, where the area of study (at 

LA level) and the year to project the base synthetic population are required. In this thesis, a 
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synthetic population of the NE of England was developed, consisting of eight LAs (Durham, 

Northumberland, Newcastle upon Tyne, Sunderland, Gateshead, South Tyneside, North 

Tyneside and Darlington) for the year 2019. 

The following steps were followed to generate the synthetic population: 

1. Download the image: Sudo docker pull spenser:1.5 

2. Run the image: Sudo docker run ςit spenser:1.5 

3. Generate the baseline synthetic individual population and household for the specific 

local authorities (LAs) (e.g., EXXXXXXX1) and at OA scale level: Python 

scripts/run_microsynth.py EXXXXXXXX OA 

4. Project the households and individuals to the desired year using a specific config file 

for a specific LA: Python scripts/run_ssm.py -c config/configFile.json EXXXXXXXX 

5. Group individuals into households by matching common characteristics between 

them and the household reference person (HRP), for a specific LA: Python 

scripts/run_assignment.py ςc config/ssm_default.json EXXXXXXXX 

The output for each LA consists of two files containing information about each household and 

individual, with the attributes highlighted in section 3.3.2. For more detailed information 

about how to use SPENSER, see Lomax et al (2022) (Lomax et al., 2022) and the Docker image 

(NISMOD, 2020). 

 

SynthPopEng is a set of Python Jupyter notebooks developed as part of these thesis that 

allows implementation of eight more socio-demographic attributes, incrementally assigned 

to the population, based on the relationships between the attributes (see Figures 10 - 20), 

SPENSER outputs, 2011 UK census, DfT and ONS datasets. Figure 10 shows the classification 

of these new attributes in three categories: family dependencies (green), spending power 

(blue) and mobility access (orange), besides the inter-dependencies among them.  

An open-access GitHub repository (Alvarez Castro, 2022) is available with all codes and 

detailed documentation explaining where to find the required dataset, data cleaning process, 

code dependencies, requirements and usage.  
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The methodology followed for each attribute, as well as the datasets used, are described 

below. 

 

Figure 10 Structure of the Python notebooks developed within the synthPopEng tool. 

 

Family dependencies 

Family dependencies are a critical component in human lives. Human behaviours are deeply 

linked to their family circumstances, such as being married or having children. Research 

studies have found that single individuals spend more time in leisure time (Lee and Bhargava, 

2004) and their physical activity is greater (Puciato and Rozpara, 2021) than their married 

counterparts. The presence of children in the family makes changes in the use of time, work 

situation and composition and size of social networks (Davy et al., 2007), encourages the use 

of the car (McCarthy et al., 2017) ŀƴŘ ŀŦŦŜŎǘǎ ƳƻǊŜ ǿƻƳŜƴΩǎ ǘǊŀǾŜƭ ǇŀǘǘŜǊƴǎ ǘƘŀƴ ƳŜƴΩǎ 

(McGuckin and Nakamoto, 2005; Ng and Acker, 2018). 
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Marital status 

 

Figure 11 Marital status attribute. Description of required inputs and expected output values. 

Marital status classifies individuals in two categories: married or single. To determine the 

value for each individual, characteristics such as the domestic situation of the HRP and the 

age of each individual sharing the household are considered. In the case that the domestic 

ǎƛǘǳŀǘƛƻƴ ƻŦ ǘƘŜ Iwt ƛǎ άmarried, same-sex civil partnership couple or cohabiting couple 

householdέΣ ǘƘŜ ƛƴŘƛǾƛŘǳŀƭ ƛǎ ƻƭŘŜǊ ǘƘŀƴ му ȅŜŀǊǎ ŀƴŘ ǘƘŜǊŜ ƛǎ ŀƴƻǘƘŜǊ ŀŘǳƭǘ ǿƛǘƘ ŀ ǎƛƳƛƭŀǊ ŀƎŜ 

(+/-10 years), then both individuals are considered married. In case there is more than one 

option, the closest in age to the HRP is selected. In the remaining cases, the individual is 

considered as single. Figure 11 shows the attributes used to generate the attribute and the 

different values assigned. 

 

Children dependency 

 

Figure 12 Children dependency attribute. Description of required inputs and expected output values. 
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This attribute identifies individuals with dependent children at home (Boolean value). Based 

on ONS definitions, dependent children are those aged under 16 years living with at least one 

parent or aged 16 to 18 in years in full-time education, excluding all children who have a 

spouse, partner or child living in the household (ONS, 2019). In this methodology, individuals 

are assigned children dependencies if their marital status is married or the domestic situation 

of the HRP is Ψlone parent householdΩ, the individual is older than 18 years and there is at least 

one child in the household (aged up to 16). In any other cases, the individual does not have 

any children dependencies. Figure 12 shows the attributes considered. 

 

Spending power 

Economic power is another factor that influences the behaviour of individuals, which is 

derived from their economic activity and occupation type. Close and Jundi (2020) conducted 

a survey in 2019 of adults living in the Tyne and Wear region (UK) to identify their willingness 

towards shared and emerging mobility services. Outcomes show that only specific groups in 

society are more attracted to those modes, principally younger residents aged under 40 and 

those with household incomes of over £60,000. Additionally, those with higher levels of 

education think more actively about environmental concerns and use more diverse transport 

modes than other groups in society, especially the youngest. In 2019, the UK Government 

released a report about inequalities in mobility and access in the transport system, showing 

that lower income households travel less overall in the UK, making nearly 20% fewer trips and 

travelling 40% less distances than the average household (Lucas et al., 2019). 

 

Economic activity 

Economic activity attribute classifies individuals in three categories (i.e., employed, 

unemployed and inactive), based on their age and sex attributes and external datasets from 

the 2011 UK Census (ONS, 2011c) and ONS (ONS, 2023c). The first contains detailed 

information of the three different economic activity categories, by sex, range of age and OA 

area in 2011, while the second contains regional annual statistical information of economic 
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activities by sex and range of age from 2019. Figure 13 shows the attributes used to define 

the economic activity for each synthetic individual. 

 

Figure 13 Economic activity attribute. Description of required inputs and expected output values. 

To transform the 2011 UK census data into a 2019 projected census data, two scale factors 

are required: one to project the changes of the total number of individuals per type of 

economic activity (employed/unemployed/inactive) from 2011 to 2019 (equation 4), and 

another to update population changes between 2011 and 2019 (equation 5). The first is 

calculated by comparing the total number of individuals per type of economic activity in 2019 

and those in 2011 using the ONS dataset (ONS, 2023c). This factor allows identification of the 

trend of individuals in each economic activity category in the area of study in the range of 

years. The second scale factor is calculated by comparing the total population per range of 

age, sex and OA area from the 2019 synthetic population created with SPENSER and the one 

from the 2011 UK census. This factor allows determination of whether the population has 

increased or decreased in the eight-year gap considering the previous three attributes. 

3ÃÁÌÅ ÆÁÃÔÏÒ ÅÃÏÎÏÍÉÃ ÁÃÔÉÖÉÔÙ Ø

/.3 ÎÕÍÂÅÒ ÏÆ ÉÎÄÉÖÉÄÕÁÌÓ ÐÅÒ ÓÅØ ÁÎÄ ÒÁÎÇÅ ÏÆ ÁÇÅ ÉÎ ÅÃÏÎÏÍÉÃ ÁÃÔÉÖÉÔÙ Ø ςπρω

/.3 ÎÕÍÂÅÒ ÏÆ ÉÎÄÉÖÉÄÕÁÌÓ ÐÅÒ ÓÅØ ÁÎÄ ÒÁÎÇÅ ÏÆ ÁÇÅ ÉÎ ÅÃÏÎÏÍÉÃ ÁÃÔÉÖÉÔÙ Ø ςπρρ
 

Equation 4 Scale factor used to project economic activity values to 2019. 

3ÃÁÌÅ ÆÁÃÔÏÒ ÐÏÐÕÌÁÔÉÏÎ ÐÅÒ /! ÁÒÅÁ

ÐÏÐÕÌÁÔÉÏÎ ÉÎ ςπρω ÐÅÒ /! ÁÒÅÁȟÒÁÎÇÅ ÏÆ ÁÇÅ ÁÎÄ ÓÅØ

ȾÐÏÐÕÌÁÔÉÏÎ ÉÎ ςπρρ ÐÅÒ /! ÁÒÅÁȟÒÁÎÇÅ ÏÆ ÁÇÅ ÁÎÄ ÓÅØ 

Equation 5 Scale factor for the population per OA area. 
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The combination of both scales projects the number of individuals per type of economic 

activity from 2011 to 2019 per OA area, considering five range of ages ((16, 24), (25, 34), (35, 

49), (50, 64), (65, 120)) and two types of sex (male, female).  

Once the 2011 census data is projected to 2019, individuals from the 2019 synthetic 

population are categorised as one of the three economic activity options considering their 

ƭƻŎŀǘƛƻƴ όƘƻǳǎŜƘƻƭŘΩǎ OA area), range of age and sex. Additionally, the inactive category was 

assigned an extra constraint to select those individuals whose household socio-economic 

class is student (NSSEC = 9), as this category is considered as inactive. Similarly, those 

individuals whose household socio-ŜŎƻƴƻƳƛŎ Ŏƭŀǎǎ ƛǎ άNever worked and long-term 

unemployedέ όNSSEC = 8) ǿŜǊŜ ŀǎǎƛƎƴŜŘ ǘƻ ǘƘŜ Ψ¦ƴŜƳǇƭƻȅŜŘΩ class.  

 

Occupation 

Occupation attribute was defined in two ways, depending on the economic activity of the 

individuals. In case individuals were classified as employed or unemployed, the occupation 

attribute classifies them in nine types. 

 

Figure 14 Occupation attribute for employed or unemployed agents. Description of required inputs and expected output 
values. 
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The classification is based on their sex, age and economic activity attributes, the first two 

being generated with SPENSER, the last with the syntheticPopEng methodology developed in 

this thesis, showing the incremental assignment procedure followed to build a more 

heterogeneous and detailed synthetic population. Additionally, external datasets from the 

2011 UK Census (ONS, 2011d) and 2019 ONS (ONS, 2022a) are used. The first identifies the 

number of individuals of each category per OA area and range of age in 2011, while the second 

contains regional annual statistical information of occupations per LA and sex. Figure 14 

summarises the inputs used and outputs obtained. 

Similar to the economic activity attribute, two scalar factors for each category were required: 

one to project the total amount of individuals for each category, and another to quantify the 

increase or decrease of the total population per OA area in the eight-year gap, which is the 

same for each occupation category. Both scale factors were obtained in the same manner as 

in the previous attribute (equations 4 and 5). 

Once the 2011 census data is projected to 2019, individuals from the 2019 synthetic 

population are categorised as one of the nine occupation options, based on their location 

όƘƻǳǎŜƘƻƭŘΩǎ OA area), range of age and sex. In this case, the percentage of individuals per 

sex are not projected per OA area, as this value is not known from the 2011 census. 

Consequently, the occupation type sex-proportion is based on global data from 2019 ONS 

only (ONS, 2022a). Additionally, the order in which the occupation categories were assigned 

per sex differ, as those occupation where more individuals of a specific sex are allocated in 

real life were prioritised, based on ONS data (ONS, 2022a).  

 

Five different categories (student, looking after family or home, sick, retired, and other) were 

assigned to those individuals classified as inactive in the previous economic activity attribute. 

This classification is based on the same already generated attributes (i.e., age, sex and 

economic activity), besides external datasets from the 2011 UK Census (ONS, 2011b) and 2019 

ONS data (ONS, 2023c) (figure 15). The first quantifies the number of inactive people in each 

inactive category in 2011 per OA area, while the second quantifies the annual percentage of 

inactive individuals per category and sex.  
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Figure 15 Occupation attribute for inactive agents. Description of required Inputs and expected output values. 

 

Similarly, two scale factors per inactive category to project the data to 2019 were required. 

These factors were calculated in the same manner as in the previous attributes (equations 4 

and 5). The way that individuals were categorised in each type of inactivity depends on the 

inactive category: 

Synthetic iƴŘƛǾƛŘǳŀƭǎ ŀǊŜ ŎŀǘŜƎƻǊƛǎŜŘ ŀǎ ΨǎǘǳŘŜƴǘǎΩ if they meet one or more of the following 

requirements in descending order:  

¶ The household where they are allocated belongs to education (QS420_CELL = 26).  

¶ Their HRP socio-economic class is student (NSSEC == 9). 

¶ The household is considered a multi-person household (LC4408_C_AHTHUK11 = 5) 

and their age is between 16 and 35 years. 

¶ The household is considered as a one-person household, married, cohabitating couple 

(LC4408_C_AHTHUK11 = 1, 2, OR 3) and their age is between 16 and 35 years.  

In the case that more individuals need to be categorised as students per OA area, individuals 

are chosen based on their age, assuming young individuals have more chances to be 

considered as students. 

LƴŘƛǾƛŘǳŀƭǎ ŀǊŜ ŎƭŀǎǎƛŦƛŜŘ ŀǎ Ψlooking after family or homeΩ ǿƘŜƴ ǘƘŜȅ ƳŜŜǘ ƻƴŜ ƻǊ ƳƻǊŜ ƻŦ the 

following requirements, in descending order:  
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¶ Their marital status is married and have children dependencies. 

¶ Their marital status is married, do not have children dependencies and are considered 

the oldest in the OA area.  

It was assumed that families with children are more likely to keep one member at home 

(especially women based on (ONS, 2023c)) and that within older marriages the presence of 

one member at home is more likely than other family compositions. In the case that more 

individuals need to be included in this category per OA area, individuals are chosen based on 

their age, assuming older individuals have more chances to be considered in this category. 

ΨwŜǘƛǊŜŘΩ individuals were identified based on their age only: 

¶ First those between 60 and 64 years old. 

¶ Secondly those between 55 and 59. 

¶ Thirdly those between 50 and 54. 

¶ Finally, anyone below 50.  

Additionally, any inactive individual aged 65 or more was considered as retired, due to lack of 

information for individuals older than 64 years within the ONS dataset (ONS, 2023c). 

Ψ{ƛŎƪΩ individuals were classified based on their age as well, choosing first those aged between 

50 and 64 and secondly (if necessary) those below 50, assuming older people are more likely 

to be considered sick than younger generations. 

/ŀǘŜƎƻǊȅ ΨotherΩ ǿŀǎ ŀǎǎƛƎƴŜŘ ǘƻ ǘƘƻǎŜ ǊŜƳŀƛƴƛƴƎ ƛƴŘƛǾƛŘǳŀƭǎ ǘƘŀǘ ǿŜǊŜ ƴƻǘ ŎŀǘŜƎƻǊƛǎŜŘ ƛƴ ŀƴȅ 

of the previous options. 

 

In each of the previous categories (occupations for employed, unemployed and inactive), 

obtained results were compared against 2019 ONS statistical data (ONS, 2023c). If the 

percentage differences between all individuals of a category were greater than 1%, the first 

scale factor was updated to increase or decrease the number of required individuals in each 

category. Lastly, all individuals aged below 16 were considered aǎ ΨƛƴŀŎǘƛǾŜ ŎƘƛƭŘǊŜƴ ǎǘǳŘŜƴǘǎΩ. 
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Annual gross income 

Annual gross income was defined in two ways, depending on the economic activity of the 

individuals. The annual gross income for those employed or unemployed individuals is based 

on their sex and age, occupation and external datasets from ONS (ONS, 2022d, 2022c, 2022b) 

(figure 16), following an incremental procedure as in the occupation attribute. The first ONS 

dataset contains statistical information of minimum and maximum annual gross income per 

occupation type and year at region scale, the second quantifies the gender pay gap per UK 

region and year, and the latter quantifies statistical values for the annual gross income per 

range of age in England. 

 

Figure 16 Annual gross income attribute for employed or unemployed agents. Description of required inputs and expected 
output values. 

 

For each occupation, an iterative process is followed until statistical values obtained 

(minimum, maximum, mean and median) are relatively similar to those from ONS (2022d), 

(i.e., the relative error threshold is below 0.1 in absolute value (equation 6)). 

Ὁὶὶέὶ ὸὬὶὩίὬέὰὨ
ὕὦίὩὶὺὩὨὅὥὰὧόὥὰὸὩὨ

ὕὦίὩὶὺὩὨ
 

Equation 6 Error threshold used to estimate the accuracy of the minimum, maximum, mean and median value for each 
occupation type. 
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Firstly, the maximum and minimum annual gross income values for a specific occupation are 

estimated, based on ONS (2022d). Depending on the age of the individual, a minimum and 

maximum value are defined within the previous global minimum and maximum values based 

on statistical values from ONS (2022b), where the annual gross income per range of age is 

defined. Mean values from 2019 show that the range of age earning the lowest is between 

16 and 17, followed by 18-21, 22-29, 60+, 30-39, 40-49 and finally 50-59. These values are 

manually adjusted proportionally to the global minimum and maximum values that can be 

earned for the occupation. Values per range of age are not disaggregated per occupation type 

but are global values for the whole UK. It is assumed that the order in which the different age 

range is allocated are applicable for all the different occupation types. Once the minimum and 

maximum values are estimated for the specific occupation and range of age, a random value 

is chosen between the ranged values and the gender pay gap per occupation type is applied. 

If the individual is a female, the annual gross income assigned before is reduced by half of the 

gender pay cap value obtained from ONS (2022b). In the case that the individual is a male, 

the annual gross income assigned before is increased by half of the gender gap value. 

Once the annual gross income is assigned to all individuals from the same occupation type, 

statistical values (min, max, median and percentiles) are compared against those from ONS 

(2022d). If results are not close enough to those expected, then it is necessary to modify the 

estimated global minimum and maximum values, as well as those estimated for the range of 

ages. This procedure is iterated as many times as required until results obtained are 

significantly close to those from ONS (2022d) (i.e., the relative error threshold is below 0.1 in 

absolute value (equation 6)). 

At this stage, the annual gross income values obtained are statistically similar to those in 

reality, although the earnings based on range of ages could not be correct, since the values 

were heavily dependent on estimations. To achieve better results about the median income 

per range of ages, income values from agents earning less than expected were exchanged 

with those earning more than expected, assuming more heterogeneity of incomes between 

the individuals of different occupations in the same range of ages. This iterative process needs 

to be run as many times as required, until calculated median gross income value for the 

people in each range of age is within suitable limits to the data provided by the ONS (2022c). 
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It is important to highlight that ONS values refer to the whole UK and the synthetic population 

developed is for a specific region, so differences are expected. 

 

For those individuals categorised as inactive, the annual gross income attribute is assigned 

based on different attributes and statistical values, depending on the inactivity type (Figure 

17): 

 

Figure 17 Annual gross income for inactive agents. Description of required inputs and expected output values. 

 

¶ ΨRetiredΩ individuals were assigned the annual gross income value depending on their 

marital status, applying data from the UK Government (Department for Work and 

Pensions UK, 2020), where median annual gross incomes per year are defined per 

marital status. 

¶ ΨSickΩ individuals get the annual gross income values based on the PIP (Personal 

Independence Payment) (UK Government, 2023e) and Universal Credit (UK 

Government, 2023f). The first are some benefits individuals can get when suffering a 

long-term physical or mental health condition or disability, or difficulty doing certain 

everyday tasks or getting around. The second is a payment to help with living costs. 

The final value assigned depends on their age and children dependencies. 
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¶ Those indivƛŘǳŀƭǎ Ψlooking after home or familyΩ ŀǊŜ ŀǎǎƛƎƴŜŘ ŀƴ ŀƴƴǳŀƭ ƎǊƻǎǎ ƛƴŎƻƳŜ 

based on the carers allowance (UK Government, 2023a) and Universal Credit (UK 

Government, 2023f) , considering their age and children dependencies as well. 

¶ ¢ƘƻǎŜ ŎƭŀǎǎƛŦƛŜŘ ŀǎ ƛƴŀŎǘƛǾŜ ΨƻǘƘŜǊΩ were assigned their annual gross income based on 

Universal Credit only (UK Government, 2023f) and depending on their marital status, 

age and children dependencies. 

¶ [ŀǎǘƭȅΣ ΨstudentsΩ get their annual gross income based on their age and a random 

number of hours worked per week (from five to 20), being the payment per hour 

dependent on the age of the individual, where the minimum refers to the national 

minimum wage per age (UK Government, 2023d) and the maximum an estimated 

value. It was assumed that all students earn an income, regardless of whether it is 

obtained from work or any other alternative (e.g., family) 

 

Mobility access 

The access to different transport modes also defines and conditions human travel behaviours 

when carrying out their daily routines. The possibility of accessing a car brings the possibility 

of going anywhere whenever, while its lack conditions movements and possibilities if other 

transport modes are not an alternative. This could generate barriers to employment, 

education and healthcare, besides producing social isolation (Lucas et al., 2019). Socio-

demographic attributes also affect the use of cars, as highlighted by Tiikkaja and Liimatainen 

(2021), where it is stated that women have less access to the household car than men. Linked 

to the use of a car is the possession of a driving licence, which depends on socio-demographic 

attributes such as age and sex, among others (DfT, 2023b; NTS, 2023e). Møller and Jensen 

(2022) identify in Denmark that the existence of several cars in a high-income household, with 

no historic records of accidents, increases the likelihood of licencing at young ages. An 

alternative mode of transport is the use of bicycles. Based on NTS (2023 a), the ownership of 

a bicycle differs on age, with young individuals (aged 5 to 10) being more likely to have access 

to bicycles (83%) than any other individuals in different range of ages, although a peak 

between those aged 40 to 49 is observed (50%). 
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Driving license 

 

Figure 18 Driving license attribute. Description of required inputs and expected output values. 

 

Driving license attribute identifies driving license holders (Boolean attribute) based on their 

attributes and external datasets from NTS (DfT, 2023b; NTS, 2023e) (Figure 18). The first 

provides information of percentages of driving licence holders per range of age and sex in 

England and the second the percentages of driving licence holders per sex only in different 

regions of England. In this case, the NTS information does not provide any detailed spatial 

definition (e.g., OA or MSOA area), only percentage values related to England (DfT, 2023b) or 

a specific English region (NTS, 2023e). Consequently, only the range of ages, sex and the 

number of cars in household attributes were considered. 

When comparing both NTS datasets, it is possible to estimate the percentage of males and 

females by range of age that hold a driving licence per year in the area of study. In the 2019 

case, the percentage of males with a driving licence in the NE is 79%, while the total 

percentage of men in England with driving licence is 80%. Because these two values are very 

similar, it was assumed that the mean value of driving licences in England per range of ages 

could be applied to the NE males. In the case of females, the values were weighted for each 
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range of age (equation 7), as differences were more significant (63% in the NE and 71% in 

England). 

ÆÅÍÁÌÅÓÁÇÅÄ ØȟÙ.% 
Ϸ ÆÅÍÁÌÅÓÁÇÅÄ ØȟÙ ÉÎ %ÎÇÌÁÎÄ

ÔÏÔÁÌ Ϸ ÆÅÍÁÌÅÓ %ÎÇÌÁÎÄ Ⱦ ÔÏÔÁÌ Ϸ ÆÅÍÁÌÅÓ .%
 

Equation 7 Weighted value for each female group of age. 

 

At that stage, the percentage of individuals holding a driving license per range of age and sex 

in the NE region was estimated. 

When assigning the driving licenses to the agents, the number of cars in the household are 

also considered. As Tiikkaja and Liimatainen (2021) state, the existence of cars in a household 

does not mean that every adult in the household can use it. To identify those with a driving 

license, it was firstly assumed that at least one adult in a household with at least one-car holds 

a driving licence. This constraint avoids having households with vehicles and no one being 

able to use them. Secondly, it is also known that the possession of a driving licence does not 

imply the necessity of having a car. Therefore, it was assumed that individuals living in 

households with more than one car have a higher probability to hold a driving licence than 

those living in a household with one car, and even more than those without a car in the 

household. Initially, the probability values for each category were assigned randomly and 

were adjusted after a few iterations. The best results were obtained when these values were 

0.2, 0.3 and 0.5 for households without a car, with one car and with more than one, 

respectively. 

 

Car access 

The car access attribute identifies those individuals who can use a car from the household 

(Boolean value). The individuals are allowed to have access to a car if two conditions are 

satisfied: they hold a driving licence, and the household has at least one car. In any other 

cases, individuals are not allowed to have access to a car from the household. Figure 19 shows 

the attributes considered when assigning synthetic individuals the possibility of access to a 

car in the household. 
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Figure 19 Car access attribute. Description of required Inputs and expected output values. 

 

Bicycle access 

This attribute identifies those individuals who have access to a bicycle in the household 

(Boolean value), using statistical data from the NTS (NTS, 2023a), where information about 

bicycle ownership by age in England is provided. Due to the scarcity and lack of detail of 

information on bicycle ownership, the individuals with bicycle access were randomly selected 

based on their age only. No spatial characteristics were considered, as spatial data related to 

the number of people owning bicycles were not found. Figure 20 shows the attributes 

considered when assigning synthetic individuals to access bicycles. 

 

Figure 20 Bicycle access attribute. Description of required inputs and expected output values. 

 

3.3.4. Synthetic population outcome, reproducibility and limitations 

The outcome of all the steps followed in section 3.3.3 provides a very detailed synthetic 

population, which overcomes the limitations of the existing methods described in section 

3.3.2 to generate a heterogeneous synthetic population. This achievement allows the 

possibility of taking into account minority groups within society that would be ignored in the 
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case of a minor amount of attributes, showing a more realistic view of the world. Table 1 

summarises the attributes generated for each agent in the synthetic population. 

 

Individual 

Column Comment Values 

Individual ID Individual unique ID  Unique NTS Individual ID 

Household ID Household unique ID NTS Household ID 

Age Numerical age value 0-85 

Sex Gender - 2 categories 1 (males),2 (females) 

Marital status Marital status - 2 
categories 

Married, single 

Children dependency Children dependency Boolean 

Economic activity Type of economic activity - 
3 categories 

Employed, unemployed, inactive 

Occupation Type of occupation - 
grouped in 14 categories 

Managers, directors and senior 
officials 

Professional occupations 
 Associate professional and technical 

occupations 
 Administrative and secretarial 

occupations 
Skilled trades occupations 

Caring, leisure and other service 
occupations 

Sales and customer service 
occupations 

Process, plant and machine 
operatives 

Elementary occupations 
Student 
Retire 
Sick 

Looking after home /family 
Other 

Income Income value grouped in 
deciles 

Numeric value starting at 1 

Driving licence Driving licence holder - 2 
categories 

Boolean 

Car access Access to car in household- 
2 categories 

Boolean 

Bike access Access to bicycle in 
household- 2 categories 

Boolean 

Table 1 Description of the attributes generated for the synthetic population. A definition of the attribute name (first 
column), a short description of their meaning (second column) and expected values (third column) are provided. 
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Reproducibility and time requirements 

This self-developed methodology is easily transferable to any other region in England, simply 

by adjusting the parameter values related to the region of interest for each of the desired 

socio-demographic attributes. 

The computational time varies depending on the attribute calculated and the amount of 

synthetic individuals processed. In the case of the NE of England (circa 2.6 million synthetic 

individuals) the estimated times varied between one hour (e.g., marital status, children 

dependency, bicycle access, car access) and a day (e.g., economic activity, occupation, annual 

gross income, driving license). 

 

Limitations  

The proposed methodology described above is based on incremental attribute assignment. It 

initially starts with only consideration of attributes obtained from SPENSER (as in the case of 

marital status and children dependency), and gradually includes some of the attributes 

developed within the methodology, supported by statistical datasets from the UK census 

2011, ONS and NTS. Figures 11 ς20 show the dependencies of each new attribute with the 

previous generated ones. This incremental procedure can result in uncertainties and 

propagate inaccuracies to attributes generated subsequently that could produce an 

unrealistic representation of the population from the study area. Consequently, the annual 

gross income attribute could be less accurate than the economic activity, as the first is 

calculated after generating the economic activity and occupations attributes, while the 

second is directly derived from SPENSER attributes and official datasets only. Figure 10 shows 

the order, and therefore their dependencies, in which attributes are generated. 

Additionally, the population projection from 2011 UK census data to 2019 (based on ONS 

statistics) follows a purely linear projection, based on statistical data without considering any 

changes in employment, new construction developments or transport infrastructures at 

specific locations in the study area. This limitation assumes that the proportion of individuals 

with certain characteristics increase or decrease proportionally in each area based on the 

relationship between 2019 and 2011 statistical values, as described in equations 4 and 5. 
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In order to minimise these uncertainties, several validation procedures were applied to the 

new attributes. Aggregated results considering several socio-demographic attributes at once 

(e.g., age and sex) but also their geospatial distribution at MSOA level were compared against 

statistical and spatial data from ONS and NTS, conditioned by the available resources (see 

section 4.1.1). This validation stage provides a measure of the level of confidence that can be 

achieved and quantify the accuracy and precision obtained. Sections 5.2.1 discusses the 

validated results. Despite the validation procedures followed, the results obtained cannot be 

considered as the ground truth. A more exhaustive validation method is required where more 

than two attributes are compared together (e.g., age, sex, income and marital status) to link 

the interconnections of the selected attributes and obtain a more realistic representation of 

society. This area of improvement has been highlighted as future work in section 5.4.1 to 

achieve more precise and accurate results. 

 

3.3.5. Activity plans 

Activity plans are the other main component required to generate a synthetic travel demand, 

complementing the synthetic population described above. They define the activities 

performed by each individual during a normal working day, containing information about 

their purpose of trips, starting-ending times, origin-destination locations and transport modes 

used, among others.  

This information is sensitive, and the level of granularity provided depends on the purpose 

and scope of the project. The acquisition of this data is not open to the public at a very 

detailed spatial resolution, due to privacy reasons, as this information could help identifying 

patterns of specific individuals. Currently, two main data sources store this information: travel 

diaries and mobile phone data. 

Travel diaries are household surveys that contain information of the trips generated by 

individuals in a specific area and time. This information, combined with their socio-

demographic attributes, allows the analysis of the daily mobility behaviours and patterns at 

the individual and aggregated level of detail. These surveys have some shortcomings, mainly 

due to trip omissions when individuals are surveyed (Wolf et al., 2003; Forrest and Pearson, 

2005). Additionally, the lack of accuracy provided by the citizens when estimating the trip 



85 
 

times, distances, locations and routes followed (Stopher and Greaves, 2007; Stopher et al., 

2007) can affect the analysis and understanding of human mobility. 

In the UK, the National Travel Survey (NTS) is the source of up-to-date and regular information 

about personal travel patterns by residents of England within Great Britain and monitoring 

trends in travel behaviour (Cornick et al., 2020). The annual surveys collect information on 

how, why, when and where people travel as well as factors affecting travel (DfT, 2023i), 

besides their socio-demographic attributes. In 2019, 6,162 households participated, including 

people in all age groups and children (DfT, 2020c). Within the NTS, different datasets can be 

accessed: NTS (DfT, 2022b), NTS special licence access (DfT, 2022a) and NTS secure access 

(DfT, 2023h). The three datasets contain the same information (i.e., socio-demographics and 

travel diaries) from 2002 to 2021, although their spatial resolutions and requirements to get 

access to the data differ between them. 

Due to the limitations in the collection of travel diaries highlighted before, the use of mobile 

phone data has been considered as an alternative. The most widely applied type of mobile 

phone data in travel behaviour research are cellular network-based data (Wang et al., 2018; 

Wu et al., 2019), although GPS, Wi-Fi and Bluetooth positioning systems could be used (Wang, 

et al., 2018). This data has been widely used for travel recognitions (Yang et al., 2016; Gong 

et al. 2018; Wang et al. 2018; Marra et al., 2019; Guo et al., 2022, 2023), which proof its 

usefulness for AcBMs (Cui et al. 2021; Hafezi et al., 2021; Guo et al., 2023) and AgBMs. 

The use of mobile phone data has some advantages when compared against traditional travel 

diaries. Firstly, the sample is not affected by unconscious bias introduced by the individuals 

in surveys, but recorded data show what individuals do (Franco et al., 2020). Secondly, other 

potential biases are reduced as a larger geographic area is covered (Wang et al., 2018; Wu et 

al., 2019), although it depends on the market penetration of the telecom company collecting 

the data (Wang et al., 2018). Franco et al. (2020) achieved a 30% penetration in their analysis, 

which is greater than the average percentage of individuals surveyed in travel diaries. This 

population sample increase helps in reducing the gaps when new dwellings and regenerated 

areas are not covered by traditional methods (Franco et al., 2020). Lastly, this data is rich in 

spatio-temporal information (Wang et al., 2018).  
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Despite their advantages, mobile phone data also have some disadvantages. The first is the 

lack of socio-demographic attributes of the individuals (Wang et al., 2018) due to privacy 

reasons (Chen et al., 2016; Guo et al., 2023), although some attributes could be provided (e.g., 

age and gender (Franco et al., 2020)). Secondly, this information can only be obtained directly 

from telecom companies based on specific licences and agreements to keep clientsΩ privacy 

secured (Wang et al., 2018). Thirdly, and linked to the previous, the data provided by telecom 

companies are spatially and temporally aggregated and anonymised (Chen et al., 2016; 

Franco et al., 2020). Fourthly, due to spatial aggregations, short trips can be underestimated 

since several trips can be done within the same aggregated area, being impossible to be 

identified (Franco et al., 2020). Fifthly, secondary activity types (e.g., shopping, medical 

appointment) are difficult to recognise (Guo et al., 2023), as well as the transport modes used 

(Franco et al., 2020), although both can be inferred based on assumptions and dedicated 

algorithms.  

 

3.3.6. Activity plans assignment 

The methodology explained in this section covers the identification of the most relevant 

activity plan data source from the options listed in the previous sections and an Exploratory 

Data Analysis (EDA) of the dataset chosen to identify only those activity plans to be used, 

based on spatial and temporal patterns (figure 21).  

 

Figure 21 Activity plan. Methodology followed to assign activity plans to the synthetic individuals. 

 

Once the data is identified, cleaned and processed, the method to assign daily activities to 

each agent in the 2019 synthetic population is explained, considering common socio-
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demographic attributes between both datasets and travel relationships between individuals 

living in the same household. Finally, it is explained how activity locations are assigned to each 

individual, depending on the trip purpose. 

The potential benefits of each available and identified data source for agents' activity plans 

were analysed to assess the potential benefits of each one, allowing the selection and use of 

the most appropriate sources for this project. The use of mobile phone data was discarded 

based on the following reasons:  

¶ Although an open license was obtained from a telecom company (O2 Telefónica) to 

use 2016 data from the area of study, the data was temporally (hourly) and spatially 

(MSOA area) aggregated as OD matrices, due to privacy reasons.  

¶ The anonymised data did not contain any socio-demographic attributes.  

¶ The activity types provided in the data were very scarce (e.g., home based work, home 

based other, none home base).  

¶ Only two transport modes were identified (i.e., road, rail).  

¶ The possibility of underestimating short trips due to spatial aggregation could lead to 

the absence of many of these trips in the data, which are fundamental in the project, 

as they are the main type of trips that can be walked and cycled.  

Consequently, NTS travel diaries are regarded as the best option, although biases in trip 

omissions and poor trip characteristic estimations could affect the quality of the data. The 

three national survey datasets cited before have the required data to develop a very detailed 

synthetic travel demand. They contain a wide variety of socio-demographic attributes (with 

nine attributes matching those developed for the 2019 synthetic population), as well as very 

detailed seven-day travel diary plans from each individual surveyed (23 activity purposes, 

starting and ending times in minutes, 28 travel modes). Additionally, travel diaries range from 

2002 to 2021, which will allow a larger sample size to be used, as the number of surveyed 

households per year is low, varying from 2,822 (year 2020) to 9,453 (year 2004). Within them, 

the NTS special licence dataset (DfT, 2022a) was chosen for the following reasons: 

¶ The spatial granularity is at LA level, enabling the use travel diaries from the whole of 

England with similar patterns to those in the area of study and discard outliers (e.g., 

London). This will allow for increasing the number of travel diaries that could be used, 
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instead of being constrained to those travel surveys within the study area. The other 

alternative datasets have spatial granularities at rural/urban (DfT, 2022b) or OA area 

scale (DfT, 2023h), which are non-detailed or very detailed for the purpose of this 

thesis, respectively. 

¶ The acquisition of the dataset requires a simple (although it is a long process over 

time) approval from the data owner. The other two alternatives require either 

minimum (DfT, 2022b) or very concise and specific (DfT, 2023h) approval processes.  

 

As previously highlighted, an extremely low number of households are surveyed per year, 

which implies that only a small representation of the population is considered. To increase 

the number of travel diaries and therefore, their heterogeneity, travel diaries from several 

years and areas of England need to be used, instead of only those from 2019 and the Tyne 

and Wear region. Consequently, the spatio-temporal framework was analysed via an EDA to 

identify individuals with similar activity plans in space and time to those in the area of study 

in 2019 and discard any outliers.  

Results show very similar mobility patterns in every region in England except London. Figures 

22 and 23 show similar trip purposes and transport modes respectively, between all regions 

except in London (red line), where quite different values are obtained (London is a region 

where the use of cars is lower than any other, while the use of public modes is the opposite). 

Within similar regions, differences are minimum. Some minor discrepancies can be observed 

in sport, holiday and other trip purposes (figure 22), and the use of other local buses (figure 

23), which indicate that people in those regions have similar mobility patterns.  

Travel mobility patterns were also analysed based on the evolution of the average number of 

trips by day of week (figure 24) and month (figure 25) between 2002 and 2019. Results show 

that from 2002 until 2011, less trips were made every year, decreasing linearly. Since 2011, 

the trends are stabilised, although differences between weekdays and weekends are 

observed, especially on Sundays, where around a 40% fewer trips are made when compared 

to weekdays (figure 24). In the case of months (figure 25), similar patterns from 2011/2015 

to 2015/2019 are shown, indicating that people tend to do fewer trips now than before. 

Differences can be observed between months as well, with February and August differing the 
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most when compared to the others, but following the similar trend, although fewer clear 

patterns can be identified.  

Besides the previous analysis, the trips in progress by time of day of week and trip purpose 

by trip start time from 2006 to 2019 (figures 26 and 27) were also compared. Results show 

that patterns are stable in time, with minimum differences for weekdays (between morning 

and afternoon peaks), although more variability can be observed during weekend days (figure 

16). In the case of the activity purposes (figure 27), very small differences can be observed in 

the 13-year analysis period, indicating that travel patterns are kept relatively constant in time 

during weekdays, experiencing the morning and afternoon peaks at the same time. 

 

 

Figure 22 Average number of trips by person, trip purpose and region 2018/2019. 
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Figure 23 Average number of trips (trip rates) per person by main mode, region in 2018/2019. 

 

Figure 24 Average number of trips by day of the week in England (2002-2019). 

 

Figure 25 Average number of trips (trip rates) by month, England. 
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Figure 26 Trips in progress by time of day and day of week in England between 2006 and 2019. 

 

Figure 27 Percentage of trip purpose by trip start time (Monday to Friday only), England 2007/2019. 

Consequently, the conclusion made regarding the spatial and temporal extension of travel 

diaries to use in the research project was clear. All regions except London were considered as 

similar in travel mobility patterns, as well as those travel diaries surveyed between 2011 and 

2019. Additionally, to make the simulations reflect a normal working day, only weekdays 

when children have educational activities were selected. This last constraint considers two 

premises: to avoid the effect of weekends and the effect of different activity patterns in 

children and their parents. Every weekend, bank holiday, summer, Easter and Christmas 

holidays were discarded. 

 



92 
 

Attribute Value 

Age 0-5 
6-10 
11-15 
16-19 
20-29 
30-39 
40-49 
50-59 
60-64 
65-75 
>75 

Sex 1 (male) 
2 (female) 

Marital status Married or couple 
Single 

Children dependency True 
False 

Economic activity Employed 
Unemployed 

Inactive student 
Inactive retired 

Inactive looking after home/family 
Inactive sick 

Inactive other 
Inactive child student 

Income Decile 20 
Decile 40 
Decile 60 
Decile 80 
Decile 100 

Driving license True 
False 

Car access True 
False 

Bicycle access True 
False 

Table 2 Common socio-demographic attributes and values between NTS and synthetic individuals generated in the synthetic 
population. 

In total 1,038,736 unique trips from 336,008 different days and 90,578 unique individuals 

were considered. Individuals were grouped in hƻǳǎŜƘƻƭŘǎ ōŀǎŜŘ ƻƴ ŎƻƳƳƻƴ ΨƘƻǳǎŜƘƻƭŘ L5Ω 

attribute, with the same 12 socio-demographic attributes and values as those individuals from 

the 2019 synthetic population developed in section 3.3.3 (see table 2). Trips were defined by 
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11 attributes, providing information about the purpose (14 categories), starting and ending 

time, main mode of transport (seven categories), journey sequence in the day, and distance. 

 

Once the activity plans were identified, it was necessary to develop a methodology to transfer 

them to the individuals generated in the 2019 synthetic population and obtain the complete 

synthetic travel demand required. 

This procedure considers the socio-demographic attributes of the agents from both datasets. 

The assumption made was that individuals with similar socio-demographic attributes behave 

and act in an analogous manner. Scientific examples in favour of this assumption were given 

in section 3.3.3, where the development of new attributes for the 2019 synthetic population 

(i.e., family dependencies, spending power and mobility access) were considered as crucial to 

differentiate travel behaviours between individuals with different characteristics. 

Additionally, it was observed that the NTS dataset includes the possibility of accompanying 

another member of the household to work, school, home or other activity (escort activities). 

This implies that the NTS dataset keeps those interactions between members of the same 

household (when provided by the surveyed individuals only), which are key factors to be 

considered when a realistic synthetic travel demand is generated. 

The methodology developed to match individuals from both datasets was applied with the 

Activity_plans_dev tool (Alvarez Castro, 2023), a set of open-source Python Jupyter 

notebooks developed by the author as part of this study. This tool allows the identification of 

individuals from the 2019 synthetic populations with both similar personal and family 

characteristics to those individuals from the NTS dataset. The similar personal characteristics 

and values considered are their nine common socio-demographic attributes, while the similar 

family characteristics depend on the family dependency attributes only (marital status and 

children dependency). 
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Figure 28 Workflow diagram showing the methodology followed to transfer NTS travel diaries to the synthetic individuals 
based on their socio-demographic attributes. 

 

The chosen methodology works as follows (figure 28). A single individual from the 2019 

synthetic population is selected randomly and their socio-demographic attributes are 

analysed. In a case where the individual has family dependencies, similar household members 

are selected from the NTS dataset.  

¶ If family dependencies refer to a married or couple individual, similar individuals with 

the same socio-demographic attributes are selected from NTS. Among them, their 

partners are ŎƻƳǇŀǊŜŘ ŀƎŀƛƴǎǘ ǘƘŜ нлмф ǎȅƴǘƘŜǘƛŎ ǇƻǇǳƭŀǘƛƻƴ ƛƴŘƛǾƛŘǳŀƭǎΩ ǇŀǊǘƴŜǊ 

considering only their range of age, economic activity, income, driving licence, car 

access and bike access attributes. If the selection has more than one option, the choice 

is made randomly. In cases where there is no match, a second selection for the partner 

is made considering only their age, economic activity, driving licence, car access and 

bike access attributes. If the selection in this second case has more than one option, 

the choice is made randomly.  

¶ In a case where the family dependencies refer to a married or couple individual with 

dependent children (i.e., below 16 years old), the same procedure described before is 
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followed. In this case, the number of children is not considered, only the existence of 

them in the household. 

¶ If family dependencies refer to a single individual with children dependencies, similar 

individuals with the same socio-demographic attributes from NTS are selected. 

Similarly to the previous case, only the existence of children in the household is 

considered. 

At this stage, members from both datasets with similar socio-demographic attributes and 

family dependencies are matched. The next step is to find a common day between them and 

transfer their daily trips from the NTS dataset to the 2019 synthetic population, individually. 

For children, the transferred daily trips are those belonging to the NTS children closest in age.  

 

In the case that previous matches were not successful, or the individuals do not have any 

family dependencies (e.g., single and no children dependency), they are considered as 

independent individuals from any other member of the household and will not keep any 

relationship with other members when doing their daily activities. For these individuals, the 

daily trips are transferred from NTS dataset considering only common socio-demographic 

attributes. Firstly, all nine common attributes between synthetic agents and NTS dataset were 

compared, matching 78.8% of the cases. Secondly, those that were not matched in the 

previous iteration were compared again but considering only seven attributes (sex, range of 

age, marital status, children dependency, car access, bike access, economic activity), matching 

68.2% of the remainder. Thirdly, only six attributes were considered (sex, range of age, marital 

status, children dependency, car access, economic activity), achieving a match of 86% of the 

remaining individuals. Fourthly, only four attributes (sex, range of age, marital status, children 

dependency), with a 47% match. Fifthly, three attributes (sex, range of age, children 

dependency), with a 25% match. Finally, the remaining 0.06% of synthetic individuals who 

were not matched because no similar individual was found in the NTS dataset, were assigned 

a random activity plan. Table 3 summarises the results obtained. 
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Matching 
with 

household 
interactions 

No household interactions 

9 
attribut es 

7 
attributes 

6 
attributes  

4 
attributes 

3 
attributes 

Random 
match 

Total 
percentage 
matched 84.0 12.6 2.3 0.9 0.07 0.02 0.06 

Relative 
percentage 
matched 84.0 78.8 68.2 86.1 46.7 25.0 100.0 

Number of 
synthetic 
individuals 
matched  2222234 333336 61376 24603 1852 529 1587 

Table 3 Summary of the total and relative percentage of activity plans transferred to the individuals based on the followed 
methodology. 

Some updates were required to fix some inconsistences in the assigned activity plans, such as 

children driving cars (i.e., their transport mode was updated to car passenger) and incorrect 

trip times. Additionally, all activity plans were forced to start and end at households, which is 

a constraint required by MATSim to run the simulations.  

 

Figure 29 Example of an activity plan assigned to a synthetic individual following the previously developed methodology. 

At this phase, all individuals from the 2019 synthetic population were assigned an activity plan 

based on their socio-demographic attributes, with some of them also keeping interactions 

with other members of the same household during their activities. All activity plans 

transferred contain information of the starting and ending time, purpose (23), transport mode 

used (7) and distance travelled for each trip, as shown in figure 29. The only missing and 

required information is the location of each activity. Although the NTS dataset used provides 

information at LA level only, this information is not valid, as activity plans from other regions 

beyond the area of study with similar patterns were used to expand the sample size provided. 

Therefore, specific locations need to be assigned to each activity. 
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The spatial allocation of activities (figure 30) was assigned using a process developed as part 

of the MISTRAL project (Pregnolato et al., 2017) and activity_location_dev (Alvarez Castro, 

2023) tools. The first is a tool developed by Newcastle University to match real households 

with households from synthetic populations, based on common characteristics. The second 

is a set of open-access Python Jupyter notebooks as part of this research that assigns locations 

to the activities, depending on the activity type and distances between consecutive activities. 

 

Figure 30 Identified spatial location for the activities undertaken by the individuals (OSM basemap). 

 

The activity locations were assigned in the following order: 

¶ Household location for each one. 

¶ Workplace location for those with a work activity. 

¶ Educational location for those with an educational activity. 

¶ Rest of activities except escort (i.e., accompanying) activities. 

¶ Escort (i.e., accompanying) activities. 

These locations were assigned as described below: 
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Households 

The MISTRAL model identifies the spatial location of the households where individuals from 

the 2019 synthetic population were allocated. This tool classifies each residential dwelling in 

four categories (detached, semi-detached, terraced, and apartment), based on their spatial 

characteristics and the relationship between adjacent households, using the AddressBase 

dataset (Ordnance Survey, 2021). Once all real buildings are classified, they are matched with 

households from the 2019 synthetic population per LA and OA area. In a case where a 

synthetic household in a specific OA area is not assigned a real building based on its type, a 

different type is tried. In a case where a synthetic household cannot be assigned in its OA area 

due to all real buildings being occupied, it is matched with a similar building in an adjacent OA 

area. Household locations are assigned which are known as the starting point for each 

individual, as this location is considered fundamental for the definition of the remaining 

activities. More information about the MISTRAL tool can be obtained in (Pregnolato et al., 

2017). 

 

Workplaces 

Workplace locations were assigned to those agents with a work activity in their activity plans, 

using 2011 UK census origin-destination (OD) matrices by transport mode (the same seven 

options as those in the activity plans) and MSOA areas (ONS, 2011a). These matrices provide 

estimates of the usual number of residents in the area of study aged 16 and over in 

employment, travelling between MSOA areas. These values were linearly projected to 2019, 

calculating a ratio between the number of employed individuals in the 2019 synthetic 

population and the number of them in 2011, per MSOA area.  

These estimated flows of workers per MSOA area quantify the number of individuals 

travelling between areas, while the activity plans assigned to the synthetic individuals identify 

the distances travelled to work from the previous activity. To identify the MSOA zones to 

which a synthetic working individual has to be assigned, it is necessary to calculate the 

distances between MSOA zones. Distances were calculated between their centroids, 

considering the Open Street Map (OSM) road network (Geofabrik, 2023), instead of Euclidean 

distances. This approach provides a more realistic representation, as constraints such as 
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bridges and tunnels are considered when calculating distances between locations that are 

divided by natural elements (e.g., rivers and mountains), which is the case in some urban 

zones in the area of study. 

Then, synthetic working individuals were assigned a working MSOA zone based on the 

distance travelled and the transport mode used from the activity plan and the total number 

of individuals allowed to travel between MSOA zones from the OD matrices. In a case where 

any synthetic working individual is not assigned a working MSOA zone due to the maximum 

capacity of workers to all potential destination levels from their origin being reached, it is 

considered that the individual works outside the area of study and will not be assigned any 

activity plan. 

The knowledge of the MSOA zones where the synthetic individuals work is not enough when 

the synthetic activity demand dataset is used in AgBMs. It is required to identify a specific 

building within the area with a working purpose (e.g., offices, factories) for more realistic and 

detailed results. OSM buildings (Geofabrik, 2023) were identified as workplaces using OSMOX 

(Arup, 2023), a tool developed by Arup CML that classifies buildings in different categories 

based on their tags (e.g., commercial, industrial, office, government, hospital, school, 

university and amenity). Complementary to this tool, a method that considers only those 

workplaces with a floor area greater than 15 square meters was developed within the thesis. 

Those buildings were assigned a maximum capacity attribute, which estimates the maximum 

number of employees depending on the floor area, number of floors and the density of 

workers per workplace type. The first two components are obtained or derived directly from 

the OSM buildings, while the third is obtained from the UK Employment Density Guide (UK 

Homes and Community Agency, 2015), where the employment density per square meter 

depending on the workplace purpose is estimated. This maximum capacity attribute allows 

synthetic employees to be assigned to buildings in the same MSOA zone randomly until the 

maximum capacity of a building is reached. In that case, that building is not considered for 

the remaining synthetic agents, which are forced to be allocated to any other building with 

capacity. The result is an uneven and realistic workplaces distribution, according only to the 

ōǳƛƭŘƛƴƎǎΩ ŎƘŀǊŀŎǘŜǊƛǎǘƛŎǎ ŀƴŘ spatial location. 
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Educational places 

Educational facilities are those attended by synthetic students with educational activities in 

their daily plans. Depending on their age, the students are allowed to attend specific types of 

education facilities. Consequently, a methodological distinction was made in the way these 

locations were assigned, due to data limitations. Two different groups were considered: those 

below 16 years and those equal or above. 

Educational facilities in the area of study for those individuals aged 15 or below were 

identified using an open-access dataset provided by the UK Government (UK Government, 

2023b), where information about their status (open, closed), capacity and location (projected 

coordinates) are shown. 

The procedure to identify the educational facility for each synthetic individual was similar to 

the one followed before for the synthetic workers: calculating the road network distances 

between centroid areas (in this case using OA areas, smaller areas that can provide more 

accurate results). Within them, the school with the highest capacity is chosen, as those 

facilities are prioritised, considering them more important than smaller ones, due to the fact 

only a proportion of the individuals will be simulated in the AgBM. Once an educational facility 

reaches the maximum capacity, it is considered full and not available for the remaining 

students to be assigned an educational facility. In the case a student is not assigned any 

educational facility because there is none or all possible facilities are complete in its assigned 

area, the distance is iteratively increased until at least one facility is available. This procedure 

was also applied in Spooner et al. (2021). 

The remaining students are assigned only to college or university facilities, when aged up to 

17 or above 17, respectively. The followed procedure is a combination of the previous two. 

Firstly, educational facilities related to colleges or universities are identified applying OSMOX 

(Arup, 2023). Secondly, a maximum capacity attribute is calculated based on the same 

attributes as those considered for workplaces. Thirdly, road network distances between OA 

centroids are used to identify those potential facilities reached from their households. 

Similarly, as it was assumed for the youngest synthetic students, those facilities with the 

highest capacity value were chosen first. The procedure finishes when all students are 

assigned a location for their educational activity. 
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Remaining activities other than escorting (i.e., accompanying someone else)  

The locations for the remaining activities were firstly identified applying OSMOX (Arup, 2023) 

to OSM buildings (Geofabrik, 2023) and adding the supermarket locations from Geolytix 

(Geolytix, 2023). The classification of buildings in the activity categories was similar to that 

previously explained for workplaces and educational facilities for students older than 15 

years. The result was a set of buildings classified in one or more activities, depending on their 

ŎƘŀǊŀŎǘŜǊƛǎǘƛŎǎ όŜΦƎΦΣ ŀ ǎƘƻǇǇƛƴƎ ŎŜƴǘǊŜ Ŏŀƴ ōŜ ŎƭŀǎǎƛŦƛŜŘ ŀǎ ΨǎƘƻǇΩΣ ΨƭŜƛǎǳǊŜΩ ŀƴŘ ΨŜŀǘΩύΦ 

The location assignment to the synthetic individuals, based on their activity plans, was carried 

out applying concepts derived from spatial interaction modelling (SIM) techniques. This 

technique enables one to evaluate the demand of flows and movements (e.g., people, goods) 

between two locations in space όhΩYŜƭƭȅΣ нлмфΤ ¢ǊŀǾŜƭ Corecasting Resources, 2023), which 

has been an important concept in the social sciences, specifically in geography, economics 

and sociology (Wilson, 1971). SIMs are usually the first two steps in the FSMs described 

previously in the literature, as spatial generation and trip distributions are estimated (Travel 

Forecasting Resources, 2023; Rodrigue, 2024). The assumptions made in the model to 

estimate the interactions (T) between an origin (i) and a destination (j) are a function of the 

attributes of the origin (Vi), the attributes of the destination (Wj) and a fraction of distance 

between the origin and destination (Sij) (Rodrigue, 2024) (equation 8).  

Ὕ ὪὠȟὡȟὛ   

Equation 8 Definition of the Spatial Interaction Modelling technique (Rodrigue, 2024). 

This assumption can be defined as the demand from the origin (i.e., the characteristics of the 

origin), the attractiveness of the destination (i.e., how attractive each area is for a specific 

activity), the competitiveness of the destination (i.e., how good the destination area is when 

compared against others), and the cost of travelling or accessibility between origin and 

destinations (i.e., the distance) (Wilson, 1971; Newing, 2018) (equation 9).  

Ὕ ὈὩάὥὲὨz ὃὸὸὶὥὧὸὭὺὩὲὩίίὅzέάὴὩὸὭὸὭὺὭὲὩίί z
ρ

ὃὧὧὩίὭὦὭὰὭὸώ
 

Equation 9 Spatial Interaction Modelling technique applying the demand, attractiveness, competitiveness and accessibility 
factors (Newing, 2018). 
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{ƻƳŜ ƻŦ ǘƘŜǎŜ ŎƻƴŎŜǇǘǎ ǿŜǊŜ ǳǎŜŘ ǘƻ ŜǎǘƛƳŀǘŜ ǘƘŜ ƭƛƪŜƭƛƘƻƻŘ ƻŦ ƛƴŘƛǾƛŘǳŀƭǎΩ ƳƻǾŜƳŜƴǘǎ 

between areas when doing their activities. The translation of previous concepts to the 

developed methodology is as follows: 

The whole area of study was divided into zones: OA zones when distance travelled between 

consecutive activities is below 10 kilometres; and MSOA zones in the remaining cases. These 

zones identify the origin (the area where the individual is located during their previous 

activity) and potential destinations that the synthetic individual can reach within the distance 

provided by the activity plan (accessibility factor) for their next activity. For each potential 

destination zone, their attractiveness (i.e., the number of total facilities in the zone dedicated 

to the activity the synthetic individual has to do (e.g., food shop)) and the competitiveness 

(i.e., the total number of facilities in the zone) are calculated. Additionally, an extra 

accessibility component is included which considers the distance between the potential 

destination zone and the zone where the household of the synthetic individual is located. This 

last component is added to avoid the synthetic individuals choosing areas far from where they 

live, incentivising activities to happen close to their households. Each potential destination 

zone is assigned a selector factor (Tij) that identifies its likelihood of being selected. One of 

them is selected randomly based on their probability values (equation 10). 

Ὕ ὃὸὸὶὥὧὸὭὺὩὲὩίί zὅέάὴὩὸὭὸὭὺὭὲὩίί z
ρ

ὃὧὧὩίὭὦὭὰὭὸώ
 z

ρ

ὃὧὧὩίὭὦὭὰὭὸώ
 

Equation 10 Spatial Interaction Modelling technique applied in the methodology. 

Once a destination zone is selected, it is necessary to identify a specific building within it 

dedicated to the activity that the synthetic individual is undertaking (e.g., food shop). In this 

case, the specific facility is chosen based only on the competitiveness factor, considering the 

floor area of the amenity and the total number of amenities within 100 meters. These 

components try to identify those amenities that could attract more individuals based on their 

size and the possibility of doing more activities in the surrounding area. When all potential 

destination buildings where the activity can be done (food shop in the example) are identified, 

one is chosen randomly based on a probability value that considers the size and number of 

other facilities in the surrounding area. Figure 31 shows the procedure visually. The origin 

(blue dot), the household location (pink) and the potential destinations (yellow) are 
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highlighted (left); the chosen MSOA zone is identified (middle); the facility (red dot) within 

the MSOA zone is assigned (right). 

 

Figure 31 Visual representation of the SMI technique to identify the location of the next activity (OSM basemap). 

This procedure is followed for each activity in the activity plan that is not for work, education 

and escort, similarly as it was done by Spooner et al. (2021). 

 

Escorting (i.e., accompanying someone else)  

Escort activities refer to those activities that a synthetic individual does accompanying 

someone else from the same household (e.g., to work, to school, for shopping). In these cases, 

these individuals were assigned the same location as those individuals doing the 

complementary activity (e.g., work, education, shop). In the case that a synthetic individual 

with an escort activity is not associated with any other member of the household doing a 

complementary activity (due to a lack of trip sharing at household level in the activity plan), 

the individual is assigned another activity (e.g., leisure) that will be done alone. 

 

Table 4 summarises the characteristics of each trip in the activity plan of each agent within 

the synthetic population. 

Trip 

Column Comment Values 

Trip ID ID given to the trip Unique ID 

Day ID ID given to all trips 
made by an individual 
on a given travel day 

Day ID 

Individual ID Individual unique ID  NTS Individual ID 

Household ID Household unique ID  NTS Household ID 

Journey Sequence Journey number on a 
given travel day 

Numeric value starting at 1 
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Number of Stages Number of stages - 
actual number 

Numeric value starting at 1 

Main Mode Main mode of travel - 
grouped in 7 categories 

walk 
bike 
car 

car_passenger 
bus 

metro 
train 

Trip Purp To Trip purpose - grouped 
in 14 categories 

work 
education 
food_shop 

shop 
medical 

eat 
other 

lesiure_act 
lesiure_sport 

home 
escort_home 
escort_work 

escort_education 
escort_other 

Trip Start Trip start time - minutes 
past midnight 

0-1439 

Trip End Trip end time - minutes 
past midnight 

0-1439 

Trip Dist Trip distance in miles Numeric value stating from 0 

Trip Total Time Total trip time - minutes 0-1439 
Table 4 Description of the attribute names (first column), description (second) and expected values (third) of the activity 

plans assigned to the synthetic individuals. 

  

Once the activity plans of each synthetic individual contain all required information (i.e., 

starting time, purpose of trip, origin location, destination location and transport mode), it is 

required to identify only those synthetic individuals that interact at least once during their 

activity plans with the main urban area of the study area: the Tyne and Wear region. A 

selection of those individuals undertaking at least one activity within this area or passing 

through it was made. The reason for only considering these synthetic individuals is mainly 

because the project is focused on simulating mobility policies in the main urban areas within 

the area of study. The reduction of synthetic individuals in the simulation will allow simulating 

faster scenarios and with a larger sample. 
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After those synthetic individuals are identified, it is required to convert the file into a format 

that MATSim can use. This procedure was done using PAM (Arup, 2020), another open-source 

Python library developed by Arup CML that allows reading of synthetic travel demands and 

transforming them into new formats, validating and visualising the activity plans. Figure 32 

shows the representation of the activity plan assigned to a synthetic individual, while figure 

33 shows its geospatial representation. 

 

Figure 32 Visual representation of an activity plan assigned to a synthetic individual, using PAM. 

 

Figure 33 Geospatial representation of the activity plan assigned to a synthetic individual (OSM basemap). 

 

The output generated is an xml file (figure 34) containing all socio-demographic attributes 

and activity plans, divided in activities and legs, for each synthetic individual, structured and 

defined based on MATSim requirements. 
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Figure 34 Example of the synthetic travel demand of a specific synthetic individual in XML format. 

 

After applying the previously described methodology, the synthetic travel demand is ready 

for further processing in detail in MATSim. 

The effort put in to developing the code to transfer travel diaries to synthetic individuals 

based on common socio-demographic attributes makes it easy to apply it to other regions, in 

England or any other area with similar socio-demographic attributes. The main requirement 

to use the code is to get access to the travel diaries.  

Computational times, as described before for the synthetic population, vary depending on 

the number of synthetic individuals to be processed. In the case for the NE region, the 

assignment of activity plans took around a day. Then the identification of the activity locations 

took around 10 hours per activity type. 

 

3.4. Network 

Once the synthetic travel demand input dataset was generated, the other main component 

required to run transport AgBM simulations is the network, which can be defined as a digital 

geospatial representation of the road and public transport network used by the agents. 

The goal of this input data is to provide the agents with a built environment that allows them 

to move between activities. Its geospatial representation, combined with transport mobility 

characteristics (e.g., allowed modes, maximum speed), the existence of public transport 
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facilities (e.g., stops, routes and schedules) and other important characteristics of the 

environment (e.g., gradient), defines and constrains the routes followed by the agents when 

trying to reach their destination, following their activity plans. 

The methodology to generate a network is diverse and depends on the purpose of the model, 

although a minimum geospatial representation of the roads is required. In this specific case, 

the project aims to explore policies to reduce the use of private motor vehicles and incentivise 

the use of active modes. Consequently, a methodology focused on this last group is 

fundamental to simulate realistic mobility policies.  

 

Figure 35 Four main components included in the network. 

 

The network developed in this thesis contains four main components (figure 35): the 

geospatial representation of the road with an extensive variety of transport mobility 

characteristics (blue); the public transport information (orange); the road gradient (green); 

and a road cycling rating value that classifies each road for cycling, depending on its built 

characteristics (yellow).  

 

3.4.1. Geospatial representation 

The first component consists of OSM data, obtained from Geofabrik (2023), a free 

downloading server that extracts daily updated OSM data (i.e., lines, multilinestrings, 

multipolygons, points) from any region in the world. A data cleaning process was required to 

keep only the road and public transport networks within the study area, which is achieved 

using the Osmium tool (Osmium, 2023), a multipurpose command line tool that enables OSM 

data manipulation. This tool was used to filter those relevant features (i.e., roads and public 

networks) and remove all unnecessary information (e.g., buildings, points of interest). This 

information is relevant to identify transport mobility characteristics of the network, 
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identifying the agents that will be able to use them, as well as the way they are used (e.g., 

speed), depending on the transport mode used. 

The procedure of developing the geospatial network dataset was done in two stages: firstly, 

creating a dataset containing all roads within the Tyne and Wear region (i.e., the main area of 

study in this thesis); secondly, creating a second dataset containing only the major roads from 

the NE region in England (the whole area considered when developing the synthetic travel 

demand). The reasons for applying this two-step procedure are mainly two. Firstly, although 

the synthetic travel demand generated in the previous chapter covers the whole NE region, 

the area of interest in this research is Tyne and Wear, the main urban conurbation within the 

region. To simulate realistic urban mobility policies within this urban zone, only the agents 

living within and in the surrounding areas interacting with the Tyne and Wear region were 

considered, while those agents not interacting at any time with the zone were not considered. 

Consequently, only main roads connecting Tyne and Wear with the surrounding towns and 

cities were required. Secondly, the reduction in road network complexity and quantity 

reduces computational time during the simulation stage. 

 

 

Figure 36 Geospatial representation of the OSM road network in the NE of England (left) and a detailed area of the city 
centres of Newcastle upon Tyne and Gateshead (right). 
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Both datasets were merged using Osmium (Osmium, 2023), obtaining a single OSM file 

covering the whole area of the NE. The result is a set of links (line segments) and nodes 

(starting and ending points of each link) of the whole study area. Figure 36 shows the 

geospatial representation of the network developed, showing the whole area (left) of the NE 

(green) and the Tyne and Wear region (red), and a detailed representation of the urban 

network at a higher scale (right). In total, 319,845 links defined the study area. 

 

3.4.2. Public transport 

The second component, the public transport information, describes the spatio-temporal 

characteristics (e.g., their routes, stops, calendar and schedules) of the different public modes 

in the NE (i.e., bus, rail, light rail and ferry). 

This information was collected from open-access sources in the General Transit Feed 

Specification (GTFS) format. Rail data was obtained from the Rail Delivery Group (2023), while 

for the other public modes data came from Traveline (2023). Both GTFS datasets were 

merged, clipped to the area of study and cleaned of errors, using UK2GTFS (University of 

Leeds, 2022), an R package to convert and work with public transport data. The result was a 

set of text files containing information about the stop locations, routes, trips, stop times, 

calendar, calendar dates and agencies, covering the whole NE. 

This combined public transport GTFS dataset was merged with the road network created 

before, using PUMA (Arup, 2022b). The result was a set of XML files that define the road and 

public transport network (network.xml), the public transport schedules (schedule.xml) and 

the public traƴǎǇƻǊǘ ǾŜƘƛŎƭŜǎΩ ŎƘŀǊŀŎǘŜǊƛǎǘƛŎǎ όǾŜƘƛŎƭŜǎΦȄƳƭύΦ 5ŜǎǇƛǘŜ ƘŀǾƛƴƎ ŀ ǎǘŀƴŘŀǊŘ ŀƴŘ 

open-access tool to accomplish this goal (e.g., PT2MATSIM (Poletti, 2017)), an alternative and 

not open-source tool was used (PUMA (Arup, 2022b)), as a result of an established 

collaboration with Arup CML. Mentoring support and the use of this tool was allowed in this 

thesis in exchange for feedback.  
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Figure 37 Detailed representation of the public transport routes in urban areas of Newcastle upon Tyne and Gateshead 
(OSM basemap). 

Additionally, the network was simplified by removing unnecessary intermediate nodes using 

open-source GeNET (Arup, 2022a; Kozlowska et al., 2023), another tool developed by Arup. 

The network file was used as the unique input data, obtaining a lighter file as output (59% 

size reduction), allowing faster simulations. Figure 37 shows a detailed representation of 

some public transport routes (bus (blue), rail (orange) and light rail (purple)) in areas of 

Newcastle upon Tyne and Gateshead.  

 

3.4.3. Road gradient 

Beyond road and public transport networks, additional information is required to understand, 

simulate and estimate human mobility patterns, especially when active modes are expected 

to play a fundamental role. One of them is the gradient, which provides information about 

the steepness along the links. This value is important for active modes, as physical activity is 

required when walking and cycling. The existence of steep zones could reduce the 

attractiveness of these modes and its consideration when simulating active travel routes must 
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be a critical factor, especially for cycling. The addition of the gradient allows conversion of a 

flat network into a 2.5D network. 

 

Figure 38 Geospatial representation of the generated DEM in a detailed area of the study area. Public transport networks 
(orange and purple lines) were added for context. 

Gradient values were derived from digital elevation models (DEMs), quantitative 

ǊŜǇǊŜǎŜƴǘŀǘƛƻƴǎ ƻŦ ǘƘŜ 9ŀǊǘƘΩǎ ǎǳǊŦŀŎŜ ǘƘŀǘ ǇǊƻǾƛŘŜ ōŀǎƛŎ ƛƴŦƻǊƳŀǘƛƻƴ ŀōƻǳǘ ǘƘŜ ǘŜǊǊŀƛƴ ǊŜƭƛŜŦ 

(Mukherjee et al., 2012; Guth, 2013). DEFRA (2023) allows downloading data of the UK up to 

1-metre resolution, while de Ferranti and Hormann (2023) of any region in the world up to 1 

second of arc. For the purpose of this thesis, both DEMs were used. A 2-meter resolution DEM 

from the former covering the Tyne and Wear region was generated, while the remaining area 

of study used the 1-second of arc resolution from the latter. The reason for using initially 

different spatial resolutions was to simplify and reduce the file size and time needed to 

generate a very detailed DEM covering the whole study area. It was assumed that the majority 

of the active trips will be made within the urban area and those agents travelling from the 

surrounding areas will use either cars or public modes. In order to have a single DEM covering 

ǘƘŜ ǿƘƻƭŜ ǎǘǳŘȅ ŀǊŜŀΣ ǘƘŜ ŦƛƭŜǎΩ ǊŜǎƻƭǳǘƛƻƴǎ ǿŜǊŜ ǊŜǎŀƳǇƭŜŘ ǘƻ мл-metre and merged using 

QGIS (QGIS Development Team, 2023), making the final file manageable in terms of size and 
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computational time. Figure 38 shows a detailed representation of the created DEM 

categorised in different colours based on the elevation value (dark values for low elevations 

and light for high elevations). Additionally, the rail (orange) and light rail (purple) networks 

were included in the area shown to add geospatial context.  

The generated DEM was used to add the elevation (Z value) to each node and the gradient to 

each link in the network. GeNET (Arup, 2022a; Kozlowska et al., 2023) was applied as well for 

this purpose, where the network, the DEM, a specific projected coordinate system code 

(EPSG) and the null value used in the DEM were considered as input data, obtaining a single 

network file as output. 

Even though the quietness attribute calculated by CycleStreets includes an incline factor when 

rating links, it was decided to consider a more detailed external attribute using another DEM. 

Based on documentation from CycleStreets, the incline value was calculated using a 90-metre 

resolution DEM from NASA (Cyclestreets, 2022b). For the purpose of this thesis, the DEM 

resolution was considered insufficient as the steepness in urban areas could be 

underrepresented, as links below 90 metres would be treated as flat. Consequently, a more 

detailed DEM was used to resolve this issue. 

 

3.4.4. Cycleability rating or quietness 

.ŜǎƛŘŜǎ ǘƘŜ ƪƴƻǿƭŜŘƎŜ ƻŦ ǘƘŜ ƎǊŀŘƛŜƴǘΣ ƛǘ ƛǎ ƛƳǇƻǊǘŀƴǘ ǘƻ ƛŘŜƴǘƛŦȅ ǊƻŀŘǎΩ ǉǳŀƭƛǘȅ ŦƻǊ ŎȅŎƭƛƴƎΦ 

This is a critical factor to consider when trying to incentivise the use of the bicycle within the 

population, as it is related to real and perceived safety. A road with a good cycling quality 

(e.g., segregated cycle paths) could attract new cyclists, while the opposite (e.g., roads shared 

with vehicles at high speed) could disincentivise them. Research made by Morrison et al. 

(2019) indicates that segregated cycle paths reduce real and perceived risks for cyclists and 

contribute to greater cycling participation. Additionally, Wegman et al. (2012) highlight the 

fact that the modern traffic system is designed largely from a car-user perspective, leaving 

cyclists relegated to the background, with the consequent high vulnerability of cyclists when 

sharing roads with motor vehicles, which could affect the transport choice between the use 

of a bicycle or any other mode.  
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Figure 39 Geospatial classification of the cycleability rating or quietness of several roads in the city centres of Newcastle 
upon Tyne and Gateshead (OSM basemap). 

Figure 39 shows the roads in areas of Newcastle upon Tyne and Gateshead, classified based 

on their quietness value, ranking from 0% (red) to 100% (green). It can be observed that most 

areas have a low value (i.e., below 50%), with exceptions where segregated cycle paths are 

built (e.g., along the river Tyne, as part of the National Cycle Network). Unfortunately, similar 

information for walking was not found. 

Characteristics of the built environment (e.g., the existence of fully segregated cycle paths, 

the type of road, surface type, road quality and width) are key factors that could make the 

difference when choosing a cycling route, but also the use of an alternative transport mode 

in detriment of cycling. CycleStreets, a social enterprise keen on getting more people cycling, 

develops tools and datasets to improve and increase knowledge about cycling in the UK. One 

of their outcomes is a cycling road classifier, named cycleability rating or quietness 

(Cyclestreets, 2022a). A self-developed algorithm (Cyclestreets, 2022b) ranks roads as a 

percentage score depending on their built environment characteristics (e.g. road type, length, 








































































































































































































































































































































