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Abstract

The transport sector is a majoeontributor to climate change, whicls consideredthe most
pressing envonmental challenge of our timeConsequentlymany cities around the globe

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

finandal incentives or penalties are considered.

The work presented in this thessncompasses efforts tdevelop and validate a model that
simulates a digital representation of the transport mobility, applying Adgated Modelling
(AgBM) techniques. This mddsimulates the spatitemporal 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 teg their efficiency in reducing the number of private and polluting vehicles on the roads
in favour of active mdes (i.e., walking and cyclinand, therefore, reducing greenhouse gas

emissions.

The developednodel is described and demonstratéat the Tyre and Wear region, showing

its transport mobility during a regular day in 2019 (a-hdd Y RSYA O & O0OSYy Il NA2 ¢ A
mobility behaviours) and the potential estimated results that could be obtained when
different mobility policies modifyinghe characteriscs of the builtenvironment and/or

human behaviours are applied. The methodologies followed use open access datasets and
opensource 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 ABMs, where spatidemporal and human socidemographic

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

oClimate change is the most pressing environmental challenge of ou¢ (i€, 2020h)
Leaders from different organisatisninstitutions and governments around the globe have
cited this quote, buhaverarely gone deeper to its definition and the present and potential
future consequences. Fortunately, a vassearch effort has been undertaken tmetter
understand the challenges we are already facing. Unfortunately, in many cases, they have
been either ignored omisinterpreted by politicians, decision makers anéstedinterest
groupsto undermine the scientic consensugor their own benefit(van der Linderet al.,

2017)

1.1. Climate change

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

weather patterng Ol dzZA SR o0& OKIy3ISa Ay GKS a@Noa I O
2023 9 NI KQa Of AYIl 0S iKhistory, WikheighBcglBs ofice @gedNahd G A Y
warmer periodsn the last 800,000 yearsvith the end ofthe last ice age about 11,700 years
ago(NASA, 2023)

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

Human activities &vealsobeen 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 altes 9 I NJI KQ& Sy SNH@& 0 | (THe \ROYSl Sdcigtyy 2083 & Of .
Scientists have analysed GHG variations in air trapped in ice extracted from Antarctica,
resultingin CQ concentrationbeginningto increase significantly in the f'9entury after

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

ice age cyclefThe Royal Society, 2023)



The Intergovernmental Panel on Climate Change (IPCC), the United Nations body for assessing
the science related to cliate change, published their first assessment report in 19BCC,
1990) strengtheningthe scientific evidencand demonstrating that anthropogenic climate

change was intensifying worldwid€anelli, 2014)

1.1.1.Climate change consequences

The sixthlPCQeport in 2@3 stated that human activities, principally through emissions of
GHG have unequivocall caused global warming. This himerea®d the global surface
temperature about 1.1°@bove the preindustrialperiod (18561900)(IPCC, 2023; The Royal
Society, 2023; UN, 2023)eing greateover land (1.8C) than over the ocean (0.83YG°CC,
2023) It has been proved with high confidence théilgal surface temperature has increased
faster since 1970 tham any other 56year period over at least the last@®0 yeargIPCC,
2023) Figure 1shows theglobalGHG emissions in billions of tones from the beginning of the

Industrial revolution until the year 2020.

Greenhouse gas emissions in billion tonnes (World)
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Figurel World Greenhouse gas emissions over time (Ritchie et al.,.2020)

These effects have bagroducing substantial damages and increasingly irreversible losses

every region across the globe in testaal, freshwater, cryosphericoastal and open ocean



ecosystemgIPCC, 2023pirect effects of burning fossil fuels have affected human health and
the ecosystem due to the air pollution generatédrruet al, 2017) In 2020 the European
Environment Agency published that in the European Uriéfs of the urban population was
exposed to levels of fine particulate matter above the hedléised guideline level set by the
World Health OrganizatioffEuropean Environment Agency, 202Recently, researchers
from Harvard University, in collaboration with the University of Birmingham, the University
of Leicester and UnivetgiCollegeof London estimated that exposure to particulate matter
from fossil fuel emissions accountéat 8.7 million premature deaths annualfyohraet al.,,

2021) with aneven larger number of hospitatisons and days of sick leaf@rruet al., 2017)

Furthernore, an increasé frequency and intensitgf extreme weather and climate events
(Stott, 2016)as been alsonpved, as theNational Academies of Science concluahe2016
(National Academies of Sciences, Engineering, 20A6) exampleis droughts, due to
decreased precipitation and increased evaporative demamder warmer temperatureéDai

et al, 2018) More frequent and intense droughts lead to drier surfaces, warmer
temperatures and lower relatiieumidity, developing a loop worsening the effects produced
by climate changé€Daiet al., 2018) Other sideeffects from droughts are global food and
water insecurities that will affect millions of peodl®CC, 2023yvhich could threagn global
peace(Hanjra and Qureshi, 201@ue to changes in watesupply and demandDéll and
Siebert, 2002and food shortagdArnellet al., 2004; Hanjra and Qureshi, 201@Q)ith their
complementary economic consequences. Other examples of climate events thabeca
increased in number and intensity are floo@ox, 2000; Botzen and Van Den Bergh, 2008;
Mirza, 2011; Wilby and Keenan, 20E2)d forest ires (Gillett et al., 2004; Flannigaet al.,
2006, 2009; Abraret al,, 2021)

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

in the near term in nearly all considered scenarios and modelled pathvgased on
estimations from the IPCC, approximately 3.3 to 3.6 billion people are nowadays highly
vulnerable to climate changd@PCC, 2022)nd it is expected that this figure will increase, as it

is projected that 68% of the worfidopulation will live in urban areas by 2080N, 2018)

The question to answer now is not if climate change indleasetemperature and if its

consequences will affect the planand every living being on ith€ question to address is to



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 statistad data from 2016, the sectors that contributegtmost to GHG emissions
globally were: energy use in industry (24.2%griculture, forestry and land use (18.4%),
energy use in buildings (17.5%), transport (16.2%s¥gct industrial processes (5.2%), and
waste (3.2%]Ritchieet al., 2020) These figures are not consistent between countnieish
signficant differerces between highand lowincome countries. Higincome 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), whidev-income countriest

is from ayriculture and landuse 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 -©peration and
Devdopment (OECI) the average main GHG emissions in 2019 were generatezhbygy
industries (28%), transport (23%), manufacturing industries (12%), agriculture (10%),
industrial processes (7%) and waste (3&ECD, 2020)nthe UK contextiransport is the
largestGHGemitter (27% in 2019), followed by residential egg use (20%) and energy use

in industry (19%JOECD, 2.

1.2. The need to reduce transport GHG emissions

The UNconsider cities as key contributors to climate changgineating 75% of all global @O
emissionsare produced due to urban activitieYUN Environment ®®gramme, 2023)As
Wamsleret al. (2013)highlight, ¢imate change poses a serious threat to sustainable urban
development, placing many cities at risRobert Glasser, UN Special Representativihef
SecretaryGeneral for Disaster Risk Reductistatesthat 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 infrastructut@NISDR, 2017; European
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Environment Agency, 2023b; IPCC, 2028nsequently, citieare considered key actors for
leading climate change mitigation efforfidoornweget al., 2011;Kennedyet al.,, 2014)

Analysis and models developed by IPCC suggest thahgmiarming to 2°@r lower by 2100
involvesrapid and deep andn most casesmmediate GHG emissions reductions in all sectors
(IPCC, 2023besides other adaptive and resilient measusesg implementedOne of those
sectors that has to be dedaonisedfastis transport, especially in developed countries (e.g.,
the UK,Spain, France, Denmark, Aust(Ritchieet al, 2020a) as it is one of the largest

contributor sectos.

Therefore, nany cities around the globe are introducing sustainable transport legislétain
canchange mobility patterns to reduce emissions rapidly. Tbisld involve aportfolio of
measuresvhere acombination of changes to the built environment, human behaviours and
financial incentives or penaltiese consideredExamples of thesstrategiesare electriccars
(Gibbinset al,, 2007; Teolet al, 2018) encouragingctive modedor a healthier mobility
(Wimbushet al.,, 1998; Nielsen and Haustein, 20li#provingcycling conditiongBuehleret

al., 2017) providing eonomic rewardgPolydoropoulouet al, 2019; Maceaet al, 2020)
implementingLow Traffic Neighbourhoods (LTN&)dred and Goodman, 2020; Goodmetn

al., 2021)or low emission zonefPanteliadiset al, 2014; Kuet al, 2020) and enabling
alternative transport modes such asbées (Philipset al., 2022)and escooters(Gossling,

2020) among many others.

1.3. Transport modelling and AgBMs

Different transport models have been developed and used in dseféw decades (mainly
four-step models(FSM) to test and estimate the efficiency of transpamobility policies
before their implementation in the real world. Currenthgvelapproachesuch as the use of
AgentBased Mdels (AgBMshare beingconsideral principally intransportresearch but also
within pioneer governmental transport departments (e.g., Switzerland, Germany) and

industries (e.g., ArugML.

AgBMs unlike previousapproacheshave some benefits that make them the appropriate

models to tes policies for a more sustainable transport sector. They allow the spatio



temporal simulation of the interactionsetweenindividuals and the environment (e.g., road
and public network)consideringcharacteristics of the buiknvironment (e.g., road typand
surface) but also of the individuals (e.g., age, sex, incam@)is approach provides a
microscopic representation of the decisions made by individuals] erables their
behavioursand the implications of theirexplicit interactions (Wise et al,, 2017) in the

transportation systento be revealedKaghcet al., 2020)

1.4. Aim of the doctoral thesis

Theanalyss of theclimatecrisishas given a broad but concisammaryof the current and
expected future consequences the world will face if measures to addiesslimate
emergency are not established, based mputable and reliable scientific sourcedhis
implies the need to identify and apply measures to enable citizeraglapt their routines to
more decarbonisedaily lives. Within the transport secta, more sustainable daily mobility
is required where the use of private and polluting vehicles is sldiio public and active

modes

New methods and model® test urban mobility policiehave been desloped. This is the

case of AgBMs, which allovonsideration ofmore attributes and characteristics, as well as

the interactions of the individuals in spacecatime. These models could provide a

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

Firstly, he characteristics of the buiknvironment (e.g., road type and condition) can be
considered to estimate how safe utes are when cycling or walking, which are key
O2YLRyYySyidia Ay (GKS NRdAziS FYyR GNIYALRZNI Y2RS |
concept. Secondly, AgBMs alldive simulation in space and timeof the interactions
betweenagentsand the builtenvironment, which could help identifying more efficient policy

AYLX SYSyGlradAaz2ya olFaSR 2y (KS RAFFSNByd | ISy
demographic attributes (e.g., sex, age, income) from each individual are known, different

mobility patterns and behaviours within society could be considered.

This doctoral thesisncompasses efforts twontributeto a more sustainable transport sector

applyingAgBMs techniques.hgrefore, he aimis:



To explore the potential of AgBMs tgimulate urban moMdity policy scenarios, in space and
time, to enablea mode shift to actve travel considering the builenvironment and socio

demographic attributes

This is in line with étive TravelEngland (ATEWhosegoal is to achieve 50% of tripstowns
and ciies to be walked, wheeled or cycled by 2QR0E, 2023a)This hesis aims as well to
contribute to achieingthis global goal, which has highlighted tsignificantrole 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: thelbenvironment 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)ouith 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 currentiyf scope for

this projectbut may be included in future research.

Different dties have different challengesjata and solutions but a generatpurpose
architecture and modelling framework could address these and hence there is inherent
transferability Consequentlythe methodologydeveloped in thisthesiscan be adapted and
replicated to any other region in England, using ojeoess data and opesource tools,

when possibleas part of theResponsive Research and Innovation component.

Thedevelopedmethodology is applied tthe Tyne and Wear regioas it is the main urban
area wthin the North Eas{NE)of Englandand due to the amount of accessible data that
Newcastle University and other bodies linked to the University store in terms of moliay.
timeframe chosen was th& S NJ nnamdp o06SOFdzaS Ad ¢l a GKS
mobility behavioursasthe following yearssince the COVHD9 pandemic do not represent a

stable situation of human mobility.

t



This aim is summarised ifigure 2, where the three main components (transport
decarbonisationhuman behaviour and the buiénvironment) are connected to define the

research gap identified for this doctoral thesis.
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Transport

ey Human behaviour
decarbonisation ARs

Geogr;'i‘ph
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J . -~ spatial-
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Figure2 Connection of the three main componentgha# thesis: transport decarbonisation, human behaviour and built
environment.

To the best of thé dz(i KkBoMd@die, this is the first time a transport AgBM (MATSim) model
has beerused to simulate tailored scenarios to reduce the use of polluting privelécles in

favour of active modes in the UK.

1.5. Research gap

Climate change and transport AgBM modelling is an incipient field in res@dreliterature
reviewedin (hapter 2 identifiedthe need to decarbonise the transport sectorfavour of

active mode and theuseof transport AgBMs toest activemobility policies

The combination of these two components is scarce in researcla esnsequence of
computationalresources and data limitations. However, new tools and datasets, as well as
better computatonal systems are now availabiehich enable researchers to contribuaad

find alternative approaches to tackle the climate crisyssimulating the interactions of the



individuals in space and time, as well as considering their individual characteaisticdheir

interactions with the environment.

Therefore, the research gap identified in this doctoral thesisagollowing:

To developa transport AgBM modeto simulate uban mobility policy scenarios to increase

the use of active modes, consideritkgy built environment characteristicéor 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 modal shift to active mode<haracteristics 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, tedth,
existence of kerbs, crossing and junctipasnong othersare also key components when
analysing and simulating the use of active modesrtunately, Cyclestreet(2022a) has
developed a methodology that classifies road for cycling based on all these attributes, which
wasincorporated into the design of the models used in this thesisimulate more realistic

%
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1.6. Objectives
The defined aim of the doctoral thesis was broken dowta the following objectives:

1 To review the current status ofansport mobility in England and the different urban
mobility strategiesto tackle the decarbonisation of the transport sector.

1 To review the different models used in transport research and the current use of
AgBMs in simulating urban mobility scenarios.

1 Todevelop a very detailed synthetic travel demand that represents the individuals

(i.e., synthetic population) living in tletudyarea based on a set of soa@i@mographic



attributes with a detailed activity plan, using open access tools and datasets, when
possible.

1 To develop a combined road and public transport network to allow the individuals
from the synthetic population to move between activities, with a speici@rest in
characteristics that support the use of active modes (e.g., bicycle saoesinetwork
characteristicselevationand cycleability rating

1 To calibrate and validate a transporgM model that simulates the normal transport
mobility duringa regular day in the study area. Simulatiafi€ycling routesake into
account some of the characteristics implemented ithe previoudy developed
YSUg2N]lZ F2NIF Y2NB NBFEAAGAO FyR | OOdzNT i

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

private and pollutingzehicleson 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 {see section 5.3These are the folloimg:

1 How @n openaccess data and opesource toolssupport the development afpatio-
temporal scenarios t@assess the effectiveness of policy portfolios to increasieve
travel uptake, taking into account socidemographic attributes and built
environment characteristics?

1 What synthetic populatin attributes are required to capture the behavioural
responses of transport users to active travel policies, and how can these attributes be
produced using opesource demographic tools?

1 Which characteristics of urban infrastructure are important in shggravel choices,

and particularly the use of active travel?

1.8. Doctoral thesis innovations

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

a transport ABM model in the UK context:

10



1 A new, operaccess and veryethiled synthetic population methamogy for any
region in Englan@seesection 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.

1 Inclusion of a new network attribute quietnes$ ranking roads for cycling based on
their built characteristics, using opeaccess data from CyclestregtSyclesteets,
2022a) (see section 3.4.4) This parameter quantifies the road quality for cycling,
helping to identify the feasibility of synthetic agents for cycling.

1 A MATSimbicycle contribution code update to consideharacteristics of the built
environment(i.e., quietnessattribute) to simulatemore realistic cycling routes. This
contribution was developed in conjunction with Dr Ziemgegsection 3.6)This will
help better account for infrastructure when making travel decisions when cycling.

 Asetoftad 2 NBigk dal gaRotd aOSy I NR2a (2 GSatdh dzNB Iy
influence transitions to active travel and reduce the usprofate motor vehiclegsee

section 3.8)

1.9 Thesis structure
The thesis has been structures follows

Chapter Zpreserts a literaturereview. Firstly, UKmeasures to achieve a neero transport
sectorare analysedrom governmental andcientific perspectiveshighlighting the need to
increase active travel in the short and medium tei®econdlydifferent methodologiedor
modelingtransport mobility policiesre reviewed, identifyinghe advantages of usinggBM

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

the built environment.

Chapter 3 describes in a higdvel of cetail the developed methodology to generate all the
required input datasets to calibte and validate a MATSim modElurthermore the model
is usedto simulate different mobility policy soarios in order to test their efficiency in

increasing the use active modes.

11



Chapter 4 groups all resslbbtained from each of the established objectiydsom the
development of a synthetic travel demand and network, to the model calibration and
validation and the results obtained from each scenario simulated foroee sustainable

transport future.

Chapter Srovides insighbn the principal outcomes achieved in the doctoral thesis, as well
as discussinghe work presented considering the assumptis and limitationspreviously
acknowledged Additionally, the reseah questions identified irchapter 1 are reviewed,
providing a realistic and fair view of the level achieved with respect to the establigieddf

the thesis Future work that researclrscould consideare also identified and describethe
implicatiors of research for researchers, practitioners and policy makeralacaliscussed.

Lastly, a conclusion of the doctoral thesis is provided.

12



Chapter 2. Literature Review

You were not made to liesbrutes but to acquire virtue and knowledgPante Alighieri

Chapter 1 introduced the current climate crisis, from a detailed description of its oaigih
current and future expected consequences to the main economic sectors contributing to it

Consequentlythe research gap, main objectives and research questions wefined.

This bapter reviews the literaturédrom governmental and scientific perspectiviesface the
climate emergency, identifying set ofmeasuresthat would enablea netzero transport
future. Besides, several transport models are investigateehtiflying their advantages and
disadvantages terms of modellingurbantransport mobility and their application® help

facethe challenge of the climate crisis.

2.1. The UK transport sector

Greenhouse gas emissions by sector, United Kingdom
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Figure3 Greenhouse gas emissiohy sector in the URitchieet al., 2020)
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The UKpossessesne of the strongest records of emises reduction irthe OECD since the

early 1990s, where energy industries had the largest source of emissions reductions, shifting
from coal to gas and renewable energ{fT, 2022e; OECD, 2028thieving a global 48%
emission decrease since thdDepartment for Business, 2023)nfortunately, transport
emissions became the largest contributor sector from 2QDET, 2022e)see figure 3),
although it decreased by 5% between 1990 and 2WifF, 2022e)Despite this decreasehe

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}atistics from 2019(the last normal year prior to the
pandemic that affected human mobility globalghow that 84% of passgermileagesvere

N} oSttt SR Ay o6& OFNAI @tya yR GFEA&AZ | yR LN
Most trips are relatively shortvhere 24% of them were under one mile, 43% under two miles
and 68% under fiveniles(DfT, 2022c)In England, 88% ofigden 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 percent of trips under one mile were on foot, although for longer
distances the car was the most frequent mod@®fT, 2022d)On average 69% of British
peopleuse the cathree or more times a week, increasing to 74%ing it once or twice per
week Statistically,a citizentravelsaround 6,500 miles per year (relatively constamalue

since 2013), where 54 of them aravelled bycycling, in contrast with 3,198 miles as a driver
and 1,812 as a car passenger, 158 miles using local buses and 625D ré&lD23f) When
commutng, 30 minuteson average are required and typicalhe trip is made by car (68%),

with minor differences between regions except in London (2{@6], 2019h)

This global view showstauge car dependency and its excessive useSAsget al. 017)
describe, heavy car dependency leads to traffic congestion, pollution and physical inactivity,
which impose high direct and indirect costs for soci&hahet al. (2021) state that the
transportationsectorhasa significant economic, soci@hd environmental impact on society
and its improvement needs to consider all of them to be successful and efficient. Very
committed regulationanust be applied as well as the implicatioffor 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 thisituation, the UK set in 2B by law that100% of their emissions must be net zero
by 200 (UK Legistation GOV, 201®eingthe first major economy teset legally binding

carbon budgets&nd to legislate to end its contribution to climate char(@¥T, 2020a)

In 202Q the dDecarbonising Transport: Setting the Challéngeport was published a
document where all existing work and the strategiesb®sput in place by governments,
businesses and society to deliver the significant emissiehgction needed across all modes
of transport were put together(DfT, 2020h) Targets and strategic priorities such as
accelerating tle modal shift to public and active transport, decarbamysroad vehicleand
how goods are deliveredre explained from the current position versus historical data, the
current government aims and targeésd future work. The document concludegacceptng
that more plans and actions will be required if thgtablished legal obligations ai@be met,

highlighting thevital role of research and innovation in decarbonisation.

In 2021 the dDecarbonising Transport: a better, greener Briaieport (DfT, 2020avas
published Thisdocumentexplainsin more detail how strategies defined in the previous
report will be achieved based aaseries of actions and timings. From all of them, two are
specifically related to car usenitigation, 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 aemoving polluting vehicles from roadsirstly,the sale of new
petrol and dieselehicleswill be phased out by 2030, and all new cars and vans will be fully
zero emission at the tailpipe from 2038nfortunately jn 2023this salemeasurewasdelayed

and drivers will still be able to buy polluting vehialegil 2035 with the possibilityof buying

and sell them secontland after that year, tooMacLellanet al., 2023). Secondly, the
development of a reliableharging infrastructure network. It is expecteu seethe roll-out

of 6,000 ultrarapid charge points by 2035, includietgctric vehicle £V infrastructure on
street and in public cgyarks. Thirdly, the implementation ofiarging 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 publiamisport 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 cyckwmauld be developedSecondlythere would be
investment of£2 billionto increase the number of people walking and cycling in towns and
cities, with an ambitious goal thdwalf of all journeys will be cycled or walked by 2QBUE,

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

2.3. Estimatedco-benefits from the UK netzero target

The estimated benefits fromhese strategies go beyond tackling the climate crisis. From the
shift to zero emission private vehicles, it is expediethcrease up to £8 billio{gross value
added (GVA)from vehicle manufacture andputo 60,000 jobs in 2050. The £€mission
reduction is expected to be between 620 and 850 Mi®@tween 2020 and 2050, which
could generate economic savingg up to £8 billion fromair quality improvements
Accordingly, there would be noise reductions, which has b#assified as the second worst

environmental risk factor in Europggrenseret al,, 2020) just after air pollution.

From the public transport transformation perspectisavings obetween 35 and 37MtCO

are expectedrom 2020 to 2050, which could generate economic savifgg to £160 million

from air quality improvementsZero 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 velas, road congestion could be reduced as

well.

If cycling and walkingbjectivesare achieved, improvements in air quality, health, economy,
congestion and noise pollutioare expected Based on estimations given in the report,
savings between 1 and 6 KO emissions from 2020 to 2058re expected which could
generate savings from £20 to £100 million framquality improvementsHealth benefits are
expected in wellbeing due to ancrease in physical activiagnd a risk reduction of developing
depresson by 31%, which couldrasticallyreduce the global £8.2 billion spent yearly by the
National Health &vice(NHS. Active travel could contribute between £1 andilion (GVA)

in 2050 and create between 40,000 and 100,000 jobs. Congestion will beecedaavalking
and cycling require much less @i space than private vehiclesoiSe andvehicletoxic

tailpipe pollution would be reduceds well transforming streets and communities into more
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liveable environments. Lastly, by 2Q%0ture active travekpending igrojected to prevent
around 50000¢130,000 premature deaths and redecwork absence by around §040

million days

2.4. Scientific research on the neero challenge

The previous paragraphs show tberrentpanorama of the English transporctor, as well
as thegovernmental chosen measures to put in pldoeachieve a sustainable transport
environment estimating extraordinary potential benefit®t only for the current climate, but
also for other sectors like the economy, healthdawellbeng and the environment
Unfortunately,moststrategies are nowadays just estimations based on ideal scenaidsra
assumptions (e.g., a fulind reliable charging infrastructure network) that require more

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

Scientiss and researchers havidentified the advantages and disadvantages of each of the
previoudy suggested strategiegrouped in twgarts. the decarbonisation of vehicles on the
road, and the shift to pblic and active mode3heir outcomes have been summarised in the

following paragraphs.

2.4.1.Decarbonisation of vehicles on the road

The decarbonisation afoad vehiclesis mainly focused on replacimplluting fossiHuelled
vehicleswith zero emissio electric vehicle¢EVs) which are around threémes as energy
efficient as onventional internal combustiorengine (ICE) vehiclggnternational Energy
Agency, 2021)

On the one hand, this approach could be beneficial for two of the main environmental issues:
air pollution, as they are poweredybelectricity and do not produce anxic tailpipe
pollution; and noise, as these vehiclde not have the combustion engirend other noise
components (e.g., exhaust syste(®raticoet al., 2020) Research studieshowthat EVs are

a promising solution toeaduce GHGemissions in the transportation sect¢Badek, 2012
CampelleVicenteet al., 2017; Ahmadi, 2019; Pardeerreiraet al., 2020; Agusdinata and Liu,
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2023; Desreveaurt al, 2023)and helpin tackling the climate change goals previously

mentioned.

On the other hand, thistrategy has severarawbacksthat can make itunsuitable for the

short and medium term. The most controversial aspect surrounding EVs is focused on how
the DfT estimated predictions€.,91% of GHG emission reduction by 20B0r, 20203)will

be achiered, when substantial obstad need to be solved beforehand. Some of them are the

following:

1 Thecurrent vehicle costéPraticoet al., 2020)

1 Thecurrent projections of EVs on the roads by 2050 iarttie short and medium term
(DfT, 2020a; SMMT, 2021)

1 Theenergy source requiremen{Sadek, 2012; Vrabie, 2022; Desrevegilxl., 2023)

1 The significant ecological impaof battery production(Sadek, 2012; Peteet al,,
2017; Marmiroliet al., 2018)

1 The potential lack of critical materia{iabibet al., 2020)

1 An underdeveloped supporting vehicle charging infrastruct(@enet al., 2020;
Praticoet al., 2Q20).

1 Sde effects of their lower noise levels in urban areas for other road ugtasde

Ferreiraet al., 2020)

To all these aspects, the UK Energy Research Centre (UKERC) add concerns about future
technobgy performance, availability, costs, the uptake by consumers and businesses, and the
AYONBIaAy3a 3l Llred SaldE S IYSNFI2NXEFYRSa2F SySNHe@
pollution emissiongBrand and Change, 201Hkthough EVs sales have increased in recent
years (6.6% market share of registratioims2022(Mer, 2023) with the help of subsidies, tax
reductions and incentive@CampelleVicenteet al, 2017) only 46% of cars could be zero
emissions by035 according to the Society of Motor Manufacturers and Trad@sMT)

(SMMT, 2021)When considering the energy source requirgdabie(2022)states the actual

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

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

decades, highligting thatno Europeamational ecanomy can afford the shift today.
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In terms of ecology, battery production has a significant immacthe environmeniPeters

et al, 2017; Deeveauxet al,, 2023) due to the growing demaniar critical minerals required

(Praticoet al., 2020; Agusdinata and Liu, 202%) 2022, Benchmark Mineral Intelligenc
estimateda requirement formore than 300 new mines to meehe demand for EVs and

energy storage batterie@Benchmak Mineral Intelligence, 2022dditionally Habibet al.,
(2020)warned about the potential supply risk of these critical minerals. Besides ecological
impacts, the needor these critcal minerals could cauge2 y ¥t A 0 a 2@SNJ 02YYd
disruptions to livelihoods, access to water, air quality, and hemitlareas where these

minerals could be extracte@h\gusdinata and Liu, 2023)s well as social inequalitiéseffron,

2020)

About the vehicle charging infrastructure developmehenet al. (2020)reviewed the state

of the required infrastructure in the UK. In the@search, it is highlighted that theeeployment

of EV charging infrastructusevould require careful longerm planning and improvement in
design especially considering the relatively fragile infrastructure of electricity distribunodn
only in locations but also in converter circuit topology, cost, consumer centric design,
reinforcement of electricity distribution netwodk and social and environmental factors.
Praticoet al. (2020)add to the inconvenient list thiack of fast refuelling facilitiethat make

EVaunsuitable for medium and londistance travel

Another cardependence 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 48# of
pooresthouseholdglowest quantile) do not have access to cars or vans, while the percentage
for the richest (highest quintile) is judt4%(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 al, 2016; Frimaret al., 2020) They can provide energy
efficient transportation in an urban setting competing against private veh(@ekiller and

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

contributions to economic activitgMiller et al., 2016)

Neverthelesssome obstaclesnake the use of public transport not the ideal option for
travelling. AccordingttheUN2 yf & KI fF (GKS ¢2NIX RQAa dzNb |y L2 L
to public transportationin 2019 although this percentage is higher in developed areas of

Europe (around 75%)YN SDGs. Goal 11, 20Z2Bhese figures shothat there are still areas

not fully accessible, especially in deprived and rural zghasaset al, 2008; OSCI, Better

Transport and Local Trust, 2021)

The fact of havingomplex and heterogeneous public transport systesiso affecs their
accessibility. In the UK, thumber 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 frameworftyons and Harman, 2002)jhisprivatisationhas
broughtcomplexityto the services, fares and information provided, which sfddther layers

of inconveniencdor users when planning their tripd.yons and Harman, 2002)

Conerning the GHG emissiortfiese modescan provide energy efficient transportation in

an urban setting competing against private vehickZchiller and Kenworthy, 2017)
minimising GHG emissions and other pollutants, although the objective of being full zero
emissions is farom beingachieved. Bsed on statistics from Dfi 2020 only 2% dhe bus

fleet was zereemission and 84%asdiesel engindexcluding hybrids)DfT, 2022f)

The perception and attitudes towards glolmiblic transport modes are also fundamtal to
incentivise their use; these perceptioase not very positive and encouragirublic modes

are seen as modes only to be used by specific ssimographic groups (e.g., school children,
elderly people, lowor middleclass peoplejShahet al, 2021) Other analyses highlight the
perception of public modes as inferior to private modes, regarding protection, autonomy and
prestige, as well abeing perceivedas problematic in terms of frequency and reliability
(Hiscoclet al., 2002; Browneet al,, 2011; Shalet al, 2021)

To worsen the attractiveness of public transport modes, it is important to bigestill on
going side effects of the COVID pandemic on the public transport sector. The pandemic
impacted it dramatically due to theeed for social distancinghe private cabeingthe main

winner among transport modes in urban argd&egaGonzalcet al,, 2023)
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In terms of public transport use, it was observed that frequeabl transport users were
more likely to have substituted it in favour pfivate cas than occasional usergickerman
(2021)analyses the impact of COVIRon UK public transport and stas thata 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([DffiT, 2023akhow tha the
number of local bus passenger journeys in Engiari22(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 sustainabledofipersonal transpor(Songet
al., 2017; Brand, et al, 2021)and one of the most promising ways to restutransport
emissions, particularlin short trips(de Nazelleet al,, 2010; Franlet al., 2010; Bearman and
Singleton, 2014; Scheepestal, 2014; Kealkt al, 2018; Woodcockt al., 2018;Neves and
Brand, 2019; Quarmbst al.,, 2019; Brand, Doret al., 2021) The fact of not generating GHG
emissions when walking and cyclif@part from breathing) makes these modes efficient

alternatives to reach a neterotransport sector in urban areas

Several scientific analyses have demonstrated theirefiein health as well, both physical
and mental. In terms of physical improvememiglividualsget the habit of exercising tlmse
weight, reduce obesity, andddress a variety afiseasessuch asoronary heart diseas
obesity and type 2 diabetd®ray, 2004; Hrubgt al., 2016; Department of Health and Social
Care, 2019)Just ly reducing obesity, it could be possible to reduce the risk of certain types
of cancer, high blood pressure and diabetB$iE, 2017)

From the mental health perspectivévilaPalenciaet al., (2018) developed a tweyear
longitudinal stuly in seven European countries where they evaluated the association
betweenthe use ofdifferent transport modes and their impaot mental health. Their results
showed robust evidence that cycling is associated with positive mental health effects (e.g.,
perceived general healtfEcheeperst al,, 2015) perceived stres@vilaPalenciat al., 2017)

and mental wellbeingMartin et al., 2014; Myttonet al., 2016). Howeverresults for walking

are inconclusive between differentiglies that find improvementgMartin et al.,, 2014; St

Louiset al, 2014; Smith, 201@nd others that do not see correlations between walking and
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better mental health(Richardset al,, 2015; Myttonet al, 2016) Positive results were also

achievel for bothcycling and walkingy Singleton(2019)

Despite the important improvements that could be achieved with the increase of people
walking and/or cyling, some scenarios could be seen as harmful for them. The first one
affects the quality of the inhaled air when sharing the road with ¢sicNabolaet al., 2008)

as they would be exposed to harmful toxic pollutants, while the second is the potential
increase of injuries orisk of being a victim of a traffic collisigldred et al, 2021)

Fortunately, and citing PHEG KS S@ARSYy OS Aa GKIG GKS KSIfGK
2dz0 6 SAIK |ye LGSyl AlafdetlSH18)i K NAala | yR KI N

Unfortunately, there are true barriers that affettte uptake of active treel. The first concerns

safety and security. National Travel Attitudes Survey (NTAS) Wave 8 results in 2023 show that
63% of femaleget other people know their plans as a safety precaution when walking and
cycling(DfT, 2023g)Alongthe same ling, the Cychg Embassy of Great Bxih say that the

main barrier forcycling is the perception that roads are too dangerous and uncomfortable,
especially due to high volumes and high speeds of motor tré@fycling Embassy of Great
Britain, 2023)In line with this statisticsfrom the NTSn 2019 show thatwo-thirds of adults

feel that it is too dangerous to cycle on theads, this valudeinghigherfor women than

men (71% and 61%, respectivel@plocombe, 2020Additionally Sustrang2018)analysed

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

and only 1% very good.

The second barrier is about weather conditiorf&neinejadet al. (2012) explorad the
relationship between weather and commuting trips in Canaalad results showed that
cycling and walking are sensitive to temperatures belo®CHnd 5C regectively, while in
terms of wind speed and precipitation, cyclisire affected twice as much as pedestrians.
Another analysis developed b¥haoet al. (2019) shows that rainfall eventsalso have

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

The third barrier iroundpolicy implementationWhile projects to improve active travelre
announced and approvedot all have been developem fully implemented Oneexample is
the two-thirds cut (E200m) to promised capital investment in safe walking, wheeling and

cyclinginfrastructure Entities such as Sustrans consider that this is the consequence of a
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persistent underfunding by the Governmef8ustrans2023) Shahet al. (2021)suggest why
policymakers are not interested in the expansion of active travel madetheir paper, they
suggest that policymakeese afraidto get public acceptance and potential puljgposition
Additionally, anotler reason highlighted bpldred (2019)about the lack of investments in
active travein low-cycling countries such as the U&about another type of fear: the fear of

building the requied infrastructures anahot makingany benefit due to cultural barriers.

The fourth barrier is the low willingness of citizens to switch and minimise their car
dependency. Although statistics dpsos (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 privatears, but the same proportion considers that they need a car
for their lifestyle, showing atrong attachment to car use and ownershiphesdigures show

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

and their pesonal convictiorand/or needto makethe move.

2.4.3. Scientific research conclusions

The previous paragraphs summarised the current perspectives about the suggested
alternatives to achieve a netero transport sector in urban area®dvantages and
disadvantagesvere identified for each alternativeshowing that there is n@unique solution

and their combination will be more efficient than if they are applied individually, although the
decisionto prioritise some of them is key to achieve the final gddagure4 summarises the
benefits and potential disadvantages of the three main strategies defimeDfT (2020a)

based on scientific research

Firstly, thestrategy that aims to decarlmise vehicles on the roasl is mainly focused on
replacing polluting fossfluelled 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 auent cost, charging infrastructure, energy supply, and environmental
and ecological impact@eidrichet 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

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

in urban areas.

Road transport

L Public transport Active travel
decarbonisation

Air pollution
reduction

ING benefit

Moderate benefit

Noise reduction

Congestion reduction .
Beneflt

Economic boost

Health improvement

Urban re-
development

Transport injustice
and inequality

Underdeveloped

) charging Privatised Weather
infrastructure sector conditions
Energy source Uneven Safety and

requirements accessibility security

Potential . Human attitudes and Policy
. Ecological impact . . .
disadvantages perceptions implementation

COVID-19 Low citizen

Transportinjustice -
consequences willingness

Electric vehicle cost
Lack of critical
materials

Figure4 Potential benefits and disadvantagemmparison between the defined strategies.

Secondly,lie modal shift to public and active transport strategyns to enable people to use
more sustainable transport modeastead of private and pollutingehicles. 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 ¢tas n

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 consages of the Cowvid9

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
OAGAT SyaQ KSIf (K o todnipfove tHE dridan énvirbnmeny vitth ivogey G | £ 0
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 antdehavioural changes.

Additionalto the previous benefits, a potential reduction in transport injustice and inequality,
due to the secalledvicious circle of increasing car dependency, could be achieved with both
public and active modes. SustraBaylor and Sloman, 2008)ghlight 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 impteentation 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, lased onpreviousscientificresearch active travel is the best amongédtlset of
options provided by Dffor the short and medium termActive modes not onlizave direct
benefits a air quality and GHG reduction, batso on health and wellbeing, noise and
congestion reductions, as well as in the required infrastructure omkich 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 undacstsow human behaviours could
charge to reduce the use of pollutingrivate vehicles. The investment in active travel has
been provedto be a great achievement. Examples of success can be found in Dienma

Germany and the NetherlandBucher and Buehler, 2008)

DfT also consider that success will require workmgartnership with the public, industry,
business, and academ{®fT, 2020agnd 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 retheceise of

private and pollutingzehicles for a more resilient and less polluted urban environment.

Gven that active travel is such an attractive option, we need to find twokeelp 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 netero emissions inransport. In England, this challenge has been
assigned toATEG KS 32 GSNY Y Sy (i Q&porRdted GyAifhad@nsibleaf6ry O &
making walking, wheeling and cycling the preferred choice ferymne to get around. Their
objective is to achieve 50% tifps in towns and cities to be walked, wheeled or cycled by
2030 (ATE, 2023a)yegardless 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 parlang; a better

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

Thesemobility policies need to be testdaefore they are implemented in the real wondth
modelsto understand and estimate (not predict) their successfailure. The following

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

Traditionally transport modellingconsiss ofthe development of a model, which has been
defined byBandiniet al.(2009)asdan abstract and simplified representation of a given reality,
either already existing or just plannealstudy and explia observed phenomena or to foresee
future phenomené& Translated into théransport sector, it consists dfie development of an
abstract and simplifiedepresentation of theransport sector that defines its characteristics
and structure to understand st current situation or test future developments. In
transportation, these models are known as travel demand moddisee main models are

described below: the foustep model, activithbased model and age#itased model
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2.5.1. he fourstep model

The moswell-known and used travel demand model is thecadled fourstepmodel (FSM).
Originally from 1960s,3 is the primary tool for forecasting, understanding and assessing
future demand and performance of a transportation system, typically defined egiamal or
sub-regional scaléMcNally, 2007)The main purpose of the model is to be used as a tool for
capacity analysis of road netwalkanalysis of the network development scenarios or analysis

of the public transport systerMladenovic and Trifunovic, 2014)

As McNally (2007) Xintong (2021) and Mladenovic and Trifunovi€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 vagus trip purposes or activitie§ he second stage consists of recombining
trip ends from the previous stage into trips, generating a trip matrix betwasnes. The result
states the magnitude of traffic flows bsten all OriginDestination (ODones(Ziemke,
2022) Rasouli and Timmermar{2014)describe this stage as an assumption of the laws of
thermodynamicsapplied tosocial and physical systemshere human behavioutahoices

are not involved. The third effectively factors tdtable to produce specific trip tables for
each of the different transport modes to be analyséual.the bst stage, the flows of each
transport modespecific GD table are loaded on the allowidransport modal network (e.g.,
roads for cars, rail tracks for trains), usually under the assumption of usdibegum, where

all paths utilied for a given €D pair have equal impedances. The model output describes the
demand for transport as a set afjgregated flows of traffic on the routes of the network and
spatiallyresolved by zone¢Scherret al, 2020; Ziemke, 2022Which are used to analyse
policies such as road expansions, introduction of tolls, (&aghcet al., 2020) Due to these
modek beingbased on individualrips, they can also be called tripased modelgZiemke,
2022)

Fourstep model limitations

Although these models have been used by transport modellers worldwide and several
improvements have made them more efficient and accurdi#adenovic and Trifunovic

(2014)highlight several shortcomings, the most relevant ohesg

27



The smallnumberof different trip activities allowedJohnston, 2004)
The assumed statily A y (G A YS 2akteristizsyabd@eiatioBskips.

The lack of consideration of langse density in trip generation.

= =2 =2 =2

Travel demand considered as independent of the provided transportation system

(Vuchic, 2017)

1 Neglected levels of road congesti@dohnston, 2004)

1 The lack in consideration of new transport systems andifes.

1 The assumption of independence of trips betweenembers from the same
household.

1 The assumption that average travel timeemain constanin future and throughthe
day.

1 The gravity concept used during the trip distribution stage tends to overestimate the
near tripsand underestimate the far ones.

1 The modal split stage is mainly focus on three motorised travel modes (car use as a
driver, as a passenger and pultfiensport as a passenger) and do not considenacti
modes (walking and cycling).

1 An oversimplification of the modal split due to empirical evidence or secmomic

data(Vuchic, 2017)

An assumed constantrtie vdue for all trip purposes.

The use of aggregated and static link performance value

The estimation of road capacities.

The assumption that all trips start and @t the centroid of each zone.

The lack of ofpeak models.

Theladk of behavioural considetians.

= =/ =2 =2 A4 A

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

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

Besides themMcNally (2000)added a few more limitations basexh McNally and Recker
(1986), and theUS Department of Transportatigh997)analyses:

1 The lack of spatial and temporatterrelationships between trips.

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

Pinjari and Bha(2011) state that previouly highlighted issues, egcially 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 behaviourgMcNally, 2000; Francet al, 2020; Nguyeret al, 2021) that
increased concerns regéing traffic congestion and aguality (Pinjari and Bhat, 2011put

also due to the inclusion of new transport modé&syvel behaviour is gradually getting more
difficult to estimate (Ferreiraet al., 2007; Holmberget al,, 2016; DfT, 2019a; Franeo al.,

2020) Therefore other alternatives have been delped and considered to better

understand travel behaviours at a microscopic lg#elghcet al., 2020)

2.5.2.Activity-based models

Activity-based models (AcBMs), also knoas activitybased travel demand models, analyse
travel as daily or mukilay patterns of behaour, related to and derived from differences in
lifestyles and activity participation among the populatidvicNally, 200Q)The motivation of
this approachis thatA y R A @ iravedtietisiofs are actividyased (McNally, 200Q) This
means that travel decisions are made by a setativities and its global context, which cannot
be understood individually, where travel is viewed as a demand derived from the need to
pursue activitiegBhat and Koppelman, 1999; Davidssiral., 2007; hjari and Bhat, 2011)
This definition addresses the impossibility of thased models to show underlying behaviour
and the impossibilityf beingresponsive to evolving polici€scNally, 2000) These models
evolve fromstatistical estimation of aggregatddvel (inspace, time and travelle(&aghoet
al., 2020) andlongterm travel demand used in tripased models (i.eESN), to understand
disaggregatedevel behavioural responseand shortterm demand policies, such as
congestion pricing and ridesharing, transforming the-tigsed perspective to a totlvased
(Pinjari and Bhat, 2011)

This new perspective allows the use of disaggregated perdewvallinformation (both in time

and spacgRasouli and Timmermans, 20L4Pata contains detailed travel information of
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each individual (e.gduration of trips location,frequency, sequenggZhonget 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 (@stjari and Bhat, 2011)0
achieve this goal, AcBMs require the use of a synthetieel demandas input datgZiemke,
2022) which can be defined as a simplified digital representation ofiideviduals living in

the area of study. From each individual, some of their sdeimographic 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 sl locations and transport mode useate known
Modelling therefore moves from computations on zonal aggregates to decision making of
individuals(Horni, 2005; Ziemke, 20223s well as allowindhe analysis of policy impacts in
certain subgroups of the populatigiKitamura, 1988; Ziemke, 202dased on similar socio
demographic characteristics, whicould provide better forecasts of future travel patterns
(Castiglione and Bradley, 2014; Ziemke, 2022)vsha and Bradley2006) add as an
improvement the possibilityf incorporatingexplicit modelling of joint travel byjnembers

from the same household. Besidé&gsouli and Timmermaii@014)enumerate the four main

improvementsAcBMcould achieve when compared against the former model:

1 Ahigher spatial and temporal resolution
1 Human behaviouratlecisions inclusian
1 Animprovement in the integrity of the model system

1 The interdependence of trips as a tetnp.

Activity-based model limitations

However, asZhonget al. (2015)describe in theicomparisonbetween the traditionalFSMs
and AcBMs currenty the former remais the most popular modelling approach, mainly
because they are simpler and easier to implemdfren whenAcBMsare more flexible, can
provide richer informatioranalysing travel demand and supply at specific times of the day
and can rpresent better demographic and landse variables in policy analysis, FSMs are

usually preferred.
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2.5.3. Agentbased models

Agentbased models (AgBMsre a facet of wider MultAgent Systems (MAS) research
(Mallesonet al., 2022) defined as spatibemporal computatimal simulations of individuals
interacting withthe environment and with other individuals during their daily activities,
providing a micra O2 LJA O NBLINBaSyidaladAazy 2F GKS AYyRAOAR
behaviours and the implications of their interaction in the transportation sys{aghoet

al., 2020) Bonabeay2002)defines them as a technique for the investigation of relationships
between the behaviour of individual entities andgeir influence in shaping system dynamics
(Manley and Cheng, 2018)0ther researcherdBonabeau, 2002; Hearét al, 2015;

h Q5 2y 2 3K dzSnike, 2022) define AgBNS aga system modelled as a collection of
autonomous decisiemaking entities called agents. Each agent individually assesses its
situation and makes decisions based on a set ofguBzs1dini efal. (2009)add that the global
system dynamics are not defined in terms of a global function, but rather the result of
individuals' &tions and interactions (beteen them and the environmentfbaret al. (2017)
definethe AgBM philosophy as a model of complex systems adopting a baiapproach,
where the interactions in space and time betweagents and the environment are
considered first. These models are unique in the ability to combine heterogeneous and
dynamically changing processof complex systems from autonomous agents, intending to
investigate the emergent and collective effects the system(Moyo Oliveros and Nagel,
2016; Huanget al., 2022) AsMallesonet al. (2022)state, AgBMs are gaining popularity in
urban environments as a valuable rhet for understanding the lodevel 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 (Huanget al,, 2022)(person, veltle, facility. In transport AgBMs, agents representing
humans are characterised by their sodemographic attributes (e.g., sex, age, income) and
an activity plan, which defines their routines to be performed during the simulation (e.g.,
travel startingtimes, purpose of the trips, transport modes and activity locations), ailyil

to an AcBM Agents representing vehicles are characterised by their use (public or private),
speed limit, maximum occupancy and dimensions (width Emgjth); agents representig
facilities are characterised by their use, maximum capacity, opening time8asted 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 environmefKaghacet al., 2020) The combination of thadividual
characteristics and rules to follow by each agent allows the agents the possibjgdgsessing
the following features(Bonabeau, 2002; Macal and North, 2005; Rooedaal., 2010;
Heppenstalkt al, 2016; Huangpt al., 2022)

1 They are autonomous and theyodhot need any external intervention.
1 They can cooperate with the environment and/or other aggto achieve their goals.

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

Besides the agents, the environment is essential &mijt influences the behaviours of the
agents in terms of perception and allowed actigBandiniet. al, 2009) Itis 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, &amsport modes allowed), thpublic transport services (e.g., routes, stops
and scheduleg)Kaghoet 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 anthe environment are combined in a computational software to simulate
their interactions in space and time, based on their characteristics, rules, activity atal
environmental conditionsAgBMs enable a more realistic modelling of complex systems,
sincethe dynamics and the interaction between the different agents and their environment
can be explicitly expresseds Francoet. al (2020)describe Bastariantoet al. (2023)add the
ability of the agents tdearn, adapt, and hold different perceptions of an environmast
important improvements empared against previous models. Furthermokéanley et al.
(2014)argue that AgBMs haube potentialto move beyond traditional assumptions of traffic
distribution equilibrium, building traffic patterns from individual behaviours upwards

considering their own characteristics, preferences and/or disabilities.

¢CKS | 3SyiaqQ Ay thé&iNdndibereBvifoament provilé Snew perspective in
transport modelling that could not bebtained from previous model3he interactions of the

agentsin space and time allow them to adapt and learn from what others do. Examples were
highlighted byBazzan and KIi¢014F ¢ KSNBE (KSe& RSaONAROGS GKIFG

their adaptation and learningapacity to simulate realistic and optimised behaviours. The

32



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 behaviolms choosing a more efficient
transport mode (e.g., public transport modes, cycling), changing the route otiadapeir

trip starting time.Molin et al., (2008)add that these interactions codilallow 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.

Addtionally, agentQinteractions with the environment allovior knowing how the built
environment could affedheir daily routines. Characteristics, such as the ryqe and slope

andthe existence ofighting and cycle path€ould be considered when agts, based as well

on their own sociedemographic characteristics, decide how, when and where to go. The
decisions made by indduals based on the builtenvironment characteristics are
encapsulated g A (i K A yspatialKc®gnitit? 02y OSLIGI = o tkeh Effisct dR S & O NJ ¢
environmental factors on mobilittManley and Cheng, 2018; €t al, 2019; Manleyet al.,

2021) and therefoe the transport mode choice.

Agent-based model limitations

Unfortunately, these models have limitations and face several challdogasplementation

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

to geneate a heterogeneous synthetic population and transport netwairkere errors could

be introduced due to the lack of required data, the use of incomplete datasets or potential
requirements of data transformatiofKaghaet al,, 2020) Secondly, computational efficiency

and cost have been alsoedcribed as current limitations.h@y aremainly dependant on

complex computer environments due to the amount of required agents to be simulated
(Kaghoet al., 2020; Huangt al, 2022) especially when different components (e.g., mode

choice, route choice, schedulingnd use, ridesharing scheme, destination choice) are
combined(Bastariantcet al., 2023) Thirdlytherearef A YA Gl GA2ya Ay | 3SyiaQ

Huanget al. (2022) considerthat the human behaviours should also consider intelligent
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perspectives like preferences and memory. In a similar approilianley et al. (2014)
consider that morgeseach is needed in the routehoice, where models are based on traffic
equilibrium and individual preferences are rfatly considered, which could add behavioural
homogeneity into the model. Model calibration and validation have also been considered as
shortcomings(Kaghcet al., 2020; Huangt al., 2022; Bastariantet al., 2023) There is a lack

of explicit calibration and validatiostages.Huanget al. (2022) state that these processes
should be included within the development of the model to demoatrtheir validity and
accuracy Bastariantoet al. (2023) urge for unified calibration and validation methods.
Transparency is another limitation, due to AgBMsing complex models amh the
understanding of the numerical details and the mechanical process of how agents interact in
space and timés not trivial (Kaghoet al., 2020) Reproducibility is also a critical limitation of
AgBMs(Kaghoet al,, 2020) as the possibilityof other researchers and/or policy malser
replicating results is scanmainly due to confidential data and toolsed although more
openaccessdatasets, tools andepositories have been generated in the last few years
(Bastarianto et al, 2023) Lastly, AgBMs lack standardisatiofKagho et al, 2020)
Terminologies, concepts, documentation and expectations should be dedfineéde stable

within the field.

2.54. Comparison between the transport planning models for active modes

The previoussectionshave summarised the three mamodelsavailable to estimate the
impact of transport mobility policies. Thegllowthe identification ofthe potential success or
failure before the policies are implemented in the real workigure 5 summarises the

advantages and disadwutages of each transport model.

Firstly, the FSMs or tripased models allow the analysis of the transport demand as a set of
aggregated traffic flowbetween 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
arethe aggregated outcom@n space, time and individuals); tiheck ofspatial and temporal
interrelationshipsbetweentrips; andthe modal split stage is mainly focused on motorised

travel modes.
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Four-step model

Activity-based model

Agent-based model

Easy to develop

Tour-based perspective
Disaggregated data
(personal, spatial and time)
Multi-day patterns
Human behaviour
Diversity of transport modes
Useful for short-term policies
Possibility to test policies for
specific groups in society

Tour-based perspective
Disaggregated data
(personal, spatial and time)
Multi-day patterns
Human behaviour
Diversity of transport modes
Useful for short-term policies
Possibility to test policies for
specific groups in society
Agents interact in space and

time
The effect of the built-
environment is taken into
account
Ability of agents to learn
based on their simulated
experiences

Simple
Trips
Travel time is assumed
constant
No active modes
No consideration of potential
congestion
Use of aggregated and static
data
All trips start and end in
areascC
Aggregated outcomes

into account

cent

Human behaviours not taken

Data constraints (collection,
analysis)
Computational time
Calibration
Validation

Data constraints (collection,
analysis)
Computational time
Calibration
Validation

Figure5 Comparison of advantagesd disadvantages of the different transport models analysed.

Secondly, AcBMs improve some of the limitations highlighted for the FSMs, through the
analysis oftravel demand from a disaggregate point of viewnsidering the individual
characteristics (e.gage, 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 difficutipgtement,

andconsequently 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 soettemographic attributes and activity plans. AgBMs contain all

the information from AcBMs and provide the possibility of virtually esenting the
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which could not be obtained with any of the other models described betdeppenstallet
al., (2016) suggest that one of the mostppealing aspects of AgBMs is their ability to
represent human behaviour and, through simulation, understand how these behaviours play

out over space and time.

Consequently, thenost appropriatemodels to analyse policies to enable citizamtghe shift

to active travel modeare AgBMs, as they allosonsideration ofndividual characteristics of

the agents, their interactions in a spatiemporal environment and the possibilitgf
simulaing diversity of transport modes simultaneousiyDveral] AgBMs prowde the
possibilityof showingmore realistic transport human dynamics than previous models. The
approactes of statistical models and AgBMs are oppositeeach other While the first is a
top-bottom approach (based on aggregated statistical results), laltéer is a bottomup,

where heterogeneous mobility decisions made by the agents can be repro@ueddizadeh

et al.,2022)and analysed. Adehdizadehet al.(2022)estate, statstical 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 otheeaeshersFrancoet al.(2020)consider that
AgBMsenablea more realistic modelling of complex systems, since the dynamics and the
interaction between the different entitieand their environmentan be explicitly expressed
Kaghoet al. (2020)highlight that the use of AgBMs to modehansport behaviour is growing

and the future looks bright for it in the midterm, although there are many challenges that
need to be overcomeBatty(2001)also identifiesAgBMs as a powerful alternative to consider
active modes because individual axt (e.g., agents)ra taken into accounwithin 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
policiesfor active modes, the following sectiomxplorein 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, severakAgB&lbeen
used bradly by different researchers and industries in different fields of research (e.g.,
biology (An et al,, 2017) epidemiology(Alvarez Castro and Ford, 202%pcialand nature
sciencgGilbert and Terna, 20003ducation(Kirk Harland and Heppenstall, 201@)mputing
(Tanget al, 2011) logistics(Clausenet al, 2019) urban planning(Chen, 2012)politics
(Dacrema and Benati, 202G)nance(Samanidotet al, 2007 Abaret al., 2017) The use of
AgBMs has been increasatilie to the inprovement in he technology development
computational resources and data accessibilijuang et al, 2022) In the field of
transportation, AgBMs have also been used for a great variety of tfigicsnget al., 2022)
traffic management framework@dleret al., 2005; Ossowskit al., 2005; Wang, 2005; Chen,
Cheng and Palen, 20090ongestion managemenfLogi and Ritchie, 2002}raffic policy
(lordanova, 2003}raffic signal contro{(Srinivasaret al., 2006; Chen and Cheng, 2010;eXu
al,, 2019; Yuwet al, 2021) transport logistic§SerraneHernandezet al., 2018)and travel
behaviour(Xionget al., 2018)

Classification of transport AgBMs

Transport AgBMsan beclassified irfour categories based on the level of detéiflasso®t
al.,, 2011; Lopeert al,, 2018; Nguyeeet al,, 2021) macroscopic, microscopic, mesoscopic and

nanoscopic.

1 Macroscopic models are used for the analysis of wide areas, wherdetailed
modelling is requireddue to beingrased on highevel mathematical models
9 Microscopic models consider a higvel of detail, as agents are simulated

individually, being used farrbantraffic analysis.
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1 Mesoscopic models are a combination of the poexsd models, as traffic entities are
Y2RStEEfSR Fd I KAIKSNI £ S@St 2F RSGFAf (Kl
interactions and behaviours are less detailed.

1 Lastly, nanoscopic models are even more detailed than microscopic, where smaller
componernts 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 da{&lguyenet al., 2021) demand and supply. The first
relates to the travel requirements for each agent, where information about the socio
demographic attributes (e.g., ageex, 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 $ 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(Nguyenret al, 2021)

Currently, the use of mesoscopigBMs to simulate mixed interactions of mienobility
modes (e.g., walking, bicyclesbikes, escooters) is in discussion, as spatial interactions that
occur at the micrdevel (e.g., traffic safety, intersections, road lane changes) between
themselves and other vehicles (e.g., cars, buses) could be mi§gedras et al. (2023)
highlight this aspect focusing on the simulation e$aoters where a dilemma between
modelling their behaviours and interactions at a link level and predicting-tiemg travel
behaviour using microscopic models is identified. The former could simplify the interactions,
while the latter currently does not have tliequired capacities to model bicycle or pedestrian
traffic or is not capabl®f simulatinglarge-scale networks. Their conclusion considers the

development of a hybrid model that could combine the analysis in network and link levels.

Transport AgBMditerature review

Bastarianto et al. (2023) reviewed the use ofdedicated 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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significantimprovementin computing perfomance and the use of fully opesource tools.

The topics analysed in the papers have been evolwegtime, being focused on congestion
pricing initially, while emerging transport modes (e.g., ride sharing, demand responsive
transport and EV3$ appearedlater and have becane dominant today. The geographical
distribution of papers was analysed as well, and it was observedniust of them are
focused on transport scenarios of developed countries (Germany, USA, Switzerland and

Singapore). Publicatiorisund were groupedin nine clusters:

1 General transport modellingFujiiet al., 2017; Manseet al., 2020)

1 Travel behaviou(Shirzadi Babakaet al., 2015; Alet al., 2016; Parlet al,, 2018; Zhu
et al, 2018)

1 Emerging transport modegFagnat and Kockelman, 2014; Boeset al, 2016;
LaMondiaet al., 2016; Inturriet al., 2021; Tzourast al., 2023)

1 Transport plicy (Zhenget al, 2012; Zhengt al., 2014; Kaddourat al., 2020)

1 Urban logistic§Martins-Turneret al., 2020; Sakaat al., 2020)

1 Travel demandBeckmaret al,, 1996; Yet al., 2009; Faroogt al., 2013; Mallicet al,,
2013; Wi et al, 2019; Franceet al., 2020;H0rl and Balac, 2021b; Sallatal.,, 2021,
Prédhumeau and Manley, 2023)

1 Parking(Waraich and Axhausen, 2012; Bahrami and Roorda, 2022)

1 Public transport(Shenet al., 2018; Galletet al., 2019; Narayaret al., 2019, 2020;
Manseret al., 2020; Rahmart al., 2020; Kiet al., 2021; Barbeét al., 2022)

1 Shared autonomous taxHorl, 2017; Lokhandwala and Cai, 2018; &tial., 2019; Liu
et al, 2020)

Mehdizadehet al(2022)did a review of 86 AgBMa mobility transition between 2006 and

HNH MY mokiByNdansitbr) NBFSNAR (2 (GKS AKATAO FNRBY N
innovative and sustainable mobility optiorfKdhleret al., 2009; Fagnanand Kekelman,

2015; Dochertyet al., 2018; Mehdizadebt al., 2022) In this review, half of the publications

were focused on thdlistribution of EVs to investigate market share penetrations from

different perspectivegQueriniand Benetto, 2014; Kieckhafet al., 2017; Pagarat al.,, 2019;
Rodemanret al,, 2019; Kleiret al,, 2020; Ninget al,, 2020; Huangt al., 2021; Lee and Brown,

2021; Zhugeet al,, 2021) Theremaining half was focused on severapics: automated

mobility on demandBasuet al., 2018; Ohet al, 2020) modal shift to sustainable modes
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(Faboyaet al, 2020; Maggi and Vallino, 20213hared mobility services (ecaharing,
ridesharing, bike sharing, carpoolir{agnant and Kockelman, 2014; Intetral., 2019) and
alternative fuel vehicles (hydrogen or natural g@d)jetet al., 2010; Sophat al., 2017)

Transport AgBMs and active modes

Within thesetwo publication reviews, it is possible to identify clusters where modal shift
and/or the use of active travel modes are analysed (e.qg., transport polBgstariantoet al.
(2023)and modal shift to sustainable modesMehdizadehet al. (2022). This is the case
Zhenget al. (2012) where a dynamic cordon pricing scheme is simulated in Zurich
(Switzerland). Results show that the applied congestion pricing estitite travel times,
congestionwithin the areawaseased and the effects onigire activities were stronger than

when commuting, although references to the usfeactive modes are not specifiedhenget

al. (2014) analyse the impact of a timdependent pricing scheme in Sioux F4USV),
O2yaARSNAY3I (GKS t S@St 2srfadaptatigraditie fioh @sf, withyhe G A Y S
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 flic transport modes due to accessibility improvements and
money rewardsKaddoura, Leich and Nag@020)analyse different concepts for demand
responsive tansit inGreater Berlin (Germany), although the possibility of including scenarios
for active modes wasnot consiared. Results show that small zones of influence and very low
prices could make pedestrians and cyclist movBemandResponseransit(DRT, while this
unwanted consequenceasreduced when tariffsvere more expensive, afdrga DRT areas

could shift car drivers to DRWaggi and Vallin2021)researchthe potential impact of price

based and preferencbased policie2 y 02 YYdzi SND&a Y2RS OK2AO0S

A
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pollution emission estimation when choosing the mode used. Within the mode option, cycling
was consideregand results shovthat agents prefer a shift from car to bicycle than to public
modes when the use of cars is disincentivised, although the considermaitiphysical effort

or slopes for cyclistarasnot cited.Parket al. (2018)simulatedactive modes in New York{

(US) to support investment decisions and evaluate the impact of infrastructure changes

walking and cycling. Their results show tl@jprovingsidewalk and cycle path conditions
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could positively increase the number of people using them, althoughelihtharacteristics
of the built environment (e.g., sidewalk width, bike lane type) were consideaad, road

gradientwasnot included.

Besidesprevious research publications is possible to find otheranalysing active travel
modes and modal shifts fa sustainable transport system that were not includethin the
two previous reviews, mainlgue to the models used being generic or seleveloped
transport AgBM toolsand that were published after these two revie&®me examples are

described below.

Kaziyevaet al.(2021)developed an AgBM tsimulate transport mobilityn SalzburdAustria)

and focused on cycling traffic flows, as a response to the emerging phenomenonivaduad
mobility, using GAMATaillandieret al,, 2018) The model simulates moltyli patterns of a
synthetic poplation of 186,000 agents in a omeinute time resolution, consideringix
transportation modegbicycle, walk, car, cgrassenger, public transport and other), while
the model was only validated using bicycle counts. Latarjyevaet al.(2023)improved the
model to be focused on the two active modes, in response toittle attention that cycling

and walking have had in transport simulations. This model aliwsilation ofdifferent

traffic conditions with altered travel behaviours and the beitivironment. Similarlyl, eacet

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 gradiestof the roads were not considete The model was validated against
data obtained from a mobile phone app that collects informatdaout cyclists in the area of

study.

Thompsoret al. (2017)seltdeveloped an AgBM tool to explore the potential effects in safety
when introducing diierent levels of segregated cycle paths, where drivers are considered to
KIS o0SKIFI@A2dzNI £ | RIFELIWGIFGA2Yy A Ay NBaLRyasS G2
was that soft implementation of cycle paths (i.e., painted lanes) are not enough to keep
cyclists safe when behavioural adaptatiois assumed among driveiBhompsoret al.(2019)
simulated and analysed the effects of cycling density and colisietween cycling and
motorists at road intersections, using a sedveloped 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 awareénefgresence of cyclists on the

41



road. Jafari(2022)provides a new AdB tool (AToM), based on MATS(iorniet al., 2016)

to analyse cycling in the region of Greater Melbourg&ustralia). Different built
environmental interventions affectingliverse groups of societywere tested (e.g.the
implementation of cycle lanes and the impact of traffic signals on cycloansidering
different subgroups of the population. The conctuss obtained for the former were that
older cyclists and middiaged female groupwiould increase the use of the bicycle if new
cycle laneswere implemented, due to improvement in safety and security, although
interactions between cyclists and car drivevere not considered as only bicycle trips were
simulated. For the latter, it was concluded that traffic signals are the most important factor
GKFG FFFSOGa Oel0fAraidaQ aLISSRP® ¢KS Y2RSt g1t a
Jafri and Both (2021) have also analysed the use of active transport modes within
Melbourne. They developed a MATSIim model to test different scenarios for sustainable
modes. Within them, they analysed the current cycling infrastructures, the existence®f ga
in the network and the potential health improvements when enabling people to use active
modes. Schlentheret al. (2022) investigate scenarios to reduce the number of motorised
vehicles on the road in Hambuf@ermany), using MATSim. Thayalysedthe impact of
implementing economic penalties to those agents using motor vehicles, the implementation
of segregated cycle paths to incentivise the use of bicycles, the possdfilitgingride-
sharing, the inclusion of shuttle payable services to and from public transpmps,sthe
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 enouglthoeare a great shift
from the use ofpolluting vehicles tosustainable modes (around a 386int decrease),
although more significant reductions are achiewedh policies that penalise the use of
private vehicles (8%ooints). In terms of cycling, the impreentation of safe infrastructures
could increase the number of cyclistg 8% points, although the model did not considdret
characteristics of the builenvironment, so the choice of cycling is not affected by road
characteristics (e.g., gradient and tbeype), which limit the accuracy of the results achieved.
Lastly,Hitge and Joubert2023) developed a model to estimate a potaaitcycling demand

in Cape Towr{South Africa Their model showed that 32% of agents would benefit from

cycling, although the percentageas reducedy 8% when sockalemographic 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 usingbicycles 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 walkingBadlandet al. (2013)seltdeveloped an ope-source simple AgBM tool
focused on walking to test scenarios to improve walkability in neighbourhoods, where roads
were usednstead of sidewalkgdue to lack of access to the required datas&nget al.(2011)
developed anew AgBM tool to simulate the behaviour of people walking, considering
attributes like age, sexwalking 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 withitheir social network, among others. Their model is

applied to anon-real city, so validation of a specific region in the world is not possible.

Reasons for the lack of AgBMs focused on active modes

Ascan be observed, the number of publicatiammcerningAgBMghat focuson active modes
for a sustainable and less fhating transport sector is modesOnly £n publications focused
on cyclingShimizwet al., 2014; Leaet al,, 2017; Thompsoat al,, 2017, 2019; Letal., 2018;
Kaziyevaet al, 2021; Maggi and Vallino, 2021; Jafari, 2022; Schlerthar, 2022; Hitge and
Joubert, 2023)two on walkingYanget al., 2011; Badlanét al., 2013)and another three on
both (Parket al,, 2018; Jafa et al,, 2021; Kaziyevat al., 2023)were identified

Batty (2001) highlightsthat the main reason whyvalkingis usually discardedfom the
analysegalthough theconcept ould be extrapolatd to all active modesis due totransport
models originallybeingfocusedon vehicle expansion, as a response to the increadbe
LINA @I §S @SKAOES RSYFYR® 9 @S il bé Zansideredéahd>
Additionally, d&hough active modes are a fundamental component to achieve azesi
transport future, most efforts seemto be focused on e electrification of vehicles. This
converge with the number of publications combining AgBMs and EVs, as was obsésved
Bastariantcet al. (2023)andMehdizadehet al.(2022) Batty 001)also highlightshe lack of
available granulated data to analyse dastrian movements (and other active modes).

Kaziyevaet al. (2023)also agreawith the lack of vatlation data, whileJafari 2022)adds the
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heterogeneousnature of active travel behaviours. The lack of available data should be
reduced due to new datasets and ways to quantify and define active ltgzaieerns (e.g.,
bicycle counts, walking counts, mobile phone data); whilehsierogeneous nature of active
travel behaviourss researchkd by fields of transport psychology and transport behaviours,

among others.

Transport AgBMs and active modes withthe industry

Fortunately, the analysis of active modes combined with AgBMs is gaining momentum within
the industry. One example is the case of they ModellingLab (CML)an Arup department
focused on the simulation of transport scenarios using AgBNghieve a netzero transport
future. Within their expertise, they develop scenarios where active modes are theNmle.
Bec,CMLleader, explaingi an interview that they break down modal silos and shovtha!
benefits active travel can create foreh clients(ZAG Daily, 2023)hey consider active modes
as a main component of their work and expect that active modes will have asignidicant
role in transport policy, infrastructure and investment. In lingh this approach, they have
developed scenarios where soaemographic attributes awell as conditions of the built
environment (e.g., slope and road conditions) are considesd&n choosing and using
bicycles (e.g., maximum speed reached based orstitdcedemographic attributes and the
road conditions)(Kozlowska, 2023)They also agree that active travel is overlooked in
decision making due to the difficultyf quantifying its impact and benefits when compared

to other transport modegintercharge, B23)

2.6.2. Transport AgBM tools

Since AgBMs have been used as transport nmdeleral tools have been developed and
used for awide variety of transport modelling purposeblguyenet al. (2021)developed a
very detailed list of more than 35 AgBM tools, with some of the nwesit-known being:
MATSimHorniet al., 2023) POLARI@uldet al., 2016) the integration of SUMXrajzewicz,
2010)and JADEBellifemineet al., 2005) AgentPoligJakobet al., 2012) ITSUMJBazzaret
al., 2010)and SimMobility (Adnanet al., 2016)
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MATSIim(Multi-Agent Transport Simulation$ an opersource mesoscopidool written in

Java, firstly developed by ETH Zurich in 2006 and now contributed to and develgped b
researchers worldwide. This tool simulates lasgale (Nguyenet al., 2021) mesoscopic
(Francceet al., 2020) mult-modal(B6sch and Ciari, 2015; Poletti, 20fr@ffic and congestion
patterns considering individualised information of the agefitorni et al., 2023) and
vehicular traffic flow(Auld et al,, 2016) in a queuebased paradign{Bazzaret al., 2010)
through a road and transport network supply. The agents interact in space and time and
compete for transport resources (infrastructure andadable modes), following stochastic
(Horni et al. 2016)co-evolutionary algorithm(Ziemke, 2022phat allows the agents to learn

and improve their performance based on their interactions until an equilibrium is reached.

POLARIS is an opeaurce largescalemesoscopienodel written in C++lt was published in
2013 (Nguyenet al, 2021)and was the firsto integratethe activitybased demand model
estimation, network simulation anihtelligent transportation systenoperation components
within the simulation, although it is not a tool specifically designed for transport modelling,

but general purposefAuldet al.,, 2016)

The SUMO (Simulation of Urban MObility) and JADE (Java Agent Development Framework)
integration is a combination of two opesource tools. The first is a microscopraffic
simulation framework written in C++ that simulates the mobility of vehi¢lesmjzewicz,
2010) whilstthe latter is a framework talevelop AgBMs and allows the interaction of agents
(individuals) in the environment with the vehicl@ellifemineet al., 2005) considering traffic
control systems (e.qg., traffic lights). This combination, developesidayes and Kokkinogenis
(2014)allows JADE agents (drivers) to be linked to SUMO agents (ve(iddgs)enet 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 decisiongbout their movements considering the traffic controtséem, while

the second is a microscopic network where vehicles intgi@oares and Kokkinogenis, 2014)

It was developed as a response to the current and ®itunban 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 Atrtificial Intelligence Centre at Czech Technical University in
Prague(Franceet al,, 2020) is a tool written in Java that allowlse modeling of multi-modal
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transport systems, providing to each agent asynchronous and free interactions bettveen t
environment and other agents. Thadlows themto adjusttheir plans at any time based on
their observations of the environment and/or communicat with other agentgJakolet al.,,
2012) However,2 S NJiét @J(2014) critique the tool because most of the software
architecture is hidden and does not allow for fine tuning of some variafptesrri et al.,

2019)

ITSUMO (Intelligent Transportation SystemUrban Mobility) is an opesource microscopic
traffic simulator written in C++ and Jayidguyenet al., 2021) It allows the modelling of
different traffic actors (e.g., driverdntelligent transportation systemand autonomous
vehicles) as autonomous agents, considering the control of traffic lights anduéa re-
planning, applying a combination of AgBM and Al techniques, its focus and maiveguaal
to simulate traffic control scenariogBazzanet al, 2010) This tool simulates traffic
movements in a very simple approach, by applying @llautomata (CA) techniques in

discrete steps (not continuougBazzaret al., 2010)

Lastly,SimMobilityis an opersourcemicroscopidool written in C++{Nguyenet al, 2021)
where landuse, transportation and communication interactions are considered between
different types of agents, its main focuseing on intelligent transportation systems
transportation networks and vehicle emissions simulations. This tool attmvsimulation of
scenarios where the time steps are fractions of a second (e.g., changesidanea 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.;te@mg choices such as house and

job relocation)(Adnanet al.,, 2016)

Between all of them, MATSIim is the most popular and the most frequently used transport
AgBM (Bastariantoet al., 2023)and possesssthe largest user communitfNguyenet al,,
2021) Besides its popularity, MATSIm has been identifiedtes tool that best suits the
required conditions to simulate urban mobility peés to enable citizens to use active travel
modes Tzouraset al. (2023)conducted agualitative assessmerabout the use of different

transport AgBMools based on the following ten criteria:

1 Is opensource and allowthe development or integration of multiple extensions

1 Has been used to simulate shared mobility
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Has been usetb perform large scale transport networks
Candescribe spatiotmporal variation of demand

Can simulate bicycle traffic in cycle lanes

Can simulate pedestriaon sidewalks

Can simulate mixed traffic

Gonsidess socicdemographic characteristics

Can mtegrate new choice models

= =2 =2 A2 A2 A A -

Can simulate multimodal trips

Within the conpared tools, MATSIim and SimMobility were the onlesttachieved the best
results (nineout of ten criteria in both cases)MATSIm lacks a proper simulation of
pedestrians on sidewalkslthoughit is possibleo consider them as part of the sination
using adedicated network. i&nMobility lacks the simulation dficycle traffic in cycle lanes,

which implies that bicycles share the roads with other vehicles at all times.

GComparison ofthe previous two tools based on their previolg explained characterigts,
makes MATSIm the preferred tool. Firstly, MATSimulates a normal working day, while
SimMobility simulates three different and combined time steps (i.e., ffoaations of a
secondup to years), which could overcomplicate and oversize the goal ief dtoject.
Secondly MATSIim 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 managgnh@stly, MATSIim 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. MATSinmodels

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 SingapdEeathet al., 2012) Santiago de Chilgickhofer
et al, 2016) Berlin (Ziemkeet al., 2019) BaselBeckeret al., 2018) London(Serraset al.,
2016) Switzerland(Horni and Balmer, 2016)7urich (RiesefSchussler, 2016)Munich
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(Kickhofer, 2016)BarcelongPicornell and Lenormand, 201®aracagWalteret al, 2016)
Dublin(Cudden, 2014)Germany(lllenberger, 2016)Hamburg(Klipfel and LAmmge2016)
New York city(Dobler, 2016)and Toronto(Weisset al., 2016) among others. In these

scenariosthe outcomes show the transport mobility in spaaed time of the simulated areas

These scenarios could be then used for a gremiety of simulated purposesirgtly, to
analysecurrent transport situations secondly to test the potential implementatns of
infrastructure interventions (e.g., new road network\dgopments, toll§; thirdly, to test
changes in human behaviours (efgansport modes use based on personal characteristics,
new transport modes); andastly,to test the consequences and imgtaof natural hazards
(e.g, floods) From the first group, it is possible to find publications using MATSIm to &stim
public transport congestiom UK urban areafRaimbault and Batty, 2028nd to optimise
taxi servicegMaciejewski and Na¢je2013) Publications within the second group are related
to replanning strategies for congested traffitchervenkowet al., 2020) to testing efficient
truck bans in urban areggoubert, 2019)the implementation of infrastructures for electro
mobility (RojanePadroénet al.,, 2023)and the implementation of a cordon toll policy in urban
areas atvarioustimes of the dayBassolagt al., 2019) The third group analyses the human
behaviours when using different transport modes based on their sociodemoigratitibutes
(Muller et al, 2022) the adoption of shared micrmobility modes(Dialloet al., 2023) the
implementation of caisharing scheme¢Ciariet al., 2016) ride-sharingmobility services
(Francoet al, 2020) carpooling and casharing servicegAyed et al., 2015) shared
autonomous vehicle@Muller et al., 2020)and autonomous taxi servic€dorl, 2016) Thelast
group contains publications analysing the evacuation of cities due to a tsyivarnammad

et al, 2017) the response of thagents affected by extreme weather conditiafiréeyndrickx
et al, 2015) the alternative road traffic routes due to natural disastéyaneza, 201&nd

the impactof river floods(Saadet al., 2016)

There are MATSimcenariosfocused on cyclingleveloped byAfshinet al, (2021); Jafari
(2022); and Hitge and Joube(2023) as previously citedhpart from developing scenarios for
active modes, there are also publicat®mexpanding the capacitieef MATSIm when
simulating these modes. This is the case of the bicycle contribution developéiéinkeet

al. (2019) who developed an extension to model bicycle traffic more realistically, considering

characterstics of the builtenvironment (i.e., type of the roadhe road surface typethe
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exisence of cycle pathandgradien). These characteristics are considered by cyolibien
choosing their routes,providing more realistic results of bicycle traffic and cyclixts

behaviours.

In addition to being a popular toolamong academic researchers, M&Iim is gaining
momentum in the industry. Projects developed by Arup CML were deschiemre, while
Catapult Connected Places have been developing MATSim models for the aridfdislity

as a ServicéCatapult Connected Places, 20183sessing sustainable transport soluséor

rural mobility (Connected Places Catapult, 202@nd the introduction of new mobility
services in urban aregfrancoet al., 2020; Catapult Connected Places, 20&HEJvernment
transport departments are also interested in the use of MATSim for their transpuottlation

and analysis. New Zkad, in pamership with Arup is developing a MATSIim model to
AAYdz I S GKS o0SKFE@A2dzNI 2F bSé %SItlyRQa (NI
(Ministry of TransportNew Zealand, 2022)The Swiss Federal Railways (SBB) developed a
MATSIim mdel to simulate the entire population of the country and support real decisions in
terms of service and infrastructu&cherret al., 2020) Germanys 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 tolafgeemodel for a
successful transport sector and investigate innovative transport services for passengers and
goods(German Center for Aviation and Space Flight (DLR), .282dljtionally, Technical
University of Dresden (TUD)echnical University of Berlif B and the city of Leipzig are
building anothermodel of the city to simulate autonomous vehicle scena(ibd Dresden,
2023)

2.7.Lmitations of current methods

This literature review has showthe current climate crisis we face and the need to reduce
GHG emissions, particularly from the transport sector. Consequentigtailed description

of the DfTstrategies to tackle theansportdecarbonisatiorchallenge as well as the different
transport modelsavailable 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 scarea/efal limitations that prevent a detailed
representation of both the population and the built environmesttaracteristicdor active
modes were identified. Thereforeh¢ need fo this thesis i®ased @ the followinglimitations

of current methods

1 The need to generate a very detailed synthetic population: current methods have a
very limited amount of socidemographic attributes that define each synthetic
individual(e.g., SPENER, Egasin(see section 3.3). This thesis develops a new, very
detailed and opersource synthetic population frameworto generate synthetic
population with 12 soci@lemographic attributes (see section 3.3.4). Attributes
related to individual characterigts (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 ghetic individual.A more detailed synthetic population
will allow the allocation of specific trip patterns and travel behaviours to population
sub groups.The possibility of discriminatioin terms of mobility against small
communities isthereforereduced.

1 The need toconsider builkenvironmental characteristice simulatecycling In the
vast majority of the publications reviewed lack of link betweerbicyclesimulation
and the characteristics of the builhgironment was identified. Onleryfew number
of publicationstake into account a limited amount of attributes.§.,the type of road
and surface, the slope and cycle paths), which could bdfiagunt to simulate cycling
realistically This thesis proposes these of an operaccess attributdi.e.,quietnes$
developed byCyclestreet (2022ahat ranks roads for cycling depending on a great
variety of buit environment characteristicg¢see section 3.4.4)Consequently, the
MATSIm bicycle contribution developed Bemkeet al. (2017)was updatedwith his
helpto consider thequietnessattribute by cyclists when choosing routes (see section
3.6).
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The combination of these two identified research gapallows simulating moredetailed
mobility <enarios(see section 3.8)A more heterogeneousynthetic populationand a
cyclingfocused network allow for the possibility of simulating more realistic behaviours, as
more diverse mobility patterns are considered and cycling agents have a better anatdirsy

of the built environment when choosing their routes.

Chapter 3 will explaim moredetail thesteps followed to develop a validated MATSim model,
representing a regular working day in space and time of shely 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 woklddwig Wittgenstein

Followingthe literature reviewfrom the previous chapter, Chapter 3 defgsthe methodology
adopted by this study including theetup of a MATSim model and the later simulation of

several uban mobility policy scenarios.

3.1. Highlevel overview of methodology

Agent-based model

" MATSim l

. update

Demand Supply
Synthetic R m Urban mObiIitv
‘ i scenarios
‘ Synthetic population ‘ | Road | ‘ Public transport ‘
Activity plan | Gradient ‘ ‘ Cycleability

| |

Figure6 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 diffare urban mobility policies for a more
sustainable and decarbonised transport sectibrfollowsa coevolutionary frameworksee
section3.2) that allows the agents toompete andnteract between themselvesand the built

environment in space and tim&hs tool requires the deslopment of two main components:
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a synthetic travel demand atemand(blue box)(see gction 3.3), andthe network orsupply

(green box)see &ction 3.4). Figure 6summarises all the described steps.

The synthetic travel demand issanplified digital representation of the real population, with
individual sociedemographic characteristics (seecdion 3.3.1) and an activity plan that
represents the activities performed on a normal working weekbdgyeach individual (see
section 3.3.4). This is a key input to most agdmsed simulationgBorysowet al., 2019) so

its accuracy is crucial for a realistic representation of the population and their urban mobility
interactions. The networkconsistsof a digital geospatial representation of the roaad
transportnetworksin the studyarea where characteristics of the roads are conside(sele
section 3.4) It isused by the synthetic individuals to move between activitiedifferent

transport modes

These two componenidesides a config fikyellow box)see gction 3.5), areimported into

the MATSIim model (orange boxyhere an updated bicye extension (purple box) (see
section 3.6) is enabled to simulate cycling routes considering characteristics of the built
environment.The initial baseline scenariscalibrated and validated (grey boxXsee gction
3.7.1)until results reflect a businesssusual case in the area of studyee gction 3.7.2).

After the baseline scenario is validated, different urban mobility policy scenarios are applied
(red box)(see ction 3.8). Ther objectives areto modify the demandand/or supplyinputs

to estimate ther effectiveness in reducing the number of polluting vehicles on the road, and

therefore,lower GHG emissian

Although the proposednethodology is the standard procedurthe processand data flow
usedin each stage have been generated followingeldevelopediramework.Eachstageis
defined in the bllowing sections with a gre&tvel d detail, withspecial emphasisnthe four
novel contributions developed withirhis dodoral thesis (i.e., open accesmpensourceand
transferrablesynthetic population, the addition of a cycleability ratirgg quietnes$ within
the network, the update of the MATSIm bicycle extension, and the simulation of tailored

policy scenariog the study area).

In all cases, opesource datasets and tools were used, when possible, and all developed tools

and datasets generated have been defined as open access, when data restrattoawed it.
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This will allow other researchgto replicate ad reuse them in any other region within

Englandas they areaccessible through several GitHub repositories.

3.2. MATSinframework

Several AgBM tools were analysed and compared in the literature review cl{apéesection
2.6.2) where MATSim was idefigd 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 eavolutionary 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 stggksniet al., 2023)with sages

2, 3 and 4 being part ofnaiterative loop, following the concept othe co-evolutionary
algorithm (Ziemke, 2022) The stages aras follows:initial demand, execution, scoring,

replanning and analys{figure 7).

Stagel

Stage 2
Execution

Stage5

| Synthetic travel 1 '
demand

Replanning
Stage 4

Co-evolutionary algorithm

Figure7 MATSim framework.
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3.2.1.Stage 1: Inital 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 (seeection 3.3.3), while the second can be gerated usingools 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 asample of them) in space and time based on their individual activity plans and
the network characteristics. The default physical simulation of the agentgjugi@e model
(Gawon, 1999; Ziemke, 2022; Horai 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 minamount of time,
depending on the length dhe 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 agetrto stay in the link when freftow is possible (i.e., no congestion), based

on the distance and the maximum speeds allowed for both the link and the vehicle Tgpe.
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 capaecitgirpeter 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 quesystem.

3.2.3.Stage 3: Scoring

Thethird stage computes the satisfaction (i.e., utilitymadmii A 2y 0 2F SIF OK | 3Sy.
interacting in space and time with other agents and the environment. It is ledzliusing

the CharypaiNagel utility tinction and it is computed a&harypar and Nagel, 2005; Nagel

al., 2016)(equation 1):
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Equationl MATSim scoring function
WhereY j is the utility (satisfaction) that the agent obtains when performing activity q
(normally positive), whileY is the (dis)utility thathe agent obtains when travelling

between activities (normally negative). N is the total number of activities performed by the

agent.

The utility of an activitf’Y p )is defined agCharypar and Nagel, 2005; Horti al., 2023)
(equation 2):

ny " my : my " ny ; ny : ny :
Equation2 MATSim utility function

Where

1 °Y j isthe utility of performing activity q;

1 °Y jdenotes waiting times (i.e., when the activity location is not open and the agent
has to wait until the facility can be used);

1T7°Y i IS the applied penalty in case the agent arrives late to the activity;

T °Y r is the penalty applied when the agent leave the activity earlier than

expected; and

T Y FAda GKS LISyl fde TFionhalyseWaizerd) aK2NIQ | O
Travel (dis)utility for a leg Y 5 ) is defined agHorniet al., 2016)(equation 3:
Y 6 Tk 20 5 I Zw I (I
2Q 5 T Zw f

Equation3 MATSim travel disutility function

Where
1T 0O is a transport modespecific constant;
T 1 & is the marginal utility of time spent travelling by mode(q);

1 O f isthe travel time between consecutive activities;
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1 1 isthe marginal utility of money;

1 w isthe change in monetary budget caused by fares;

771 & is the marginal utility of distance when travelling by mode(q);

177 & is the modespecific monetary distance rate of mode(q);

1 Q  isthe distance travelled between consecutive activity locations;

1 1 are public transport transfer penalties; and

1 w i is a 0/1 vaiable 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 mo@@&retheret al,, 2009) choose an alternative route, leave

an activityearlier/later (Balmeret al,, 2005) change activity locatiofHorniet al., 2012), as
defined by the modeller. Each agent has a memory containing a fixed amount of day plans
(normallyfive), containing information of the daily activity chain and theaibed score value
(Horniet al., 2012) Agentsthat are allowed to modify their plamenerate a nevplanin their
memories, while the agents tharenot allowedchoose ondrom their memory (in case they

have more than one), based on a probability distribution func{idagel and Fl6tterod, 2009)
considering the previous obtained scaginaluesWhen the maximum numbeof plans in

their memoriess reached and a new iteration is finished, the worst plan is removed, keeping
only the best. This isow agents learnbased on their experiences witltheer agents in the

environment.

Once the eplanning stage is finished, the loop®ages2, 3 and 4s iterated as many times
as the modeller definef.e., until the model reaches an equilibrium in the average scoring
value of all agents and the mode shares keep relatively const@ihtpugh edg iteration,
agents learn from theinteractions in space and time and adapt their behaviours to achieve
their goals, maximising their scoring value. It iBesquent practice to disable the strategy
criteria within the replanning stage after a certainmier of iterations (80% in this study

allow them to choose between their best plans without any new modificat®ince then,
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agents are only allowed to choose between the plans stored in their memories, based on the

probability distribution function dfined by(Nagel and Fl6tterdd, 2009)

3.2.5.Stage 5: Analysis

The fifth stage is reached once the iterative logdinished and outputs are generated.
Different datasets containing the interactions of the agents in space and time are generated
and different geospatial, socidemographic and transpaation analysis could be generated,
depending on the purpose and the simulation goals with external tools (i®IS@GIS

Development Team, 2023%imunto VigSenozon AG, 201)8)

3.3. Synthetic travel demand

Two types of information fan a synthetic travel demandhe representation of individuals

in the study region witlsocicdemographic attributege.g., age, sex, income, driving lisej

and their daily activity plans that define their activities and trips (e.g., purpose of trip,
departure time, transport modesed)(figure8). The first is called synthetic population, while

the seconds theactivity plan.

Synthetic travel demand

Synthetic population Activity plan

Age Trip purpose
Sex Start time
Driving license Destination

| G S S S— S

Transport mode

| |
[ N
[ N
[ Income ] [ Origin
[ ) |
[ ) |

Figure8 Synthetic travel demand composition. Synthetic population with severatdegiographic attributes of the
individuals ad activity plan with information defining each trip.
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3.3.1. Synthetic population

The concept of a synthetic population refers & simplified and realistic microscopic
representation ofindividuals(Moeckelet al, 2003;Geada et al, 2013; Yameéogoet al,
2020) with distinct characteristics aneihibiting distinct behaviourgWu et al., 2022; Zhou
et al, 2022)between them(Geardaet al., 2013) The goal of a synthetic population is to
generatea population which is staitically close to thereal one (Moeckelet al, 2003;
Barthelemy and Cornelis, 2012erived from available dat@yaméogeet al., 2020) such as
census, mobile phoné-rancoet al., 2020)or survey datasets, among otheiSome of the
benefits of generating a synthetic population are tdieste and/or project current and/or
future populations to make informed decisionsaufrrentand/or future needs andemands
(Lomaxet al.,, 2022)

Unfortunately, very detailed information on socidemographic attributedor all indivicduals

at a small geographical scalees notexistor is not accessible for the general pulfliomax

et al, 2022; Wuet al, 2022)due to privacy reasongGarrido et al, 2020) Only the
characteristics of a sample and aggregated sdeimographicstatistial variables of the
actual population are knowiMoeckelet al., 2003; Yaméaget al., 2020) This renders it
infeasibleto generate a perfect population that represents each individual as in reality.
Consequentlythe development of synthetic populations folledifferent methods based on
the available datdFelbermairet al,, 2020) size of the population to synthesise and the final

application purposgBarthelemy and Cornelis, 2012)

Population synthesis is an important stage in the modelling process because it generates the
basis for any demand investigati¢@arridoet al., 2020). The inhabitants of a specific region,
their activities andehaviours, as well as their curread futureneeds and demandsan be
described with a great level of detdbeardaet al., 2013; Lomast al., 2022) The accuracy

of synthetic populations igarticularlyimportant and depends on the qualityd detail of the

data usedZhu and Ferreira, 2014y heextent to which a synthetic popul&in canrepresent

0 KS popufationifthe aggregate valuesand get as close as possible at individual level
has a significant impact on the credibility thie simulation that relies on i(Garridoet al,,

2020; Zhowet al,, 2022)

60



Thefield of synthetic population developmerttas received increasing attention in recent
years due to an incread focus onAgBMsin the transportation area (Bowma and Ben
Akiva, 2001; Moeckadt al., 20@; Zaid and Pat, 2005; Bradlelyal., 2010; Wegener, 204;
Zhu and Ferreira, 2014; Blay and Preston, 2019; Borysewval., 2019; Brienet al,, 2019;
Balac and Horl, 2021frurthermore, synthetic populations have alsgen used in great and
diverse variety of other research fielddemographic sectofGeardaet al., 2013; Wuet al.,
2018; AlonseBetanzoset al, 2021) future corstruction plans(Clark and Lomax, 2018;
AlonseBetanzoset al., 2021) health (Xuet al, 2017; Kraulanet al., 2020; Alvarez Castro
and Ford, 2021; QUB Planning School, 2021; Spaxredr, 2021; Wuet al, 2022) energy
(Zaid aml Pat, 2005; Druckman and Jackson, 2008; Panos and Margelou; 20d9yater
(Williset al,, 2013; Reest al., 2020)

Despite of the previous synthetic populations examplég tise of existing models is not
always possible due to constraints in dataailability(Zhu and Ferreira, 2@), knowledge of
the programminganguage usedscalability(Tanton, 2013andinconsistencies in the format
and accessibility of datase(comaxet al., 2022) These drawbeksespeciallyaffect AgBMs,

as thenumber of attributes required is greater than for other applications, as a higher
heterogeneityis requiredbetween the agents to represent their behaviours in space and

time.

3.3.2. Synthetic populations tools for a Utbntext

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 behavieouitis
AgBMs. Firstly SPENSERomaxet al, 2022)is a modefor the UK. Secondl{gasim(Balac

and Horl, 2021)is a model applied for several regions around the world but not in the UK,
focused on developing synthetic travel demardstransport scenarios usinggBMs. With
them, we congler two different possibilities: a dedicatedadel for the UKand the possiltly

of adapinga model to the UK, respectively

SPENSEynthetic Population Estimation and Scenario Projection Mddelnaxet al.,
2022) is an opersource spatial and dynamic microsimulation modidveloped by the

University of Leeds. It allowtke development ofsynthetic populations and projections of
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people andhouseholds at fine spatial scale, from @#&el (Output Area) i(e., geographical
areas whee the resident population is between 100 and 635 perd@isS, 2023aupwards,
across the wholef Great Britain(Lomax, 2023)This model consisof six stages that allow
definition of future infrastructure planning scwrios, althoughthe development and

projectionof a synthetic population comprises only the first thrdeomaxet al., 2022)

1 Stage 1: Bta downloading and cleaning from official UK institutions from the latest
census (2011 when writgnthisthesig and projection dataUKCensusARiol extracts
data fromthe different sourceslepending 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 ahResearch Agency (NISR#)J convertst into a common format.
UKPopulatiortool extracts household estimate daf@isaggregated by household
type),and projection datdo the desired year (2019 in this thesitgking into account
future constraints (eg., new housing developments) latal authority (LA)evel

1 Stage 2: The developmendf the baseline synthetic individual pofation and
household datasetdHousehold microsynthesisol createssynthetichouseholds from
census dataconsidering occupiegrivate households, communal residences, and
unoccupied dwellingsThe output is consistent with census aggregate values at
different geographical levels (e.g., OAjumanleaguetool creates the synthetic
individuals, following several microsimulation metls, at MSOA level (i.e., Middle
layer Super Output Areas) leveDNS, 2023aYhe output is adjusted at LA level.

1 Stage 3: B®jection of the baseline synthetic pofation 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 bAlevel household castraintscollected in stage
1 (.e., usingUKPopulatiortool). Individuals are grouped into householdsing the
assignmentool. Consequently, every individual is associated with a household and
vice versaThe order in which households and individuatsraatched is the following:

o Matching HRP attribute¢e.g., age, sex and ethnicity groupdtween both
household and individuako their relationships are preserved.
o Partners of HRPs already assigned to a household

0 Multi-person households
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o Communal housetids.
Once a household is complete, no more individuals can be assignedf thére are
still individualsunassigned to a household, they are associatethose households

that are notyet complete

The output is a set of files containing informatioheach household and individual peA

level. Households are defined &g attributes:ID,OA areatype of accommodation, building

and tenure, number of occupants, rooms, and bedrooms, type of central heating, household
HRP domestic situation, HRP seetmnomic class, RP ethnicity and number of cars.
Individuals are defined bsix attributesi1D, household ID, age, sex, ethnicity group andAS
arealevel (geographical areas where the resident population is between 5,000 and 15,000

persons).

Examples bresearch using SPENSERSgreoneret al. (2021) modelling epidemic scenarios
between humans, antlVu et al. (2022)for small area health and soeeconomic outcomes

in Great Britain.

Egasim(Balac and Horl, 20213 anopensource modelused todevelop synthetic travel
demandsto be appliedto transport AgBMs such as MATSifrlorniet al., 2023) It proposes
a general pipeline that can be appliedrt@anyregiors using operaccess datasets (based on

availability access to required datasets).

The pipeline to develop a synthetic population is based on a #ewigll spatial zonig system

(Horl and Balac, 2021ayhere the greatest area (i.eity) is subdivided in smaller zones (i.e.,
boroughs, census zones). It uses misample census data of the population (individuals and
households) from the area of study, besides other institutional sources to get income
information. The pipeline startgleaning and transforming the input data, then secio
demographic and economic attributes and household locations are generated, based on
direct sampling from the micrsample census dat@Horl and Balac, 2021cjhe income is
assigned per household based on a uniform distribution, considering the centile of the

respectve sublevel 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 sociedemographic and economic attributes (household size, income and number
of cars for households; and age, serployed, ongoing education and sogmfessional

category for individuals).

The tool has been used for scenarios in P@ii&| and Balac, 2021c, 2021a; Egasim, 2023b)
California(H6rl and Balac, 2021dnd Sao PaulfEqgasim, 2023a)

Both models are opesource and allowgeneration ofsynthetic populations using open

datasets for the UK (SPENSER) or for several areas in the world (Egasim). Unfortunately, none

of themisthe 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), Egadiue (age, sex,

employed, ongoing education, socjrofessional 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 resultsthat canbe achievedavoiding therisk

2T KF@AYy3a Yryeé aAYAEFN YR WwWaidlyRFENRQ F3Syd

which would not represent the real population faithfully.

Based orthis comparisonthe approachwas the use cSSPENSEMth the development othe
desired attributes applying a seadkeveloped toolusing census and statistical data of the area
of study(see section 3.3.3Lonsequently,ite use of Eqasim wascountedas the entire UK
census and statistical input datasets would need to be adapt#aettool andextraattributes

would also need to be generated.

The bllowing ction explains how a very detailed synthetic population for any region in the
Englandcan be generated, using SPENSER ansitithPopEngpol developed in this thesis
The ouput is a synthetic population with2ldifferent attributes for each individual in the

studyarea
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3.3.3. Synthetic populatiormethodology

Themethodology proposed to develop a very detailed synthetic population for any region in
the UK consists of theombination of two main tools: SPENSER and synthPoffvayez
Castro, 2022)figure 9). The former creates the basic synthetic population, consisting of
household and individual characteristics. Thi#dlawas developed as part of this PhD by the
author to implement eight additionattributes based on the results obtained from the first.
Theinclusion of more socidemographic and economic attributes is important to make the
synthetic population more heterogeneous and diverse, closer to reality to replicate their
behaviours more accuratelj.ucaset al. (2016) model the travel behviour of socially
disadvantaged populationegments in the UK and identifgnajor differences in travel
behaviour between individuals based on their household income, the presence of children
and the possession of a driving licence, concluding that théusion of additional

socioeconomic variables is useful for identifying significant differences in the trip patterns.

Synthetic population

SPENSER synthPopEng
Household ID Marital status
Household OA level Children dependency
Individual ID Economic activity
Age Occupation

Sex Annual gross income
Ethnic group Driving license

Car access

Bicycle access

Figure9 Synthetic population. Attributes generated with SPENSER and synthPopEng

SPENSER (see section 83.2. Synthetic populations tools for a dkntextfor a detailed
description) can be used directly through a Docker im&&MOD, 2020yvhich allows using
a Docker container in the command line and running the scripts, where the area of(study

LA level and the year to project the base synthetic population are required. In this theesis
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synthetic population of the NE of England was developed, consisting of lehglDurham,
Northumberland, Newcastle upon Tyne, Sunderland, Gateshead, South Tyneside, North

Tyneside and Darlington) for the year 2019.
The following steps were followdd generate the synthetic population:

1. Download the image: Sudo docker pull spenser:1.5

2. Run the image: Sudo docker rgi spenser:1.5

3. Generate the baseline synthetic individual population and houseli@idhe specific
local authorities (LAs) (e.g., EXXXXX®Xand at OA scale level: Python
scripts/run_microsynth.py EXXXXXXOA

4. Project the households and individuals to the desired year uaisgecific config file
for a specific LA: Python scripts/run_ssmpyonfig/configFile.jSOBEXXXXXXXX

5. Group individuds into households by matching common characteristics between
them and the household reference person (HRP), for a specific LA: Python

scripts/run_assignment.pgc config/ssm_default.jSOBEXXXXXXXX

The outputfor each LAonsists ofwo files containing iformation abouteach household and
individual, witr the attributes highlighted inextion 3.3.2 For more detailed information
about how to use SPENSER, see Lomax et al (@22t al., 2022)and the Docker image
(NISMOD, 2020)

SynthPopEng is a sef Python Jupyter notebooks developed as part of these thesis that
allows implementation of eight more soetemographic attributes, incrementally assigned

to the population, based on the relationships between the attributes (see FigureQ))
SPENSER outputs, 2011 UK census, DfT and ONS datasets. Figure 10 shows the classification
of these new attributes inthree categories: family dependencies (green), spending power

(blue) and mobility access (orange), besides the idegendencies among them.

An openaccess GitHub repositorfAlvarez Castro, 20223 available with all codes and
detailed documentation explaining where to find the required dataset, data cleaning process,

code dependencies, guiirements and usage.
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The methodologyfollowed for each attribute, as well as the datasets used, are described

below.

Bicycle access Clean datasets Driving license

Notebook 9 Notebook 1 Notebook 3

Marital status &
Children dependency

Notebook 2 Notebook 10

Occupation (inactive) Economic activity

Notebook 6 Notebook 4

Annual gross income Occupation (employed
(inactive) and unemployed)

Family dependencies
Notebook 11 Notebook 5

Spending power

Annual gross income Mobility access

(employed and
unemployed)

Notebook 7 and 8

Data cleaning

Figurel0 Structure of the Python notebooks developed within the synthPopEng tool

Family dependencies

Familydependencies 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(tie® and Bhargava,
2004)and their physical activity is greatéPuciato ad Rozpara, 2021than 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 netwdikavyet al.,2007) encourages the use

of the car(McCarthyet al, 2017)F YR | FFSO0G&a Y2NB 62YSy@&a NI ¢

(McGuckin and Nakamoto, 2005; Ng and Acker, 2018)
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Marital status

Inputs Output Values

Household ID
Marital status household {
reference person

Age difference +-10 years

Marital status ] -

f

SPENSER UK Census ONS dataset NTS dataset Attribute
attribute 2011 dataset attribute values

Figurell Marital status attribute.Description of requiredhputs and expected output values.

Marital status classifies individuals in two cateigs: married or single. To determine the

value for each individuacharacteristics 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
aAaldzl GA2y 2nrred, K8neséxweivil partdersidip couple or cohabiting couple
household = G KS AYRAQGARdAzZrf A& 2f RSNJ 0KIFy wmy &SI NE
(+/-10 year$, 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. Figuté shows the attributes used to generate the attribute and the

different values assigned.

Children dependency

Inputs Output Values

Children dependency ]

Household ID

Marital status

T
o=
Y
T

Number of people <18

SPENSER UK Census [ . Attribute
attribute 2011 dataset attribute values

Figurel2 Children dependency attributBescription of requirethputs and expected output values.
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This attribute identifies individuals with dependent children at home (Boolean value). Based
on ONS definitionglependent children are those aged under 16 yelaring with at least one
parent or aged 16 to 18 in years in ftithe education, excluding all children who have a
spouse, partner or child living in the househ@@NS, 2019)n this methodoloy, individuals

are assigned children dependencies if their marital status is married or the domestic situation
of the HRP i96ne parent househol@the individual is older than 18 years and there is at least
one child in the household (aged up to 16)ahy other cases, the individual does not have

any children dependencies. Figur2shows the attributes considered.

Spending power

Economic power is another factor that influere¢he behaviour ofindividuals, which is
derived from their economic actiwitand occupation typeCloseand 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. @utes 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 gimonmental 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 houdeolds travel less overall in the UK, making nearly 20% fewer trips and

travelling 40% less distances than the average houseflaldat al,, 2019)

Economic activity

Economic activityattribute classifies individuals in three categories (i.e., employed,
unemployed and inactive), basexh their age and sex attributes and external datasets from
the 2011 UK Censu@NS, 2011lcand ONS(ONS, 2023c)The first contains detkd
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 showattiifeutes used to define

the economic activity for each synthetic individual.

Inputs Output Values

Age

— t Economic activity ’ - [ ]
LC6107EW Economic

Activity by sex by age [ ]

2019 Regional labour
market statistics

SPE!\'SER HiCCensus ONS dataset NTS dataset [ Gene_rated ] [ ]
attribute 2011 dataset attribute

Figurel3 Economic activity attbute. Description of requiredputs and expected output values.

Totransform the 2011 UK census data into a 2019quted 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 2@&Quation 4, and
another to update population changes betwe@011 and2019 (equation 5. The first is
calculated by comparing the total number of individuals per type of economwitgan 2019
and those in 2011ising the ONS datas@DNS, 2023c)This factor allowalentification ofthe
trend of individuals in each economic activity category in the area of study in the ainge
years The second scale factor is calculated by comparing the tofallption per range of
age, sexand OA aredrom the 2019 synthetic population created with SPENSER and the one
from the 2011 UK census. This factor allaesermination ofwhether the population has
increased or decreased in the eigygar gapconsideringhe previous three attributes
3 A AEARAOA 101 TAIABDAZOE O U
/. B8OOI AIADSI AEOBE AN GATICACRARAT T TAIADAZOE O W
/. 801 AIABDI AEOBADANG GATICACRARAT T TAIADAZOEQ P

Equationd Scale factor used to project economic activity values to 2019
3 A AEARBDIT O BAGADAA
bl DOl BOE pRIA/OIA OBOA TICACAT A @
TPl DOl BO& ppPA/O A OBA TICACAT AA D

Equation5 Scde factor for the population per OA area
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The combination of both scalgwojects the number of individuals per type of economic
activity from 2011 to 2019 per OA area, considering five range of(b@&s24), (25, 34), (35,
49), (50, 64), (65, 120andtwo 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 therée economic activity optionsonsidering their
f20FGA2Y OKaRedriabgé af bge @hsex. Additionally, the inactive category was
assigned an extra constraitd select those individualsvhose household socieconomic

class is student (NSSEC = 9), as this category is considered as inactive. Similarly, those
individuals whose household soicS O2 y 2 YA O Neéver ‘oiked Aadd loaterm
unemployed NSSEC3BSNBE I aa A3y SRLIIcAEsSERS W

Occupation

Occupation attribute was defined in two ways, depending on the economic activity of the
individuals.In caseindividuals were @lssified as employed or unemployed, the occupation

attribute classifies them in ningpes

Inputs Output Values

Managers, Directors and Senior
Officials

Professional Occupations

Associate Prof & Tech Occupations

Administrative and Secretarial
Occupations

Economic activity Occupation: skilled Trades O i
Employed/Unemployed employed/unemployed 7 L

Caring, Leisure and Other Service
Occupations

o

LC6112EW Occupation by

age

Sales and Customer Service
2019 Annual population Occupations

survey-workplace analysis

Process, Plant and Machine
Operatives

Elementary occupations
SPE!\ISER UK Census ONS dataset NTS dataset Gem?rated Attribute
attribute 2011 dataset attribute values

Figurel4 Occupation attribute for employed or unemployegkats. Description of requiredputs and expected output
values.




The classifiation 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 Censy®©NS, 2011dand 2019 ONBONS, 2022a9re used. The first identifies the
number of individuals of each category per OA area and range of age in 2011, while the second
contains regioal annual statistical information of occupations per LA and sex. Figure 14

summarises the inputs used and outputs obtained.

Similar tothe economic activity attribute, two scalar factors for each categoeye required
one to project the total amount ahdividuals for each category, and another to quantify the
increase or decrease of the total population @A arean the eightyear gap, which is the
same for each occupation categoBoth scale factos were obtained in the same manner as

in the previous attribute (equations4 and5).

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
0 K 2 dza SOAafedR@nge of age and sex. Inig case, the percentage of individuals per
sex are not projected peODA area as this value is not known from the 2011 census.
Consequently, the occupation type sproportion is based on global data from 2019 ONS
only (ONS, 2022aAdditionally, the order in which theccupation 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 déDiNS, 2022a)

Fivedifferent categories (student, looking after family or home, sick, retiaad other) were
assigned to those individuals classified as inactivleamprevious economic activity attribute.
This classification is based ¢ime same already generated attributes (i.e., age, sex and
economic activity), besidesternal datasets frorthe 2011 UK Cens(®NS, 2011@nd 2019
ONS datdONS, 2023dJigure 15). The first quantifies the number of inactive people in each
inactive categoy in 2011 pe©OA areawhile the second quantifiethe annual percentage of

inactive individuals per category and sex.
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Inputs Output Values

T
_—
J

Economic activity Inactive

Inactive student

Inactive Retired

Inactive Sick
- [ Occupation: inactive J _
Inactive Looking after home
family

QS601EW: Economic

activity per age and sex
Inactive Other
2019 Regional labour
market statistics:
HI01 Headline indicators
for the North East

Inactive Child student

LB ONS dataset NTS dataset FaBLTEE
2011 dataset attribute values

Figurel5 Occupation attribute for inactive agents. Description of required Inputs and expected output values

SPENSER

attribute

Similarly, two scale factors per inactive category to project the data to 2@&¥@ required
These factors were calculated in the same manner &seiprevious attributegequations4
andb5). The way that individuals were categorised in each typenaétivity cepends on the

inactive category

Syntheticy RA @A Rdzk £ & | NI d£RI &y &N dné & Rord: ofitheYbllowing

requirements in descending order:

1 The household where they are allocated belong®ducation (QS420_CELL = 26).

1 Their HRP socieconomicclass is student (NSSEC == 9).

1 The household is considered a myterson household (LC4408 _C_AHTHUK11 = 5)
and theirage is between 16 and 35 years.

1 The household is considered asne-person household, married, cohabitating couple

(LC4408_C_AHTHUK11 2,10R 3) and their age is between 16 and 35 years.

In the casehat more individuals need to be categorised as students@arareaindividuals

are chosen based on their age, assuming young individuals have more chances to be
consdered as students.

LYRA DA Rdz f & ldokinb aft€ family & hoF@ SRK $y3 WK Se Y Sikelil 2y S
following requirements, in descending order:
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1 Their marital status is marriednd have children dependencies.
1 Their marital status is marriedlo not have children dependencies and are considered

the oldest in theOA area

It was assumed that families with children are more likely to keep one member at home
(especially women based d@®NS, 2023¢)and that within older marriages the presence of
one member at home is more likely than other family compositions. In the ttedenore
individuals need to be included in this categgerOA areaindividuals are chosen based on

their age, assuming older individuals have more chances to be considered in this category.
W S (i Aindi¥drads were identified based on their age only:

1 Hrst those between 60 and 64 years old.
1 Secondly thosebetween 55 and 59.

91 Thirdly those between 50 and 54.
1

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 daté@atS, 2023c)

P A Bdividuals were classified based on their age as well, choosing first those aged between
50 and 64 and secondly (if necesgahose below 50, assuming older people are more likely

to be considered sicthan younger generations.

[ FGSatkel® gW & | AaA3YySR (G2 (K2aS NBYFAYAYy3I AYyRA

of the previous options.

In each of the previous categes (occupations for employed, unemployed and inactjve)
obtained results were compared against 2019 ONS statistical (@S, 2023c)f the
percentage differencebetween 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 consideiedl ¥ OG A S OKAf RNBY
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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
ontheir sex and ageccupationand external datasets from ONSGNS, 2022d, 2022c, 2022b)
(figure 16), following an incremental procedure as in the occupation attribltee firstONS
datasetcontains 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 valuestfierannual gross income per

range of age in England.

Inputs Output Values

Occupation ]
(employed or

unemployed only)

Age
_ L Income [ ]
{employed/unemployed)
2019 Work Region

Occupation SOC10 (2)
Table 3.7a Annual
pay - Gross 2019

Home Geography
Table 8.12 Gender
pay gap 2019

SPENSER HICCensus ONS dataset [| NTS dataset [ Generated ] [ ]
attribute 2011 dataset attribute

Figurel6 Annual gross income atbute for employed or unemployed@nts. Description of requiredguts and expected
output values.

For each occupation, an iterative process is followed until statistical vadbésined
(minimum, maximum, mean and median) are relatively similar to ehiosm ONS(2022d)
(i.e., the relative error threshold is below 0.1 in absolute value (equation 6)).
0 Qi Qi 06X 06 G 6 QQ
O wi Qi VLQQ

Oi i & X a'Q

Equation6 Error threshold used to estimate the accuracy of the minimum, maximum, mean and median value for each
occupation type.

75



Firstly,the maximum andninimum annual gross income values for a specific occupatien
estimated,based onONS(2022d) Depending on ta age of the individual, a minimum and
maximum value are defined within the previous global minimum and maximum values based
on statistical values frorONS(2022b), where the annual gross income per range of &ge
defined. Mean values from 2019 show that the range of age earning the lowest is between
16 and 17, followed by 181, 2229, 60+, 339, 4049 and finally 5669. These values are
manually adjusted progrtionally 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 difeegent
rangeisallocated are applicable for ali¢ different occupatiorlypes. 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 occupgueis applied.

If the individual is a female, the annual gross income assigned before is reduced by half of the
gender pay cap valuebtained fromONS(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 secupation type,
statistical values (min, max, median and percentiles) are compared against thos©N&m
(2022d). If results are not close enough to those expected, thennetessaryo 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 resuitgsnetd are
significantly close to those fro@NS2022d)(i.e., the relative error threshold is below 0.1 in

absdute value équation 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 cosnecgthe values

were heavily dependent on estimatioriboachieve better results about the median income

per range of agesncome values from agents earning less than expected were exctlange
with those earning more than expectedssumingnore heterogeneity of incomes between

the individuals of different occupatits 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 eaclrange of age iwithin suitable limitso the data provided by th©NS2022c)
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It is important to highlighthat ONS values refer to the whole UK and the synthetic population

developed is for a specific req, so differences are expected.

For those individuals categorised as inactive, the annual gross income attribute is assigned

based on different attributes and statistical valuespénding on the inactivity typ@-igure

17):

Inputs Output Values

*** Income for inactive people
was based on statistical data only

Retired: based on median
pension

Sick: PIP + Universal Credit

Looking afteré Ca;fatr5+ Universal L [ Income (inactive) ] {
redi

Other: Universal Credit

T
—
J

Student: based on
Age
Min mas income per hour
Number of hours worked
per week

SPENSER UK Census ONS dataset T Attribute
attribute 2011 dataset attribute values

Figurel7 Annual gross income for inactivgents. Description of requiredgduts and expected output values.

1 ‘Retiredindividuals were assigned the annual gross income value depending on their
marital status, applying data from the UK Governmé@epartment for Work and
Pensions UK, 2020\vhere median annual gross incomes per yea @efined per
marital status.

1 BicKindividuals get the annual gross income values based on the PIP (Personal
Independence Payment\UK Government, 2023epnd Universal Credit(UK
Government, 2023f)The first are some benefits individuals can get when suffexring
long-term physical or mental health condition or disability difficulty doing certain
everyday tasks or getting aroundihe seconds a payment to help with living costs

The final value assigned depends on their age and children dependencies.
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f Those indi% R ddodkig afér homeorfamify I NS FFaadA3IySR Iy |yyc
based on the carers allowand&/K Government, 2023and Universal CreditUK
Government, 2023f) considering their age and children dependencies as well.

f ¢K2a$S Of I aaRTUKEGBsigneditheir adoual gréss ikbome based on
Universal Credit onlfUK Government, 20238nd depending on their marital status,
age and children dependencies.

1 [ I & gthdent€ged their annual gross income based on their age and a random
number of hous worked perweek (from fiveto 20), being lhe payment per hour
dependent onthe age of the individual, where the minimum refers to the national
minimum wage per agéUK Government, 2023d)nd the maximum an estimated
value. It wa 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 ottheir daily routines. The possibilitf accessing car brings the possibility

of going anywhere whenever, while its lack conditions movements and possibilities if other
transpat modes are not an alternative. Thiould generate barriers to employment,
education and healthcare, besides producing social isolatiartaset al., 2019) Socie
demographic attributes also affect the use of cars, as highlighteliklaja and.iimatainen
(2021) where it is stated that women haveds access to the household car than men. Linked
to the use of a car is the possession of a driving licence, which depends owleomgraphic
attributes such as age and sex, among oth®&8l, 203b; NTS, 2023eMgller and Jensen
(2022)identify in Denmarlthat the exisence of seeral cars in a higlmcome household, with

no historic records of accidentincrease the likelhood of licencing at young ageén
alternative mode of transport is the use of bicycles. Basel®§2023a), the ownership of

a bicycle differs on age, with young individuals (aged 5 to 10) being moredikedye access

to bicycles (83%})han any other individuals in different range of ages, although a peak
between those aged 40 to 49abserved (50%).
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Driving license

Inputs Output Values

Age

Cars in household
True
NTS9901: Full car driving R
— Driving licence

licence holders by sex,

region and rural-urban
classification of
residence

NTS0201: Full car
driving licence holders
by sex, region and rural-
urban classification of
residence

SPE!\ISER UK Census f e — P E— Attribute
attribute 2011 dataset attribute values

Figurel8Driving license attribute. Description of requifeduts and expected ¢put values.

Driving license attributédentifies driving license holders (Boolean attribute) based on their
attributes and external datasets from NTBfT, 2023b; NTS, 2023@igure 18 The fist
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 Englandn this case, the NTS information does not prowiay detailed spatial
definition (e.g., OA or M3A ared, only percentage values related to EngldDBdT, 2023bdr

a spedfic English regioiNTS, 2023e)Consequentlypnly the range of agessex 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 N is 79%while the total
percentageof men in Englanavith driving licence is 80%ecausdhese two values are very
similar, it was assumed that the mean value of driving licemc&nglandoer range of ages

couldbe applied to the Ninales In the case of females, the values wereightedfor each
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range of agdequation 7), as differences were more significant (63% in Kieand 71% in
England).

b £AT AA QKN E ol GIAA

AT AA QIR . % s g enn T AdTAH BT M0 ABA T ATOA O

Equation7 Weighted value for each female groopage

At that stagethe percentageof individuals holding a driving licenper range of age and sex

in the NEregionwas estimé#ed.

When assigning the driving licenses to the agents, the number of cars in the household are
also consideredAsTiikkaja and Liimataingf2021)state, the existence of cars in a household
doesnot mean that every adult in the household can usd& didentify those with a driving
license, it was firstlgssumed that at least oredult n a household with at least orgar holds

a driving licence. This constraint avoids having households witltleshand 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 carherefore, i was assumed that individuals living in
households with more than one car have a higheshability 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 iterationg hebestresults 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 ar access attribute identifies those individuabo can use a car from the household
(Boolean value). Thimdividuals are allowed to have access to a car if two conditions are
satisfied: they hold a driving licenceand the household has at least one car. In any other
cases, individuals are not allowedraveaccess to a car from the hsehold.Figurel9shows

the attributes considered when assigning synthetic individuals the possibil@gcess to a

car in the household.
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Inputs Output Values

[ Car access J
[ Driving licence ]

SPENSER UK Census ONS dataset NTS dataset Attribute
attribute 2011 dataset attribute values

Figurel9 Car access attribute. Description of required Inputs and expected output.values

Bicycle access

This attributeidentifies those individualsvho have access to a bicycle in the household
(Boolean value), using statistical data from the NINES, 2023awhere information about
bicycle ownership by age in England is providede to the scarcity and lack of detail of
information on bicycle ownershjphe individuals with bicycle access weandomly selected
based on their age only. No spatial characteristics were considered, as spatial data related to
the number of peopleowning bicycles were not found-igure 20 shows the attributes

considered when assigning synthetic individuals to acceyslks.

Inputs Output Values

Age

NTS0608 (Bicycle B [ L ]

ownership by age:
England, 2017/19)

SPENSER UK Census e R Attribute
attribute 2011 dataset attribute values

Figure20 Bicycle access atfwte. Description of requiredputs and expected output values.

3.3.4. Synthetic population outcomeeproducibilityand limitations

The outcome of all the stepsfollowed in section 3.3.rovidesa 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
possibilityof takinginto account minority grops within society that would be ignored in the
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caseof a minor amount of attributes, showing a more reatisview of the world.Tablel

summarises the attributes generated for eacleagin the synthetic population

Individual
Column Comment Values
Individual ID Individual unique ID Unique NTS Individual ID
HouseholdD Household unique ID NTS Household ID
Age Numerical age value 0-85
Sex Gender- 2 categories 1 (males),2 (females)
Marital status- 2 Married, single

Marital status
categories

Children dependency Children dependency Boolean
Economic activity Type ofeconomic activity Employed, unemployed, inactive
3 categories
Occupation Type of occupation Managers, directors and senior
grouped in 14 categories officials
Professional occupations

Associate professional and technic
occupations

Administrative ad 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
Inoome Income value grouped in Numeric value starting at 1
deciles
Driving licence Driving licence holder2 Boolean
categories
Car access Access to car in househel Boolean
2 categories
Bike access Access to bicycle in Boolean
household 2 categories
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 seHdeveloped 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

sociademographic attributes.

The computational time varies depending on the attribute calculated and the amount of
synthetic individuals processed. In the case of Nteof Englandcirca 2.6 million synthetic
individuals)the estimated times varied betweenne hour (e.g., marital stata, children
dependency, bicycle access, car accesspatal/(e.g., economic activity, occupation, annual

gross income, driving license).

Limitations

The proposed methodology described above is based on incremental attribute assignment. It
initially stats with only consideration of atibutes 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 fthen UK census
2011, ONS and NTSgures1l1 ¢20 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 attribuigsle the
second is directly derived from SPENSER attributes and official datasets onlyl6ghoes

the order, and therefore their dependencies, in which attributes are generated.

Additionally, the population projection from 2011 UK census data th92(®ased on ONS
statistics) follows a purely lire 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 limitatiosuases 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 thesencertanties, several validation procedures were appliedthe

new attributes. Aggregatedesults consideringeveralsocicdemographic attributest once

(e.g., age andex) but also their geospatial distribution at MSOA level were compared against
statisticaland spatialdata from ONS and NT€&onditioned by the available resourcésee
section 4.1.1). This validation stage provides a measure of the level of confidence that can be
achievedand quantify the accuracy and precision obtain&gctions 5.2.1 discsss the
validated resultsDespite the validation procedures followetie resultsobtainedcannot be
considered as thgroundtruth. A more exhaustive validatianethod is requiredvheremore

than two attributes are compared togethée.g., age, sex, inote 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 sécdahto

achieve more precise and accurate result

3.3.5. Activity plans

Activity plans are the other main component required to generate a synthetic travel demand,
complementing the synthetic population describeabove They define the activities
performed by each individual during a normal working ,degntaining information about
their purpose of trips, startingnding times, origirdestinationlocations and transport modes

used, among others.

This information is sensitivand the level of granularity providedependson the purpose

and scope of theroject. 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 inflemé&avel

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, allogthe anaysis ofthe daily mobility behaviours and patterns at
the individual and aggregated level of detdihese surveysavesomeshortcomings mainly

due to trip omissionsvhen individuals are surveydtlVolf et al., 2003; Forrest and Pearson,

2005) Additionally, the lack of accuracy provided by the citizens when estimatingithe t
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times, distances, locations and routes followm&topher and Greaves, 2007; Stopktral.,

2007)can affect the analysis and understanding of hamaobility.

In the UK, the National Travel Survey (NTS) isdbece ofup-to-date and regular information
about personal travel patternby residents of Englandithin Great Britain and monitoring
trends in travel behaviou¢Cornicket al, 2020) The annual surveys collecifarmation on

how, why, wiken and where people travel as well as factors affecting tréléT, 2023i)
besides their socidemographic attributesin 2019, 6,162 housholds participated, including
people in all age groups and childrédfT, 2020c)Within the NTS, different datasets can be
accessed: NT@®fT, 2022h)NTS special licence acc€¢B$T, 2022apnd NTS secure access
(DfT, 2023h)The threedatasets ontain the samenformation (i.e., soci@lemographts 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 beeconsidered as an alternativéhe most widely applied type of mobile
phone data in travel behaviour research are cellular netwmaked datgWanget al., 2018;
Wuet al, 2019) although GPS, Wi and Bluetooth positioning systems could be ud&dng,

et al, 2018) This data has len widely used for travel recognitiorf§anget al, 2016; Gong

et al. 2018; Wanget al. 2018; Marraet al., 2019; Gueet al, 2022, 2023)which proof its
usedulnessfor AcBMqCui et al2021; Hafezet al, 2021; Gueet al,, 2023)and AgBMs.

The use of mobile phone data he@eme 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 individual{Ei@anccet al., 2020) Secondly, other
potential biases are reduced as a larger geographic area is co(#fatget al.,2018; Wuet

al., 2019) although it depends on the market penation of the telecom company collecting

the data(Wanget al.,2018) Franccet 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 helpsreducing the gaps when new dwellings and regenerated
areas are not covered by traditional methoffsancoet al., 2020) Lastly, this data is rich in

spatiotemporal information(Wanget al., 2018)
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Despite their advantages, mobile phone data also have some distdyen The first is the
lack of sociademographic attributes of the individua($vVanget al., 2018)due to privacy
reasongCheret al,, 2016; Guet al,, 2023) although some attributes could be provided (e.qg.,
age and gendeFranccet al, 2020). Secondly, this information can only be obtained directly
from telecom companies based on specific licences and agreements to keepSliergsy
securedWanget al,, 2018) Thirdly, and linked to the previous, the data provided by telecom
companies are spatially and temporally aggregated and anonyn{Seénet al, 2016;
Francoet al,, 2020) Fourthly, due to spatial aggregations, short trips can be underestimated
sinceseveral trips can be done within the same aggregated area, being impossible to be
identified (Francoet al, 2020) Fifthly, secondary activity types (e.g., shopping, medical
appointment) are difficulto recognisgGuoet al., 2023) as well as the transport modes used
(Francoet al,, 2020) although both can be inferred based on assumptions and dedicated

algorithms.

3.3.6. Activity plansassignment

The methodology explained in this section covers the identification of the most relevant
activity plan data source from the options listedtive previous sectioaand an Exploratory
Data Analysis (EDA) thfe daaset chosen to identify only those activity plans to be used,

based on spatial and temporal patter(fggure 21).

Activity plan
Data sources Exploratory data Activity plan Spatial location
identification analysis assignment assignment
Travel surveys Spatio-temporal Trip purpose Origin
Mobile phone Start time Destination

Transport mode

Figure21 Activity plan. Méhodology followed to assign activity plans to the synthetic individuals

Once the dta is identified, cleaned and processelde method to assign daily activities to

each agent in the 2019 synthetic population @xplained 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 asss 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:

1 Although an open licenseas obtainedfrom a telecom compay (O2 Telefénica) 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.

1 The anonymised data did not contain any sed@mographic attributes.

1 The activity tpes provided in the data were very scarce (e.g., home based work, home
based other, none home base).

1 Only two transport modes were identified (i.e., road, rail).

1 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 diariage regardedas the best option, although biases in trip
omissions and paotrip characteristic estimations could affect the quality oétata. The

three national survey datasetsted beforehave the required data to develop a very detailed
synthetic travel demand. They containnede variety of sociedemographic attributeswjith

nine attributes matching those developed for the 2019 synthetic population), as well as very
detailed severday travel diary plans from each individual survey2d dctivity purposes,
starting and ending times in minute&8travel modes). Additionall 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 200 them,

the NTS special licence data¢bfT, 2022a)vas chosetfor the following reasons:

1 The spatial granularity is &tAlevel, enabling the useavel diaries from the wholef
England with similar patterns to those in the area of stadg discard outliers (e.g.,

London) This will allowior increasing the number of travel diaries that could be ysed
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instead of being constrainet those travel surveys within the study arélehe other
alternative datasets have spatial granularities at rural/urggfr, 2022bpr OA area
scale(DfT, 2023h)which are nondetailed or very detailed for the purpose of this
thesis, respectively.

1 The acquisition of the dataset requires a simple (although it is a long process over
time) approval from the data ownerThe other two alternatives require either

minimum (DfT, 2022bdr very concise and specifiofT, 2023h@approval processes.

As previouslyhighlighted, a extremelylow number of households are surveyed per year,
which implies that only a small representation of the population is considérethcrease
the number of travel diaries and thereforgheir heterogeneity, travel diaries from several
years and areas of England need toused, instead of only those from 2019 and the Tyne
and Wear region. Consequentthe spatiotemporal frameworkwas analysed via aEDAto
identify individuals with similar activity plans in space and tim¢hose 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 23how similar tip purposes and transport modes respectively, between all regions
exceptin London (red line), wherguite 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 purposeBgure 22), and the use of other local busdgy(ire

23), which indicate that people in those regions have similar mobilitiepas.

Travelmobility patterns were also analysed based on the evolution of the averagier of
trips by day of week iure24) and month Hure 25) between 2002 and 2019. Results show
that from 2002 until 2011, less trips were made every year, egsing linearly. Since 2011,
the trends are stabilised, ahough differences between wedkys and weekends are
observed, especially on Sundays, where around afé0#r trips are male when compared
to weekdays {Gure 24). In the case of monthsigtire 25), similarpatterns from 2011/2015
to 2015/2019are shown, indicating that people tend to dewer trips now thanbefore.

Differences can bebserved between months as well, with February and August differing the
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most when compared to the others, but follovg the similar trend, althougfewer clear

patterns can be identified.

Besides the previouanalysis, the trips in progress by time of day of week and trip purpose
by trip start time from 2006 to 2019igures26 and 27 were also compared. Results show
that patterns are stable in time, Wi minimum differences for wealays (between morning
and afternoon peaks), although more variability carobserved during weekend daygfire

16). In thecase of the activity purposesdbire27), very small differeres can be observed in
the 13year analysis period, indicating that travel patterns are kept relgtigenstant in time

during weeklays, experiencing the morning and afterngoeaks at the same time.

Average number of trips (trip rates) by person by trip purpose,
region 2018/2019
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Trips in progress by time of day and day of week in England between 2006 and 2019
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Figure26 Trips in progress by time of day and day of week in England between 2006 and 2019

Percentage of trips purpose by trip start time (Monday to Friday only). England
2007/2019
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Figure27 Percentage of trip purpose by trip start time (Monday to Friday pBhgland 2007/2019

Consequently, the conclusion made regarding the spatial and temporal extension of travel
diaries to use in the research projegasclear. All regionsxxept London were considered as
similar in travel mobility patterns, as well as those travel diaries surveyed between 2011 and
2019. Additionallyto make the simulations reflect a normal working day, only weekdays
when children have educational activitiggere 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.
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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

Table2 Comnon ©cio-demographic attributes and valubégtween 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 consideredindividuals were grouped inzhdzd SK2f R4 ol 4SR 2y 02YY?2
attribute, with the same 12 socidemographic attributes and values as those individuals from

the 2019 sythetic population developed inestion 3.3.3 (see table 2).rips were defined by
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11 attributes, providing iformation about the purpose (14 categories), tiag and ending

time, main mode of transportsgvencategories), journey sequence in tday, 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 soclemographic attributes of the agents from both datasets.
The assumption made was that individuaistwsimilar sociedemographic 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 dependenes, 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 manber 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 b

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 oemce Python Jupyter
notebooks developd by the authoras part of this study. This tool allows the identification of
individuals from the 2019 synthetic populations with both similar personal and family
characteristicdo those individuals from the NTS dataset. The similar personal charaicteris
and values considered are their nine common sa@mographic attributeswhile the similar
family characteristics depend on the family dependency attributes only (marital status and

children dependency).
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Synthetic individual

Yes No Yes No

No
Children Children
dependency dependency

Find a similar NTS Find a similar NTS Find a similar NTS
individual with similar individual with similar individual with at least
partner and with at partner one child in the
least one child in the household
household

]

Yes No Yes No Yes No

| |

The individual
is considered
independent

to any other
potential

household
member

Find a similar
NTS individual
and assign
them their
activity plans

Find a common
day between them
and assign them
their activity plans

Find a common Find a common
day betweenthem day betweenthem
and assign them and assign them
their activity plans their activity plans

Figure28 Workflowdiagram showing the methodology followed to transfer NTS travel diaries to the synthetic individuals

based on their socidemographic attributes

The chosenmethodologyworks as followsfigure 28). A single individual from the 2019

synthetic population § selected randomly and their soai@mographic attributes are

analysed. Imcasewherethe individual has family dependencies, similar household members

are selected from the NTS dataset.

1 If family dependencies refer to a married or couple individuadjlar individuals with

the same soci@lemographic attributes are selected from NTS. Among them, their

partners areO2 Y LJ- NB R

3 Ayad GKS wHamp

a8y UKSUAC(

considering only their range of age, economic activity, income, driigegce, car

access and bike access attributes. If the selection has more than one option, the choice

is made randomly. In casevherethere is no match, a second selection for the partner

is made considering only their age, economic activity, drivingdegecar access and

bike access attributes. If the selection in this second case has more than one option,

the choice is made randomly.

1 Inacasewherethe family dependencies refer to a married or couple individual with

dependant children (i.e., below 1@ears old) the same procedure described before is
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followed. In this case, the number of childresmot considered, only the existence of
them in the household.

1 If family dependencies refer to a single individual with children dependencies, similar
individuals with the same socidemographic attributesfrom NTS are selected.
Similarly tothe previous case, only the existence of children in the household is

considered.

At this stage, members from both datasets with similar sal@mographic 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 thedtiii&en closest in age.

In the case that previgss matches were not successfat 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 theusehold 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-deaigraphic
attributes.Firstly, all nine common attsutes between synthetic agents and NTS dataset were
compared, matching 78.8% of the cases. Secondly, those that were not matchied in
previous iteration were compared again but considering only seven attributes (sex, range of
age, marital status, childredependency, 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 88% of th
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%atch Finally, the remaining 06% of synthgc individuals who

were not matched becauseo similar individuailvas foundin the NTS datasetyere assigned

a random activity plan. TabBsummariseshe results obtained.
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Matching No household interactions

S - 0 o R
interactions attributes ~ attributes  attributes  attributes  attributes  maitch
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
Table3 Summary of the total and relative percentage of activity plans transferred to the individuals based on the followed

methodology
Some updatesvere required to fix some inconsistenceshe assigned aatity 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 thensllations.

Transport  Starting  Ending

Individual ID Purpose mode time time Location (x,y) Distance
5554_E02041682 work car 370 405 15 miles
5554 _E02041682 shop walk 750 765 0.7 miles
5554 E02041682 work walk 780 930 0.7 miles
5554 E02041682 home car 1000 1055 15 miles

Figure29 Example of an activity plan assigned to a synthetic individual following the prismileveloped methodology

At thisphase allindividuals from the 2019 synthetic population were assigned an activity pla
based on their socidemographic 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 (28ysport mode
used (7) and distance travelled for each trgs shown irfigure 29. The only missing and
required information is the location of each activity. Although the Nai&set used provides
information atLAlevel only, this information is not vidl as activity plans from other regions
beyond the area of study with similar patterns were useéxpand the sample size provided.

Therefore, specific locations need to be assigned to each activity.
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The spatial allocatioof activities figure 30) was a&signed using a process developed as part
of the MISTRAL proje@Pregnolatoet al., 2017)and activity location_d& (Alvarez Castro,
2023)tools. The first is a tool developed by Newcastle University to matahheuseholds

with households from synthetic populations, based on common characteristics. The second
is a set of operaccess Python Jupyter notebodsspart of this researcthat assigns locations

to the activities, depending on the activity type andtdieces between consecutive activities.

_ Act|V|ty Iocatlons

Work @ Eating out @ Education ® Home Leisure @ Medical @ Other

Figure30 Identified spatial location for the activities undertaken by the individ(@&M basemap)

The activity locations were assigned in the following order:

Household location for e&cone
Workplace location for those with a work activity
Educational location for those with an educational activity

Rest of activities except escdrte., accompanyingctivities

= =2 =/ =

Escort(i.e., accompanyingjctivities

These locations were assignesi @escribed below:
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Households

The MISTRAL modeentifies 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, serdetachel, terraced, and apartment), based on their spatial
characteristics and the relationship between adjacent households, using the AddressBase
dataset(Ordnance Survey, 202Xnce all real buildings are classified, they are matched with
households fom the 2019 synthetic population pdrA and OA area In a casewhere a
synthetic household in a specif@A areds not assigned a real building based on its type, a
different type is tried. Iracasewherea synthetic household cannot be assigned itOi#sarea

due to all real buildingbeingoccupied, it is matched with a similar building in an adjac2ft

area Household locations are assigned which are known as the starting point for each
individual, as this location is considered fundamental for théndgon of the remaining
activities More information abouthe MISTRAL toaan be obtained iffPregnolatoet al.,

2017)

Workplaces

Workplace locations were assigned to those agevith a work activity in their activity plans
using2011 UK censusrigin-destination (OD) matrices by transport modbed same seven
options as those in the activity pla) and M®A aeas(ONS, 2011a)fhese matrices provide
estimates of the usuahumber of residentsin the area of studyaged 16 and over in
employment travelling between MOA area. 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 tha in 2011, per MOA area

These estimated flows of workers per ®M& areaquantify the number of individuals
travelling between areas, while the activity plans assigned to the synthetic individuals identify
the distances travelled to work from the previoastivity. To identify the MSO2onesto
which a synthetic working individual has to be assigngds necessary to calculate the
distances between MSO#A&ones Distances were calculated betweeheir centroids,
considering théOpen Street Map@SM road retwork (Geofabrik, 2028 instead of Euclidean

distances. This approach provides a more realistic representation, as constraints such as

98



bridges and tunnels areonsideredwhen calculating distances between locations that are
divided by natural elements (e.g., rivers and moumsd, which is the case in some urban

zones in the area of study.

Then syntheticworking individuals were assigned a working MSfoAe based on the
distance travelled and the transport mode used from the activity plan and the total number
of individuals 8owed to travel between MSO2onesfrom the OD matrices. lacasewhere

any synthetic working individual is not assigned a working M&Adue to the maximum
capacity of workergo all potential destination levels from their origleingreached, it is
considered that the individual works outside the area of study and will not be assigned any

activity plan.

The knowledge of the MSQidneswhere the synthetic individuals work is not enough when
the synthetic activity demand dataset is used in AgBMs tequired to identify a specific
building within the area with a working purpose (e.g., offices, factories) for more realistic and
detailed results. OSM buildin¢gGeofabrik, 2023)ereidentified as workplaces using OSMOX
(Arup, 2023) a tool developed by Aru@MLthat classifies buildings in different categories
based on their tags (g., commercial, industrial, office, government, hospital, school,
university and amenity)Complementary to this toola method that considers only those
workplaces with a floor area greater than 15 square meteras developed within the thesis
Those budings wereassigned a maximum capacity attribute, which estimabesmaximum
number of employes depending on the floor area, nhumber 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 (kikde
Homes and Community Agency, 201Where the employment dnsity per square meter
depending on the workplace purpose estimated This maximum capacity attribute allows
synthetic employees to be assignadbuildings in the same MSCQnerandomly until the
maximum capacity of a building is reached. In that c#isat building is not considered for

the remaining synthetic agents, which are forced to be allocatedany other building with
capacity. The result is an uneven and realistic workplaces distribution, according only to the
0dzA f RAYy3aQ OgphtibllloatioB.NA a G A Oa | yR
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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. Cong@ently, 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 facilitiesn the area of study for those imdduals aged 15 or below were
identified using an opesaccess dataset provided by the UK Governn{éi{ Government,
2023b) where information abut their status (open, closed), capacity and location (projected

coordinates) are shown.

The procedure to identiffhe educational facility for each synthetic individueds similar to

the one followed before for the synthetic workers: calculating thedroeetwork distances
between centroid areagin this case usin@A area, smaller areas that can provide more
accurate results Within them, theschoolwith the highest capacity is chosen, as those
facilities are prioritised, considering them more importdinan smaller onesdue tothe fact

only a proportion of the individuals will be simulated in the AgEBMce an educational facility
reaches the maximum capacity, it is considered full and not available for the remaining
students to be assigned an eduaatal 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 iBpooneret 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 workplaceThirdly, 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 werehasen first. The procedure finishes when all students are

assigned a location for their educational activity.
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Remaining activities other thamscorting (i.e.accompanying someone else

The locatiosfor the remaining activities were firstly identified plging OSMOXArup, 2023)

to OSM buildinggGeofabrik, 2023and adding the sugrmarket locations from Geolytix
(Geolytix, 2023)The classification of buildings in the activity categories was similarato th
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 dilegpem their

OKI N} OGSNRAaGAOE 6SPaIdr | AK2LIWIAY3I OSYiGNB Ol y

The location assignment to the synthetic individuals, based on their activity plans, was carried
out applying concepts derived from spatial interactionodelling (SIM) techniques. This
techniqueenables ondo evaluate the demand of flows and movements (e.g., people, goods)
between two locations in space h QY St f & 3 orecastigyTResbudesd Z)P3vhich

has been an important concept in the social sciences, specifically in geography, economics
and sociology(Wilson, 1971)SIMsare usually the first two steps in thESMsdescribed
previously in the literature, as spatial generation and triprilisitions are estimatedTravel
Forecasting Resources, 2023; Rodrigue, 2024)e assumptions made in the model to
estimate the interactions (T) between an origingnd a destination (j) are a function of the
attributes of the origin (¥, the attributes of the destination (Yand afraction of distance

between the origin and destination{i§Rodrigue, 824)(equation8).
Y Qohw RY
Equation8 Definition of the Spatial Interion Modelling techniquéRodrigue, 2024)
This assumption cabe 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.whgood the destinatiorarea is when

compared against others), and the cost of travelling or accessibility between origin and

destinatiors (i.e., the distance{Wilson, 1971; Newing, 2018quation9).

Y O0QANEAOO0T WO MO NE NOO QO Q-0 r =~
% 0 WW QwQa Qo w

Equation9 Spatial Interaction Modelling technique applying the demand, attractiveness, citivgeess and accessibility
factors(Newing, 2018)
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between areas when doing their activities. The translation of previous concepts to the

developed methodology is as follows:

The whole area of study wakvided irto 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 areahare 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 actiiigr each potential
destinaton zonetheir 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 calculatédiditionally, an extra
accessibility component is includeshich considersthe distance between the potential
destination zone and the zone where the household of the synthetic individioalated. Tis

last component isddedto avoid the synthetic individdachoosingareas far from where they

live, incentivising activities to happen closetk®ir households Each potential destination
zone is assigned a selector factor (Tij) that identifies its likelihood of being selectedfOn

them is selected randomlyased on their probability valuesdquation 10.

Y 000i 0o NOO&QIQO QO LN =% v m s
0 0OWWAOT QRO W QW Qa Qo0 w

Equation10 Spatial Interaction Modelling technique appliedihhemethodology
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 basatly 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 amenitiéisat could attract more individuals based on their
size and the possibilitgf doing more activities in the surrounding area. When all potential
destination buildings wherthe activity can be donddod 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 are&igure31 showsthe procedurevisually 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 fagidity dot) within
the MSOA zone is assigned (right).

Figure31 Visualrepresentation of the SMI technique to identify the location of the next act®BM basemap).

This procedure is followed for each activity in the activignghat is not for work, education

and escort, similarly as it was done ®gooneret al. (2021)

Escorting (i.e.accompanying someone else

Escort activities refer to those adties 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.gwork, education, shop). In the case that a synthetic individual
with an escort activity is not associatedth any other member of the household doirzg
complementary activity (due to a lack of trip sharing at household level in the activity plan),

the individual is assigned another activity (e.gislee) that will be done alone.

Table4 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 Day ID

made by an individual
on agiven travel day

Individual ID Individual unique ID NTS Individual ID
Household ID Household unique ID NTS Household ID
Journey Sequenceg Journey number on a Numeric value starting at 1

given travel day
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Number of Stages

Number of stages
actual number

Numeric value starting at 1

Main Mode

Main mode of travet
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
lesure_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 Toal Time

Total trip time- minutes

0-1439

Table4 Description of the attribute names (first column), description (second) and expected values (third) of the activity

Once the activityplans 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 onaendutheir
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 syiotiredividuals 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

plans assigned to the synthetic individuals.

faster scenarios and with a larger sple
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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(RAM, 2020)another opersource
Python library developed by Arup CML that akowadingof synthetic travel demands and
transforming them into new formats, \idating and visualising the activity plarfsgure32

shows the representation of the activity plan assigned to a synthetic individual, fidule
33 shows its geospatial representation.

Person ID: 6613_E02001682

- -
X 1 1 2

O Home mER Travel @@ Work

Figure32 Visual representation of arctvity plan assigned to a synthetic individual, using PAM.
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Figure33 Geospatial representation of the activity plan assigned to a syntimeticidual (OSM basemap).

The output generated is an xml fildgure 34) containing dlsociedemographic attributes

and activity plans, divided in activities and legs, for each synthetic individual, structured and
defined based on MATSim requirements.
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)OCTYPE population SYSTEM "http://matsim.org/files/dtd/po

tion">high income

Figure34 Example of the synthetic travel demand of a spesifithetic individual in XML format.

After applying the previodg described methodology, the synthetic travel demasdeady
for further processing in detaith MATSim.

The effort put in to developing thecodeto transfer travel diaries to synthetic indduals
based on common socidemographic attributesnakesit easyto apply it to other regions, in
England or any other areaith similar sociedemographic attributes. fe main requirement

to use the code is to get accessthe travel diaries.

Computatonal times, as described befofer the synthetic population, vargepending on
the number of synthetic individuals to be processed. In the case forNBeegion, the
assignment of activity plans took around a day. Then the identification of the adbiwétions

took around10 hours per activity type.

3.4. Network

Once the synthat travel demand input datasetas generated, the other main component
required to run transport 4BM simulations is the network, which can be defined as a digital

geospatiakepresentation of the road and public transport network used by the agents.

The goal of this input data is to provide the agents waithuiltenvironment that allows them
to move between activities. Its geospatial representation, combined with transpoHtilityo

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 foliblyethe 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 ro&i®quired. In thisspecific case,
the project aims to explore policies to reduce the use of private motor vehicles and incentivise
the use of active modes. Consequently methodology focused on this last grougp

fundamental to simulate realistic mobility policies.

Network

Geospatial Public transport I Road gradient IR

representation information

Figue 35Four main components included in the network

The network developed in this thesis contains four main componefigsiré 35): the
geospatial representation of the road with an extensive variety of transport mobility
characteistics (blue); the public transport information (orange); the road gradient (green);
and a road cycling rating value that classifies each road for cydemgnding on its built

characteristics (yellow).

3.4.1. Geospatial representation

The first compaent consists of OSM data, obtained frofeofabrik (2023) a free
downloading server that extracts daily updated OSM data (i.e., lines, multilinestrings,
multipolygons, points) from any region in the worklldata cleaning process was recpd to

keep only the road and public transport networks within the study area, which is achieved
using the Osmium todOsmium, 2023)amultipurpose command line todhat enables OSM

data manipulation. This tool was used to filter #eorelevant 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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identifyingthe agents that wilbe able to use them, as well as the way they are used (e.qg.,

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 Tgnd 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 apply this twostep procedure are mainly twd-irstly 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. Tosimulate 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 werearstidered.
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.

!

Scotland

2 w—

Newcastle
upon Tyne

North East of
England

River Tyne

North West
Gateshead

North Yorkshire

0 10 20 30 40 50km [ "I NorthEastregion [____] Tyneand Wear Road ? 5?0 10=00 ZO?Om

Figure36 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).

108



Both datasets were mergedsing Osmium(Osmium, 2@3), obtaining a single OSM file
covering the whole area of thBIE The result is a set of links (line segments) and nodes
(starting and ending points of each link) of the whole study afggure 36 shows the
geospatial representation of the network ddeped, showing the whole area (left) of tH¢E
(green) and the Tyne and Weeggion (red), and a detailed representation of theban

network at a higher scal@gight). In total, 319,845 links defined the study area.

3.4.2. Public transport

The second coponent, the public transport information, describes the spagmporal
characteristics (e.g., their routes, stops, calendar and schecdiié® different public modes

in theNE(i.e., bus, rail, light rail and ferry).

This information was collected frompenaccess sources in th&eneral Transit Feed
SpecificatiolGTFS) format. Rail data was obtained fromRiad Delivery Grou2023, while
for the other public modes data came froifraveline(2023. Both GTFS datasets were
merged, clipped to the area of study and cleaned of errors, using UK3Q@MmkSrsity of
Leeds, 2022an R package to convert and work wihblic transport data. The result was a
set of text files containing informationbaut the stop locations, routes, trips, stop times,

calendar, calendar dates and agencies, covering the whole NE.

This combined public transport GTFS datasas merged with the road network created

before, using PUMAArup, 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 tra/f & LI2 NI @SKAOf SaQ OKIFINIOGSNRAGAOE O6OSKA
openaccess tool to accomplish this goal (e.g., PT2MATEbMtti, 2017), an alternative and

not opensource tool was used (PUM@Arup, 2022h), as a esult 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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Figure37 Detailed representation of the public transport routes in urban acé@¢ewcastle upon Tyne and Gateshead
(OSM basemap).

Additionally, the network wasimplified by removing unnecessary intermediate nodes using
opensourceGeNETArup, 2022a; Kozlowslka 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 simulatiorfsigure37 shows a detailed representation of
some public transport routes (s (blue), rail (orange) ankbht rail (purple)) in areas of

Newcastle upon Tyne ar@ateshead.

3.4.3. Road gradient

Beyond road and public transport networks, additional information is required to understand,
simulate and estimate human mobility pattes, 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 &d 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.

North
Tyneside

River Tyne

Newcastle
upon Tyne

South

Tyneside

Rail route Light rail route

] Elevation: 0 m I 165m

Figure38 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 derivedroim digital elevation models (DEMs), quantitative
NELINBaSyidlidAzya 2F GKS 9FNIKQa adz2NFIFOS GKI
(Mukherjeeet al., 2012; Guth, 2013PEFRA2023 allows downloading data of the UK up to

1-metre resolution, whilede Ferranti and Hormanrf2023 of any region in the world up to 1

second of arc. For the purpose of this thesis, both B&bkte used. A 2Zneter resolution DEM

from the former covering the Tyne and Wear region was generated, while the remaining area

of study used the Jecond of arc resolution from the latter. The reason for using initially
different spatial resolutions was tarsplify 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 iV use either cars or public modes order to have a single DEM covering

0KS ¢gK2tS addzReé FNBFIZ (GKS TF-mét and méddedgingdzi A 2 y
QGISQGIS Development Team, 2023pking the final file manageable in terms of size and
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computational time. Figure 38 shows a detailed represg¢ation 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 addgeospatial context.

The generated DEM was used to add the elevation (Z value) to each node and the gradient to
each link in the network. GeNEArup, 2022a; Kozlowsl al., 2023)was apfied 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 thoughhe quietnessttribute 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 usingesr80
resolution DEM from NASACyclestreets, 2022bJor the purpose of this thesis, the DEM
resolution was considered insufficient as the steemnem urban areas could be
undemepresented, as links below 90etnes would be treatedsflat. Consequently, a more

detailed DEM wasgsed to resolve this issue.

3.4.4. Cycleability rating or quietness

. SaARSa 0KS 1y2¢fSR3IS 2F GKS 3INIRASY(HI Al
This is a critical féaor 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 oppositedads,shared

with vehicles at high speed) could disincentivise them. Research madéoirnson et al.
(2019)indicates that segregated cycle paths reduce real and perceived risks for cyclists and
contribute to greater cycling participation. Additionallfegmanet al. (2012)highlight the

fact that the modern traffic system iglesigned largely from a caiser perspectiveleaving
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 may other mode.
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Figure39 Geospatial classification of the cycleability ratingjoretness of several roads in the city centres of Newcastle
upon Tyne and Gateshead (OSM basemap).

Figure 39 shows the roads in areas of Newcastien Tyne and Gateshlad, classified based

on theirquietnessralue, 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 riveFyne, as part of thdlational Cycle Netwojk Unfortunately, similar

information for walking was not found.

Characteristics of the buiknvironment (e.g., the existence of fully segregated cycle paths,
the type of roadsurface type, road quality and wilt) 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 improve and increase knowledge about cycling in the UK. One
of their outcomes is a cycling road classifieamed cycleability ratingor quietness
(Cyclesteets, 2022a) A seltdeveloped algorithm(Cyclestreets, 2022kManks roads as a

percentage score depending @meir builtenvironmentcharacteristics (e.g. road type, length,
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