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Abstract

Over the last two decades, agent-based modelling (ABM) has become an
invaluable tool across various disciplines for simulating the intricacies of
complex systems. At the core of these models are the decision-making
frameworks that guide agent behaviour. Traditionally, these have been con-
strained to predetermined rules, providing deterministic insights yet often
omitting the dynamic process of learning and adaptation inherent in real-
world behaviour. This research examines the integration of Reinforcement
Learning (RL) within a set of ABMs—designated as 'hybrid-ABMs’. These
models are characterised by their ability to merge traditional ABMs with the
adaptive, experience-driven learning processes facilitated by RL. By doing
so, this thesis explores to what extent such integration enables agents to de-
velop and refine intelligent behaviours in response to environmental stimuli
and changing scenarios. Focusing on three distinct domains—predator-prey
ecosystems, burglary and criminal behaviour, and the economic behaviours
of housing markets—this thesis assesses how RL can empower ABMs to sim-
ulate complex phenomena with greater detail. Through these hybrid-ABMs,
we scrutinise whether RL-enhanced agents can autonomously acquire be-
haviours that not only resonate with theoretical and empirical findings but
also adapt to unforeseen circumstances with a degree of experience and relia-
bility. The findings are: agents within these hybrid-ABMs successfully learn
from their environment, the emergent behaviours align with established lit-
erature in the respective fields, and the agents exhibit a capacity to adapt
to novel situations effectively. This thesis hypothesises that neurologically
inspired algorithms like RL can enhance sociological ABMs by introducing
an element of learning and adaptability, thereby equipping these models
to better mirror the complexity of real-world systems and decision-making

processes.
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Chapter 1

Introduction

1.1 Introduction to the research

In recent decades, researchers have adopted agent-based modelling (ABM) (Epstein,
1999; Epstein & Axtell, 1997) as a tool to explore domain-specific phenomena, such as
offender behaviours and interventions, stress testing economic policy, housing market
trends and cooperative decision-making, to name but a few (Birks et al., 2012; Crooks,
2015; Hamill & Gilbert, 2015; Malleson et al., 2010; Secchi, 2015; Squazzoni, 2012;
Zhuge & Shao, 2018). ABM offers several key strengths for understanding complex
systems. ABM focuses on modelling individual agents and their interactions, allowing
for a detailed representation of heterogeneity and individual behaviours. This bottom-
up approach captures emergent phenomena and system-level patterns that arise from
micro-level interactions. ABM is flexible and serves as a virtual laboratory for conduct-
ing experiments and exploring system dynamics. It provides insights into nonlinear dy-
namics and feedback loops. ABM can inform policy design, and support evidence-based
strategies. For instance, ABMs have been pivotal in urban planning to evaluate the
impacts of boundary changes on city growth and traffic patterns (Gulden et al., 2011,
Orsi, 2019). In public health, they have been used to simulate the spread of infectious
diseases and the potential effects of interventions such as social distancing policies (Kerr
et al., 2021; Silva et al., 2020). In environmental policy, ABMs have helped in under-
standing the potential outcomes of water resource management strategies, allowing for
the assessment of the sustainability of different usage policies (Berglund, 2015; Dar-

bandsari et al., 2020). Such applications emphasise the utility of ABMs in developing
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policies. Integration with empirical data enhances model realism and predictive power
through calibration and validation, enabling the exploration of real-world “what-if”
scenarios.

To ensure the reliability and accuracy of ABM, two key processes are essential: veri-
fication and validation. Verification is the process of confirming that the computational
model’s implementation is consistent with the conceptual model, and it is correctly ex-
ecuted within the simulation environment (Anderson & Titler, 2014; Curreli et al.,
2021). Validation, however, is the process of determining that the model is an accu-
rate representation of the real-world system, with a focus on the model’s output and
its ability to predict future states (Guerini & Moneta, 2017; Napoletano et al., 2018;
Tieleman, 2022).

Like all analytical approaches, ABM has its own set of limitations, perhaps one
of the most predominant is embedding accurate behavioural rules, representing these
behaviours and simulating them, ultimately, these issues arise from the absence of
decision-making frameworks that better reflect the modelled agent’s behaviours (Balke
& Gilbert, 2014; Frances et al., 2015). Researchers have argued that incorporating rules-
based or state-transition based frameworks lead to “simplistic” behaviours, which in
turn impact the macroscopic patterns that emerge from the interactions of these agents
negatively (Frances et al., 2015; Ramchandani et al., 2017). Additionally, others have
argued that these behavioural rules do not represent how “real individuals” decide on
actions, which they argue oversimplifies behaviours (DeAngelis & Diaz, 2019). Kennedy
(2012) argues that simulating complex behaviours such as human behaviours is not ob-
vious; these behaviours are not random and are heterogeneous. Due to the complexity
of simulating human decision-making, Groeneveld et al. (2017) found that most models
reviewed resulted in ad-hoc representations of human decisions in agent-based land-use
models, and most often, these representations are not grounded in theory. Researchers
in health and disease control found that a critical challenge in utilising ABMs to inform
public policy was the conceptualisation process of decision rules. Identifying represen-
tative condition-action rules to model the agent’s behaviours is resource-intensive, and
as model complexity increases, the margin for error exponentially increases (Badham
et al., 2018; Cocea et al., 2012). As computational social scientists (and other disci-
plines studying agent-agent and agent-environment interactions through computational

methods) investigate research questions involving behaviours of individual people in an
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environment (Conte et al., 2012; Torrens, 2010), the methods must better reflect the
decision-making processes of these individuals (Ramchandani et al., 2017).

Complex systems are characterised by individual components, or agents, whose
interactions lead to emergent properties that cannot be predicted by analysing the
components in isolation (Simon, 1962). These systems exhibit features such as nonlin-
earity, self-organisation, and adaptability. Herbert Simon’s seminal work on complexity
outlines that a complex system exhibits a hierarchical structure, where components are
nested within each other, each level providing a different lens of understanding (Simon,
1962). In contrast, ’less’ complex systems, while still exhibiting interactions between
their components, do not necessarily show a high degree of emergent behaviours or
hierarchical organisation. These systems are often easier to predict and manage due to
their reduced number of interactive elements and simpler organisational structure.

The term ‘complicated,” on the other hand, refers to systems or problems that,
although they may have many parts, the parts have predictable and well-defined in-
teractions. Miller and Page differentiate complicated systems from complex ones by
emphasising that in complicated systems, the interactions do not give rise to new emer-
gent properties (Miller & Yu, 2008; Page, 2015). Complex real-world decision-making,
therefore, involves navigating through systems that are inherently complex, where the
decision-maker must account for a multitude of interacting variables and emergent phe-
nomena that are a result of these interactions. This contrasts with decision-making in
‘less’ complex or complicated scenarios, where variables and outcomes are more pre-
dictable and controllable.

A key challenge in modelling complex adaptive decision-making in ABMs is the
ability to integrate decision-making algorithms with the model architecture whereby
agents can learn behaviours naturally from individual-level perceptions without any
pre-determined behaviour rules (Bryant, 2004; Midgley et al., 2007). An area of re-
search that has gained momentum in the past decade and can be used to overcome the
challenge mentioned above is Reinforcement Learning (RL) (Sutton & Barto, 2018a).
There have and continue to be many types of computational RL algorithms, from
Deep-Q Learning (DQN), Proximal Policy Optimisation (PPO) to Actor-Critic Style
(A2C) (Deepanshu Mehta, 2020; Schulman et al., 2015). However, the principle pro-
cesses all algorithms are founded on are outlined by (Sutton & Barto, 2018a, p. 1):

“reinforcement learning is learning what to do, how to map situations to actions to



1.1 Introduction to the research

maximise a numerical reward signal. The learner is not told which actions to take
but instead must discover which actions yield the most reward by trying them. In the
most interesting and challenging cases, actions may affect not only the immediate re-
ward but also the following situation and, through that, all subsequent rewards. These
two characteristics, trial-and-error search and delayed reward, are the two most impor-
tant distinguishing features of reinforcement learning.” RL is grounded in neurological
and psychological theory inspired by animal learning (Mnih et al., 2015; Subramanian
et al., 2022; Thorndike, 1911). Its earliest conception in literature dates to 1911 - 1927,
where Thorndike (1927) established the Law of Effect. The Law of Effect states that
behavioural responses that are most proximal to a satisfying result are more likely to
become patterns. Rewards for appropriate behaviour continuously strengthen asso-
ciations. Similarly, behavioural scientists have shown that RL signal processes occur
within parts of the human brain, such as the striatum, parietal and frontal cortices (Niv,
2009; O’Doherty et al., 2015) making it a suitable framework to model behaviour.
While other individual-based modelling methods such as cellular automata (CA)
and microsimulation (MS) have been used to simulate complex systems (Gémez-Marin
et al., 2018; Huynh et al., 2019; Kamo et al., 2022; Khan & Habib, 2021; Lin & Yao,
2018; Ruan et al., 2020). The selection of ABM for this research is underpinned by its
compatibility with RL and the practicalities of the computational resources available.
ABM offers detailed training features for RL due to its inherent capacity to model
individual agents within spatially detailed environments. These agents are capable
of complex interactions and exhibit heterogeneity in their behaviours, which is a cru-
cial aspect when simulating real-world scenarios. This individual-centric approach is
essential for RL, which thrives on the ability to train agents based on their unique ex-
periences within the environment. It is this combination of agent complexity, detailed
environmental interaction, and the support of mature programming frameworks such
as Unity, Tensorflow and Keras (A Gulli, 2012; Juliani et al., 2018; Martinez, 2016)
that positions ABM as the most appropriate method for the integration of RL in this
research. In contrast, MS typically simulates more agents than ABMs, however, with
no interaction between the individuals or heterogeneous behaviour. Given the hard-
ware at hand, training this many agents is not computationally feasible (Birkin, 2021;
Brearcliffe & Crooks, 2021; Peichl, 2016). CA, on the other hand, are less computation-

ally expensive. While it is acknowledged that programming frameworks facilitating the
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integration of Cellular Automata (CA) and Microsimulation (MS) with Reinforcement
Learning (RL) are in the stages of development, it is also important to recognise the
strides RL has made within the domain of CA, especially concerning land-use mod-
elling. A growing body of literature illustrates the successful application of RL in
enhancing CA models, enabling them to navigate complex spatial decisions and sim-
ulate dynamic land-use changes effectively (He et al., 2018a; Sajan et al., 2022; Xing
et al., 2020a). Nevertheless this advancement, when considering the breadth and depth
of integration as a whole, especially in terms of accessible and robust frameworks, RL’s
application in CA and MS models does not yet match the established prevalence seen
within ABM. This is evident from a Web of Science search, which shows a consider-
ably lower number of publications combining “cellular automata” or “microsimulation”
with "reinforcement learning” (46 and 115 respectively since 1997) compared to those
of “agent-based model” with “reinforcement learning” (419 since 2013). The disparity
in these figures may reflect the more mature development and broader adoption of RL
in ABMs, signifying a greater level of integration in terms of the tools and frameworks
available for researchers within this particular scope of computational modelling.

RL as a decision-making framework paved the way for human-computer interaction
where algorithms were able to beat the world’s greatest players in Chess (Deep Blue by
IBM in 1996) and Go (Alpha Go by Deep Mind in 2015) (Silver et al., 2017). During
this period, the focus was on RL’s ability to learn, adapt and achieve goals. Some re-
search disciplines such as Computer Science, Robotics and Engineering preempted the
development of these algorithms for their relative disciplines (Doya, 2010). However,
RL has gained momentum in the soft sciences. An example application was to inves-
tigate social dilemmas and strategy (Izquierdo et al., 2008) scholars demonstrate how
RL can identify some mistakes made by the decision-making of actors in social interac-
tions. Schelling’s segregation model (Schelling, 1969) was revisited by RL researchers
to re-build the ABM, where the properties of social systems are investigated through
the interplay and integration of actions by RL agents (Sert et al., 2020). Modelling the
dynamics of street robbery in South Africa using an ABM with RL decision-making
enabled researchers to simulate realistic offender behaviours, which led to synthetic
street robbery patterns similar to those observed in the real-world (Joubert et al.,
2022). RL has also been used in Ecology, where researchers modelled the behaviours

of predator-prey interactions (Niv et al., 2002; Olsen & Fraczkowski, 2015). Economic
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studies where stock trading RL agents are used to optimise the trading process (Char-
pentier et al., 2021; Dang, 2020). Health research, where models identify the optimum
dose of medicine for heterogeneous patient needs (Jalalimanesh et al., 2017; Liu et al.,
2020). With these advantages in mind, this thesis will explore how RL embedded
within agents in three domain specific ABMs can organically learn behaviours from
their environment and adapt to changes while trying to achieve goals without any pre-
determined decision-rules. A research domain that makes for a good use-case to test
this approach in the first instance is predator-prey interactions. These models tend
to be more simplistic in nature with only two-types of agents, a simple environment
and several simplistic agent rules. Traditionally, these models use rule-based heuristics
(Grimm & Railsback, 2012; Heppenstall et al., 2012), therefore, RL can potentially lead
to new insights and more realistic models of predator-prey interactions.

A discipline that can benefit from RL is environmental criminology. Some re-
searchers in environmental criminology have recognised that most ABMs developed to
investigate criminological phenomena often rely on simplistic condition-action decision-
making (Groff et al., 2019; Johnson & Groff, 2014; Johnson et al., 2014; Park & Buckley,
2016). Many examples in the literature discuss the lack of complex decision-making
frameworks to simulate realistic decision-making characteristics of offenders, victims
and crime preventers, such as adaptive behaviours and learning inspired by their en-
vironment (Bosse & Gerritsen, 2008; Bosse et al., 2011; Cornelius et al., 2017; Groff,
2007), which psychological studies of offender decision-making have pointed out as cru-
cial mechanisms utilised by offenders during target selection (Gialopsos & Carter, 2014;
Sigurdsson et al., 2008; Topalli, 2005).

Another discipline in which RL has been less explored, yet can be of benefit is
housing market research. Some articles have investigated the emergence of housing
bubbles (Axtell, 2014; Erlingsson et al., 2014; Ge, 2014, 2017) using ABM, and some
have looked at how dynamics in the market lead to urban regeneration (Jordan et al.,
2011, 2012; Picascia, 2014) or by embedding survey data to a housing resale market
model to simulate search behaviour (Zhang & Li, 2014). Some have looked at how
ABMs can help investigate the causes and implications of real-world shocks such as
the 2008 financial crash to the housing market (Gilbert et al., 2009; Hamill & Gilbert,
2015). A less-explored topic where an opportunity for further research arises is the

application of RL algorithms to support decision-making in alleviating market shocks
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in real-time. Central banks can enhance intervention policies when managing real-
world economic shocks through the utility of this work. The previously mentioned
models have examined how, when, and why shocks occur. However, developing real-
time techniques to counteract these shocks is vital to reduce the knock-on effect on the
overall economy and people’s health and well-being (Oguibenine, 2011).

This research contributes to the field of geography by harnessing the intrinsically
detailed nature of Agent-Based Modelling (ABM) to explain the spatial mechanisms
that underlie policy-making and criminal behaviour. Integrating geospatial packages
for analysis with ABM, this study not only sheds light on the intricate spatial interac-
tions at the individual level that cumulate into broader spatial patterns but also offers
a robust methodology for simulating and inspecting the spatial implications of policy
interventions. This spatially-attuned methodology is essential for dissecting the intri-
cacies of housing market fluctuations, where location intertwines with socio-economic
variables and policy choices. The spatial insights provided by these models contribute
significantly to geographical science by offering an innovative avenue to not only observe
but also to actively engage with and comprehend spatial processes within a controlled
computational simulation, thereby enhancing our understanding of spatially detailed
systems and informing geographically nuanced policy formulation.

In the process of verification for this research, I have executed an ensemble of
simulations for the same experiment to ensure outliers did not exist and to show that
the distribution of runs corresponded to the stylised facts about the real world. This
multi-run approach helps in identifying any discrepancies between the model’s design
and its operational counterpart. Furthermore, in the instance where a model was
replicated, statistical tests such as descriptive statistics and Pearson’s correlations were
conducted to ensure that there were correlations between the same parameters for both
models and statistical figures such as Q-Q plots supplemented findings. Additionally,
I have conducted hypothesis tests such as one-way ANOVA, Cohen’s D, and t-tests
to ensure the distribution means were different across the various experiments. These
steps were taken to demonstrate that the models behaved as intended when parameters
were altered, such as changing the target rewards from 0 to 1 to a uniform distribution
between [0, 1] inclusive (Badham et al., 2018; Cocea et al., 2012).

To summarise, through the application of several domain-specific models, this thesis

will investigate the utility of RL over pre-existing decision-making frameworks through
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the following:

e Learning - agents should be able to learn from individual perceptions and use past
knowledge to support future decisions (empirical example: where offenders learn
that heightened security measures increase their chances of being apprehended)
(Lorscheid, 2014).

e Adapting - agents should be able to adapt to stochastic environment configura-
tions and continue to perform sub-optimally (empirical example: when a person
enters a new elevator, they adapt to the button configuration) (Magbool et al.,
2011; Ramchandani et al., 2017).

e Achieving Goals - agents should be able to achieve long or short-term goals
through the heterogeneous decisions they make (empirical example: the goal is
to reduce COVID-19 infection rates by 40% through policy changes) (Prystawski
et al., 2021).

1.2 Research aim and objectives

This research aims to explore how reinforcement learning algorithms can be incorpo-
rated into agent-based models to generate complex agent behaviours across several

domains. To fulfil this aim, several objectives have been established:

1. Review the existing literature describing methodological applications of behavioural

frameworks in ABMs to simulate emergent complex behaviours.

2. Develop a proof-of-concept ABM using reinforcement learning where complex
behaviours organically learnt by agents are quantified and analysed, assessing the

extent by which emergent complex behaviours are observed.

3. Assess whether reinforcement learning can be used to investigate theoretical per-

spectives in social science using criminology as an example.

4. Assess the capabilities of reinforcement learning agents to emulate the behaviours
of policymakers who are tasked to make informed decisions about the dynamics

of a complex system.
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1.3 Thesis structure

This thesis is presented in the traditional format (more information can be found here)
as described by the University of Leeds. The six chapters of the thesis are outlined
below, and Table 1.1 highlights the structure of the thesis in relation to the research

objectives.

Objective Chapter

1. Review the existing literature describing theoretical and | Chapter 2
methodological applications of behavioural frameworks in ABMs

to simulate emergent complex behaviours.

2. Develop a proof-of-concept ABM using reinforcement learning | Chapter 3
where complex behaviours organically learnt by agents are quanti-
fied and analysed, assessing the extent by which emergent complex

behaviours are observed.

3. Assess whether reinforcement learning can be used to investi- | Chapter 4
gate theoretical perspectives in social science using criminology as

an example.

4. Assess the capabilities of reinforcement learning agents to em- | Chapter 5
ulate the behaviours of policymakers who are tasked to make in-

formed decisions about the dynamics of a complex system.

Table 1.1: The thesis structure in relation to the research objectives.

Chapter 2 delivers a critical review of literature relevant to emergent complex be-
haviours and the methodological applications of common decision-making frameworks
used to simulate these behaviours within ABMs. This chapter will define essential terms
such as ‘emergent complex behaviours’, emphasising studies employing these terms.
Then presents a discussion of the adopted decision-making frameworks’ strengths and
weaknesses, stressing gaps that RL can overcome. The chapter then explores studies
within environmental criminology and housing markets that have utilised ABM to as-
sess domain-specific behavioural gaps RL can fill. The work in this chapter emphasises
the need to develop ABMs that better represent the decision-making processes of enti-
ties modelled as agents, which subsequently aims to produce models that better reflect

the real world.
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1.3 Thesis structure

Chapter 3 aims to test an observational example of RL to assess its ability to
demonstrate adaptability, intelligence and emergent behaviour as a foundation for the
following two chapters. The work begins with a critical discussion on behavioural sim-
ulation using RL and how it can contribute to agent-based modelling research. It then
describes the anatomy of the predator-prey ABM from its conceptual design to the
parameters utilised for RL training. Lastly, the work quantifies and visualises experi-
mental results demonstrating how agents learn to adapt their behaviours to unbeknown
situations, closing with a discussion and conclusion of the learnt behaviours and the
overarching ramifications of the methodology for broader ABM research.

Chapter 4 develops an ABM of burglary events using RL for offender behaviours.
The model aims to demonstrate how RL agents can learn behaviours that agree with
empirical and theoretical assertions of environmental criminology literature. The work
starts with a critique of ABMs utilised within environmental criminology, emphasising
the behavioural frameworks used. It then describes the conceptualisations of predom-
inant theories from environmental criminology adopted in the ABM. Several exper-
iments are designed whereby spatial interventions are introduced run-time, and the
adaptive qualities of offender agents are assessed. Lastly, the results are visualised,
demonstrating crime patterns in agreement with empirical and theoretical literature in
environmental criminology.

In the preceding chapters, RL has been instrumental in enabling agents within
ABMs to exhibit behaviours that align more closely with empirical observations of
decision-making processes. Chapter 5 builds on the findings from the previous two
chapters and explores if RL can be used to train an agent that learns to respond to
patterns observed in a complex system such as the housing market to produce a specific
outcome. To that end, a well-known housing market ABM of the UK is replicated in
the Python programming stack. A central-bank RL agent is developed to learn trends
from the model and adapt the market to potential exogenous shock events. The work
explores ABMs that simulate housing market dynamics, critiquing the decision-making
frameworks utilised. It then defines various economic shocks and alleviating measures
adopted by central bank intervention policies. The anatomy of the housing market
model is described, and the replicated model is compared to the original to ensure
validity. Several shock events are simulated, and the decisions made by the central

bank agent are quantified at various spatial-temporal resolutions. The study finds that
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RL can learn global patterns of the housing market and, by utilising goal criteria,
adjust a housing market dynamically to overcome exogenous shocks. The work ends
by discussing results showing each step of the learning phase of the RL agent and the
subsequent implications on the housing market.

The thesis is concluded in Chapter 6. The chapter begins by outlining the novelty
of the thesis. The chapter then proceeds to provide a summary of the thesis and
demonstrates the extent to which the research aim and objectives have been met. The
limitations of the research are noted and recommendations for future work are made.
An outlook on producing and utilising ABMs using RL as a decision-making framework

and concluding remarks are also documented.
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Chapter 2

Understanding Emergent

Complex Behaviours

2.1 Introduction

This thesis aims to explore the emergence of complex behaviours across several distinct
agent-based models (ABMs) using reinforcement learning (RL) algorithms. To fulfil this
aim, a thorough understanding of emergent complex behaviours is required. Section 2.2
defines the term ‘emergent complex behaviours’ highlighting early studies on the topic.
Section 2.3 provides a comprehensive description of RL and deep-RL with their relative
strengths and weaknesses. Section 2.4 explores the applications of complex adaptive
behaviours. Section 2.5 follows with a critical discussion of computational simulations
of emergent complex behaviours which may be of value during the development life
cycle of the models presented in this thesis. Section 2.6 compares the chosen method
and packages Unity and ml-agents against other approaches. Section 2.7 builds on
this by discussing the core strengths and weaknesses of computational decision-making
frameworks used to simulate emergent complex behaviours. Section 2.8 presents studies
within environmental criminology and the housing market domain that have utilised

ABMs to simulate emergent complex behaviours.
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2.1.1 Definitions and descriptions of key terms
Complex behaviours

Complex behaviours emerge from interactions between organisms and their environ-
ments. These behaviours are patterns observed at the aggregate level, such as social
structures or ecosystem dynamics, that are not explicitly programmed into the indi-
viduals but arise from collective interactions. They encompass both instinctual and

learned responses to environmental stimuli.

Adaptive behaviour

Adaptive behaviour refers to how agents meet their personal goals while responding to
environmental and social challenges. This concept is central to modelling communities
and understanding how agents adjust their actions to maximise their success within a

given context, such as finding food or avoiding predators.

Learning

Learning is the process by which organisms acquire new behaviours or modify existing
ones in response to changes in their environment. It involves a cognitive process where
information is processed and utilised for making decisions that enhance an organism’s

ability to thrive.

Emergent phenomena

Emergent phenomena are patterns or properties that arise from the collective inter-
actions of simpler elements of a system. These are not properties of the individual

elements themselves but result from the interplay between them.

Emergence and real emergence

Emergence is the process through which complex behaviours arise from simple rules or
interactions. Real emergence might refer to the manifestation of these behaviours in

tangible, observable ways in the real world, as opposed to simulated environments.

13



2.2 Emergent complex behaviours, from theory to practice

Emerging interactions

FEmerging interactions are the unexpected and novel behaviours or patterns that come
about from the interaction of agents within a system. These interactions can lead
to the development of new properties or behaviours at the system level that are not

predictable from the properties of the individual agents.

Complex vs complicated behaviours

Complex behaviours are dynamic, often unpredictable, and arise from non-linear in-
teractions within a system. Complicated behaviours, while possibly intricate, are pre-

dictable and result from linear cause-and-effect relationships.

2.2 Emergent complex behaviours, from theory to prac-

tice

The term ’complex behaviours’ is vast within literature and multi-faceted across re-
search areas. Complex behaviours, in their purest form, emerge from interactions
between organisms and their environments at the individual level. Usually, these in-
teractions lead to patterns at the aggregate level (i.e., from individual ants to an ant
colony) that are emergent and are not hardcoded in the individual (Hemelrijk, 2013).
The emergence of these behaviours is partly genetic make-up (such as reproducing)
but mostly a process of learning information and cognitively processing responses to
situations. For example, learning among mammals starts from an early stage. A criti-
cal behaviour that emerges is survival as a response to hostile situations (Schakner &
Blumstein, 2016). According to Percy (1989), the process of learning among humans,
which ultimately leads to behaviours, involves studying, instruction, practice and ex-
perience. To learn these complex behaviours and navigate complex environments, it is
agreed among researchers that some stimulus is triggered within the brain to aid the
decision-making process. Dopamine is considered the stimulus which affects the basal
ganglia (a part of the brain that deals with motor responses) (Lockwood & Klein-
Fliigge, 2021; Niv, 2009; Sutton & Barto, 2018b; Walsh & Anderson, 2014). Cochet &
Byrne (2015) suggests that motor precision, coordination and anticipatory planning all

lead to behavioural complexity. The aforementioned demonstrates that the emergence
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of complex behaviours is a complex process with various physiological and neurological

facets making it challenging to computationally replicate (Kennedy, 2012).

/ Emergent Complex Behaviours \

/ Complex Adaptive Behaviours \
' I

Intelligent Adaptive
Behavioural Frameworks

Reinforcement

Learning

N\~ )

Figure 2.1: A set diagram depicting the relationship between key terms.

2.2.1 Adaptive nature of complex behaviours in modelling

Adaptive behaviours—how agents meet personal goals and navigate environmental de-
mands—are pivotal in modelling communities (Oakland & Harrison, 2008). This in-
cludes both natural settings and social constructs, where the modelling of such be-
haviours has led to insights into the formation of higher-quality communities (Sun &
Wang, 2008) and enriched knowledge bases (Cocea et al., 2012). This understanding
of community dynamics sets the stage for addressing the broader challenges of system

management.

2.2.2 The challenge of managing complex systems

Despite advancements, managing complex systems remains a significant challenge. The
introduction of tools like the resource/agent map by Kazakov et al. (2021) helps in ap-
preciating these systems’ multifaceted nature. Moreover, such complexities prompt
the development of new theories, as novel modelling techniques shed light on previ-

ously unexplored behaviours within these systems (Baumann, 2015). As we recognise
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these modelling advancements, we must also consider their implications for theoretical

development within the field of complex adaptive systems.

2.2.3 Complex adaptive behaviours and theoretical development

Through complex adaptive behaviours, ABMs hold the potential to investigate new
theories by simulating a wide array of behaviours and understanding the brain’s in-
formation processing steps (Joyce et al., 2012). Supply chain management serves as a
testament to the efficacy of these models, where autonomous agents have led to poli-
cies aligning with empirical market observations (Brintrup, 2010). The success of these
applications brings to light the core strengths of ABMs, especially in terms of their

ability to capture decision-making processes in fluctuating environments.

2.2.4 Understanding decision-making in fluctuating environments

One profound strength of modelling complex adaptive behaviours is the facilitation of
understanding organism’s decision-making in variable environments, crucial for both
ecological studies and broader applications (Houston et al., 1999). This understanding
is further clarified when we examine the evolution of key terms and concepts over time,

as depicted in the subsequent visual representation.

2.2.5 Key terms and their evolution

The evolution of key terms from early theoretical foundations to practical computa-
tional applications can be observed in Figure 2.1, providing clarity on the trajectory
from ”emergent complex behaviours” to their embodiment in RL algorithms. In the fol-
lowing paragraph, we explore weaknesses or drawbacks of complex adaptive behavioural

research in context of this thesis.

2.2.6 Predictive challenges and verification in complex adaptive sys-

tems

The inherent unpredictability of complex adaptive systems can sometimes lead to unde-
sirable outcomes, a limitation acknowledged by recent research efforts aiming to develop

model-free formal verification approaches (Hachicha et al., 2017; Janssen et al., 2015).
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This unpredictability is less problematic in simpler systems, where environmental con-
straints can lead to more deterministic learning outcomes (Olsen & Fraczkowski, 2015;
Yamada et al., 2011; Zhdankin & Sprott, 2010). Such approaches highlight the cru-
cial importance of data fidelity in computational models aiming to simulate emergent

complex behaviours.

2.2.7 Data-driven modelling and validation

Data-driven approaches are vital in ensuring that simulated environments reflect real-
world observations, with many researchers advocating for robust validation and cali-
bration processes (Capasso et al., 2020; Troitzsch, 2017; Windrum et al., 2007). This
ensures that computational models are not only theoretically sound but also empir-
ically grounded, enhancing their applicability to real-world problems. The domain
of vehicle behaviour amplifies the challenges faced in modelling individualistic and

context-specific actions, such as driver responses at traffic lights.

2.2.8 Modelling vehicle driver behaviour

Modelling driver behaviour has exposed limitations in capturing the nuances of how
individuals react in varied driving conditions, suggesting that some aspects of complex
adaptive behaviour may elude current modelling techniques (Toledo, 2007). These
models often struggle to incorporate every detail accurately, highlighting the indirect
relationship between the properties of interacting elements and emergent system results
(Funes et al., 2003; Nolfi, 2004). The difficulty in designing these behavioural systems
underscores the necessity for formal verification tools to ensure model integrity during

the design phase.

2.2.9 The need for formal verification tools and data-driven design

The challenges in designing behavioural systems emphasise the importance of formal
verification tools that can aid in the design of models intended to simulate complex
adaptive behaviours (Funes et al., 2003; Nolfi, 2004). Ensuring these models are data-
driven could help ground them in empirical reality, thereby increasing their utility and
relevance. Still, the complexity science community continues to grapple with how to
measure and manage the complexity of problems, seeking to develop scales for com-

plexity that might streamline the process of model selection and hardware utilisation.
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2.2.10 Measuring complexity and framework selection

The quest for a scale to measure complexity aims to differentiate levels of complexity
and align them with appropriate computational resources (Kitto, 2006). The absence of
a universally accepted framework adds a layer of complexity to the selection of the most
suitable modelling approach for a given problem (Hawryszkiewycz, 2009; Kazakov et al.,
2021). These challenges, however, are set against a backdrop of rapid advancement in
computational modelling and an ongoing debate about the feasibility of simulating

real-world emergence within complex adaptive systems.

2.2.11 Discussing the possibility of simulating emergence

While some scholars have expressed scepticism regarding the ability to simulate genuine
emergence due to computational limitations, this thesis hypothesises a more optimistic
view, aiming to demonstrate emergence through complex adaptive behavioural frame-
works across three unique domains (Tolk, 2019). The methodology to be explored next
includes a variety of algorithmic solutions that cater to the behavioural decision-making

of agents, ultimately leading to the emergence of complex behaviours.

2.2.12 Algorithmic solutions to behavioural decision-making

Algorithmic approaches, such as genetic algorithms and reinforcement learning, have
been instrumental in exploring learning and behaviour across various fields since the
late '90s (Back, 1996; Lockwood & Klein-Fliigge, 2021; Sutton & Barto, 2018b; Yu
et al., 2008). These algorithms have been particularly effective in domains such as
robotics, optimising control parameters to navigate efficiently through environments
(Beer & Gallagher, 1992; da Silva Assis et al., 2016; Zhu & Zhang, 2021).

2.3 Comprehensive understanding of reinforcement learn-
ing
2.3.1 Introduction to reinforcement learning

Reinforcement Learning (RL) is a computational approach in which an agent learns to

make decisions by performing actions and receiving feedback in the form of rewards
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or penalties. This learning paradigm is structured around the agent-environment in-
teraction, where the agent aims to maximise a cumulative reward over time. The
fundamental components of an RL system include the environment, states, actions,
policy, reward signal, and value function (Sutton & Barto, 2018b).

In 1944, a book titled ”The Theory of Games and Economic Behaviour” by John
von Neumann and Oskar Morgenstern was published by Princeton University Press.
This book introduced key concepts of maximising expected utility as a decision-making
framework. This work laid the foundation for developing RL algorithms (Von Neumann
& Morgenstern, 1944). In 1959, Samuel (1959) presented the first machine learning al-
gorithm that was able to learn from experience, paving the way for the development
of RL algorithms. In 1982, Thompson (1982) wrote the paper ”The Single-Sample
Problem of Detection, Learning and Prediction”, which introduced the concept of tem-
poral difference (TD) learning, which forms the basis of many modern RL algorithms.
The single-sample problem refers to the challenge of learning optimal policies in an
environment based on a single sample of data. This problem usually arises when an
RL agent has to make decisions based on incomplete or noisy information about the
environment, making it challenging to learn an optimal policy. The temporal difference
approach was the cure to this problem, which used a single sample of data to update

the estimates of expected values of states and actions.

2.3.2 Deep reinforcement learning techniques

Deep Reinforcement Learning (Deep RL) combines neural networks with RL, enabling
agents to process complex, high-dimensional inputs and learn directly from raw sensory

data (Lecun et al., 2015). Below are some important Deep RL techniques:

e Deep Q-Networks (DQN): Extends traditional Q-learning by using deep neural
networks to approximate the Q-value function, which evaluates the quality of

particular actions in given states (Fan et al., 2020).

e Proximal Policy Optimization (PPO): A policy gradient method that aims to take
the largest possible improvement step on a policy without causing performance

collapse, ensuring stable and reliable training (Schulman et al., 2017).

e Actor-Critic Methods (A2C/A3C): These methods use two neural networks: the

actor, which decides the action to take, and the critic, which evaluates the action.
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A2C (Advantage Actor-Critic) improves stability by considering the advantage
function, whereas A3C (Asynchronous Advantage Actor-Critic) introduces par-
allel training to further stabilise and speed up learning (Lewis et al., 2020; Wang
et al., 2016).

e Trust Region Policy Optimisation (TRPO): A more advanced policy gradient
method that ensures the new policy is not too far from the old, maintaining

stability in the learning updates (Schulman et al., 2015).

e Soft Actor-Critic (SAC): An off-policy algorithm that seeks to maximise both the
expected return and entropy (entropy is a concept borrowed from information
theory, which measures the randomness or unpredictability in the agent’s policy),
encouraging the policy to explore more widely (Lewis et al., 2020; Wang et al.,
2016).

2.3.3 Reinforcement learning training and neural networks

In RL training, the agent is exposed to the environment and learns through episodes
of interaction. Neural networks serve as function approximators in this process. For
example, in value-based methods like DQN, a deep neural network can approximate
the Q-value function, while in policy-based methods, it can represent the policy itself.

2.3.4 Neural network architecture in reinforcement learning

The design of the neural network in RL is critical and typically involves several layers:

e Input Layer: Represents the state of the environment.

e Hidden Layers: May vary in number and size, designed to capture the complexities

of the environment and the required policy representation.

e Output Layer: Provides the action selections or value predictions.

2.3.5 Critique of reinforcement learning

Despite its successes, Deep RL and RL in general are critiqued for their sample inef-
ficiency, opaqueness, and overfitting to specific environments. Moreover, many Deep

RL algorithms require significant tuning and are sensitive to hyperparameter changes,
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which can impede their practical deployment (Asadi, 2015; Choshen et al., 2019). Below
we describe in detail the specific drawbacks of RL:

e Sample inefficiency: Deep RL algorithms often require a large number of samples
to learn effectively. This is because they need to experience a wide variety of
states and outcomes to formulate a reliable policy. In real-world applications,
where each sample can represent a costly or time-consuming interaction with the
environment, this inefficiency becomes a critical drawback. The trial-and-error
nature of RL can lead to slow convergence rates, particularly in environments

with sparse or deceptive rewards.

e Opaqueness and lack of interpretability: Deep RL models, especially those in-
volving deep neural networks, are often criticised for being black boxes. The
complex, non-linear interactions within deep networks make it difficult to inter-
pret how the system is making decisions. This opaqueness becomes a significant

issue in domains where explainability is crucial, such as healthcare or finance.

e Overfitting and generalisation: Deep RL agents are prone to overfitting their
policies to the specific nuances of the training environment. This can result in
a lack of generalisation to new environments, even when they share similarities
with the training scenario. The models might fail to perform well when faced
with variations not encountered during training, which is a significant hurdle for

deploying RL in dynamic, real-world settings.

e Hyperparameter sensitivity: The performance of Deep RL algorithms is often
highly sensitive to the choice of hyperparameters. Finding the right set of hyper-
parameters can be a resource-intensive process involving a lot of trial and error.
This sensitivity also means that a successfully trained model in one environment

might perform poorly in another without significant re-tuning.

e Credit assignment problem: In many RL scenarios, rewards are sparse or delayed,
making it challenging for the agent to determine which actions are responsible for
obtaining the reward. This delayed reward structure can significantly complicate
the learning process, as the agent struggles to associate the correct behaviours

with the outcomes observed.

21



2.4 Comparing complex adaptive decision-making algorithms

e Exploration vs exploitation: Effective RL requires a balance between exploring
the environment to find new strategies and exploiting known strategies to gain
rewards. Striking this balance is non-trivial and often requires complex heuristics
or additional mechanisms, like curiosity-driven exploration, which adds to the

model’s complexity and computational requirements.

e Dependency on reward function: The quality of the learned policy is heavily de-
pendent on the design of the reward function. If the rewards do not accurately
reflect the desired outcome, the agent may learn non-realistic or even harmful be-
haviours. Designing a reward function that encapsulates the objectives correctly

is a challenging task.

e Scalability and computation Requirements: Deep RL requires significant compu-
tational power, particularly for problems with high-dimensional state and action
spaces. Training can take an impractically long time or may not be feasible with

limited computational resources.

e Robustness and safety: Ensuring the robustness and safety of RL agents in op-
eration is a significant concern. Agents may learn to exploit bugs or unintended
features in the simulation, leading to unsafe behaviours when deployed in the real

world.

e Environmental dynamics: RL agents are often trained in simulated environments,
which may not capture all the dynamics of the real-world setting they are intended
for. This discrepancy can lead to policies that perform well in simulation but fail

when transferred to the real world.

Reinforcement learning is one approach to developing complex adaptive behaviours,
in the following section, we compare RL against other approaches to simulating complex

adaptive behaviours.

2.4 Comparing complex adaptive decision-making algo-

rithms

RL is a type of machine learning that involves learning through trial and error, in which

an agent learns to take actions in an environment to maximise a reward signal. RL
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algorithms are typically used to solve optimisation problems in which the agent has
to make a sequence of decisions over time, such as deciding which actions to take in a
game or which controls to use to operate a machine. RL algorithms learn by interacting
with their environment and receiving feedback as a reward or penalty (Lapan, 2018;
Sutton & Barto, 2018b). Similarly, GAs are a type of optimisation algorithm that is
inspired by the process of natural evolution. GAs represent solutions to a problem as a
set of parameters, or ”genes,” and iteratively improve these solutions through selection
and reproduction. GAs are typically used to solve optimisation problems that involve
finding the best set of parameters to achieve a given objective, such as finding the
optimal shape of an aeroplane wing or the optimal combination of ingredients in a
recipe (De Jong, 2012; Katoch et al., 2021).

One key difference between RL and GAs is how they represent solutions to prob-
lems. RL algorithms represent solutions as a set of actions or policies that an agent can
take to maximise a reward signal. An RL solution involves mapping the states of the
environment to actions the agent should take in those states. This mapping is often
represented as a function, called a policy, that takes the current state of the environ-
ment as input and outputs an action to take (Busoniu et al., 2010; Zhan-quan, 2006).
GAs, on the other hand, represent solutions as a set of parameters or genes (Katoch
et al., 2021). Another difference is that RL algorithms learn through interaction with
their environment, while GAs learns through selection and reproduction. Lastly, RL
is generally more suitable for problems involving sequential decision-making, complex
environments and continuous action spaces. GAs, on the other hand, are better suited
for population-based search, and combinatorial problems (Goldberg, 1989; Sutton &
Barto, 2018b).

Both RL and GAs have their respective strengths and weaknesses, particularly
when it comes to computational tractability. For example, RL allows agents to learn
complex behaviours through direct interaction with their environment at an individual
level, without the need for explicit supervision or labelled training data (Kaelbling et al.,
1996). On the other hand, GAs are capable at searching vast solution spaces, which
is advantageous for optimisation problems featuring numerous variables or complex
constraints (De Jong, 2012). One notable challenge with RL is the difficulty in precisely
defining the reward function, which guides the agent on the actions to take or behaviours

to learn to maximise its reward (Busoniu et al., 2010; Lapan, 2018; Sutton & Barto,
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2018b). As the complexity within the modelled domain escalates, the likelihood that
the reward function accurately encapsulates desired behaviours diminishes, potentially
leading to sub-optimal or incorrect behaviours. To mitigate this, researchers should
formulate objective functions aligned with theoretical constructs and empirical data.
Conversely, GAs’ performance is contingent on hyperparameters such as population size
and mutation rate, influencing the optimisation process’s speed and stability (Back,
1996; Katoch et al., 2021). GAs also tend to be less efficient in smaller search spaces
but excel when dealing with long-term goals or objectives (De Jong, 2012).

With RL, achieving “good results” encompasses a variety of benchmarks, such as
maximising cumulative rewards, completing tasks, converging on stable and reliable
policies, demonstrating generalisation across different scenarios, and meeting estab-
lished domain-specific benchmarks. Thus, RL requires numerous trials and errors to
attain such results, often demanding significant computational resources and time. This
iterative process of learning and improvement is essential in reaching the desired level
of performance that meets these criteria for success.

RL and GAs have been applied to tasks in natural language processing, such as
language generation and machine translation. For example, in the article (Luong et al.,
2015), RL was used to optimise machine translation models. In contrast, in the article
(Rios & Springer, 2017), GAs were used to optimise the architecture of recurrent neural
networks for language generation. RL and GAs have been applied to game-playing
tasks, such as Chess and Go. For example, in the article (Silver et al., 2017), RL was
used to develop a Go-playing agent that achieved superhuman performance. Conversely,
in the article (Tong et al., 2011), GAs were used to evolve neural network controllers
for real-time strategy games.

A question that might need unpicking at this stage is why use RL over other ap-
proaches such as GAs? The main reason is the ability of RL algorithms to adapt an
agent’s behaviours to changing environments and learn new behaviours. Furthermore,
RL allows agents to discover various behaviours, including decision-making, learning
and problem-solving (Sutton & Barto, 2018b). In contrast, GAs can model individ-
ual behaviours by evolving a population of individuals with different behaviours and
selecting individuals with the most desirable behaviours for reproduction. However,
this makes the approach computationally expensive and may not be as effective at

modelling more complex behaviours (Back, 1996).
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In the following sub-section, an analysis of the limits and implications of agent-based

models that simulate emergent complex behaviours using RL is undertaken.

2.5 Exploring the limits and implications of computational

simulations of emergent complex behaviours

ABMs that utilise RL have been applied in various research domains to simulate com-
plex behaviours and study multiple social, economic, and environmental systems. Some
notable examples include traffic control system optimisation (Chen et al., 2017b; Wang
et al., 2019a), group behaviour such as group hunting, foraging and decision-making
(Daw et al., 2006; Hwang et al., 2011), optimisation of environmental management sys-
tems, such as water resource management and wildlife conservation (Leibo et al., 2017b;
Tang et al., 2017; Wang et al., 2019b), investigate and understand social dilemmas such
as prisoner’s dilemma (Koster & De Jong, 2009; Leibo et al., 2017a)

There are numerous examples of ABMs that utilise RL to model complex be-
haviours, where these methods have demonstrated promising results, particularly in
domains yet in their infancy but are promising research avenues, such as in the mod-
elling of autonomous vehicle behaviour (Bellemare et al., 2013; Cai et al., 2019; Koutn’k
et al., 2013; Wang et al., 2018). As evidenced in this thesis, RL has been widely
used in developing complex decision-making agents and applied to various problem
domains. Many academic articles have explored the use of RL in ABMs, and have
demonstrated its effectiveness in solving complex decision-making tasks. For example,
Wang & de Silva (2008) used RL to develop a multi-agent system for coordinating the
behaviour of a group of robots. They found that the RL-based approaches outper-
formed other decision-making algorithms, such as evolutionary algorithms, in terms of
both convergence speed and final performance. A similar claim was made earlier in
sub-section 2.2. Conversely, many academic articles do not use RL in their ABMs.
These articles utilise other decision-making algorithms, including but not limited to
decision trees, Markov decision processes (MDPs) or condition-action rules, which can
be effective in certain situations.

It is essential to define the limitations of employing RL as a decision-making frame-
work within ABMs. This investigation must extend across different disciplines to pin-

point issues that might arise within the scope of this thesis. A recurring theme in the
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literature is the application of RL to social dilemmas. For instance, Leibo et al. (2017a)
observed that while agents could eventually co-operate through RL, the learning process
was notably demanded extensive interactions. A significant limitation identified was the
absence of inter-agent communication, which reduced the range of complex behaviours
that could be represented. Similarly, Lowe et al. (2017) and Foerster et al. (2017) re-
ported that RL could induce sub-optimal behaviours, especially in environments where
agent goals clashed or where the environment was excessively unpredictable. The lack
of communication capabilities among agents was also noted here as a constraint that
restricted the depth of simulated behaviours.

This limitation, however, may depend on the specific applications being examined.
With comprehensive planning and a detailed conceptualisation phase, the variability of
agent behaviours can be more effectively managed. There are instances where RL has
yielded encouraging outcomes, particularly when agents have communication abilities.
For example, the study by Foerster et al. (2016) represented a considerable advance-
ment in the field of RL and multi-agent systems by demonstrating that deep multi-agent
reinforcement learning (MARL) can facilitate emergent communication among agents.
This allowed agents to autonomously tackle complex cooperative tasks that would be
difficult without communication. Similarly, Su et al. (2017) identified that communi-
cation could lead to enhanced coordination amongst agents, thereby adjusting their
collective performance on collaborative endeavours. Furthermore, Wang et al. (2020)
found that inter-agent communication in a traffic domain resulted in improved naviga-
tional awareness and collision avoidance. These studies demonstrate that communica-
tive agents can achieve coordination, problem-solving, and operational efficiency, which
are recognised as ”encouraging outcomes” within the RL literature.

A further limitation is encountered when considering the integration of social and
cultural factors within the model, which hold pivotal importance in domains such as
social networking and policy-making. The following study Zhang et al. (2019), observed
that RL can facilitate agents’ evolution in decision-making, allowing them to respond
more appropriately to dynamic changes in the environment over time. However, the
lack of social and cultural factors in the model could potentially constrain their findings
to a subset of domains. To mitigate this limitation, it is vital to incorporate the RL
objective function with a robust theoretical underpinning and empirical data. Such

an approach could ensure that decisions made by the agents not only reflect optimal
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strategies within the simulated environment but also echo the complexity of societal
norms and cultural dynamics, thereby enhancing the validity and applicability of the
RL approach. This denotes accurate decisions as those which are not only optimal
within the defined parameters of the RL environment but also coincide with real-world
social and cultural behavioural patterns.

In the field of autonomous driving, Bojarski et al. (2016) identified that RL could
result in less-than-ideal behaviours in highly dynamic settings or when agents had
limited environmental information. Furthermore, their model did not account for the
actions of other drivers, which could diminish the realism of the simulated driving
behaviour.

Now that the limitations of RL applied to ABMs as decision-making frameworks
have been described, it is worth exploring the strengths of applied examples that have
enabled researchers to test new theories and make discoveries. An area of research that
RL has been widely adopted over other decision-making frameworks is cooperative and
competitive problem-solving. Lowes et al. (2017) presented a multi-agent deep RL
approach for complex cooperative and competitive environments. They demonstrate
that deep RL approaches can effectively learn complex behaviours in various settings,
including resource gathering, predator-prey, and traffic control. They also show that
their approach can learn to adapt to changing environments and exhibit emergent
behaviours that are not explicitly programmed. Similar findings were also documented
in (Mataric, 2002; Singh et al., 2004). Every article read and analysed for this review
makes similar points regarding the limitations and strengths of RL applied to ABMs.
Based on the literature reviewed thus far, the strengths of RL can be summarized as

follows (Busoniu et al., 2010; Lapan, 2018; Lowes et al., 2017; Sutton & Barto, 2018b):

e RL can learn complex behaviours that vary across environments.

RL can adapt an agent’s behaviours to deal with new environments and chal-

lenges.

e RL does not require explicit behaviours hard-coded.

RL agents can learn how to achieve long-term goals.

RL agents can learn from one another by interacting and adjusting their be-

haviours accordingly.
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The limitations can also be summarised as follows (Kober & Peters, 2013; Lewis
et al., 2020; Sutton & Barto, 2018b; Taylor et al., 2009):

e RL algorithms often require many interactions with the environment to learn

optimal behaviours.
e RL algorithms are computationally expensive to run.

e RL algorithms can have difficulty determining which actions are responsible for
specific outcomes, especially when there are long delays between the actions and

outcomes. This is also known as the ”credit assignment problem”.

e RL algorithms may not be able to generalise their behaviour, making them less

suitable in more abstract settings.

e RL algorithms perform sub-optimally if the model stochasticity or complexity is

great.

Overall, both RL and non-RL approaches have their relative strengths and weak-
nesses, and the choice of the algorithm may depend on the specific problem at hand. In
the following sub-section, the commonly used decision-making frameworks in ABMs are

described with their relative strengths and weaknesses compared to the RL approach.

2.6 Unity and ml-agents for Reinforcement Learning Ap-

plications

The selection of Unity in conjunction with ml-agents for the development of reinforce-
ment learning (RL) based agent-based models (ABMs) in this thesis is predicated on
several strengths that this pairing provides over traditional RL libraries such as Keras
(Ketkar & Ketkar, 2017), TensorFlow Agents (Developers, 2023), or PyTorch’s (Paszke
et al., 2019) RL implementations. Unity offers a highly detailed development environ-
ment with an emphasis on 3D simulation, which is useful given the spatial and visual
demands of ABMs, particularly when complex interactions and environmental nuances
are essential for accurate model representation.

Unity’s strength lies in its robust graphical engine, which allows for the rendering

of agent environments, offering an intuitive visual depiction that is important for the

28



2.6 Unity and ml-agents for Reinforcement Learning Applications

observation and analysis of emergent complex behaviours in ABMs. This level of visual
and environmental details is not as readily achievable with other RL libraries that
typically do not possess such advanced graphical capabilities.

Integrating Unity with ml-agents, which is a project by Unity Technologies ded-
icated to applying machine learning to Unity, enhances the platform’s suitability for
computational social science research. ml-agents provides a framework that allows
agents within Unity to learn using deep RL. This facilitates the modelling of a wide
range of behaviours, from simple locomotion to complex decision-making processes,
which are fundamental for the simulation of social, economic, and ecological systems
to name but a few. The integration of ml-agents into Unity transforms the game
engine into a powerful research tool for RL applications, enabling the simulation of
rich, multi-agent ecosystems with dynamic environments. Furthermore, the ml-agents
toolkit is explicitly designed to harness Unity’s engine, simplifying the process of cre-
ating learning scenarios. The toolkit offers a suite of learning algorithms, including
Proximal Policy Optimisation (PPO), which has been employed in this research. The
use of PPO, a policy gradient method for RL, is advantageous due to its stability and
robustness, especially in the context of environments with high-dimensional observation
spaces, as often found in ABMs, this is also described further in Chapters 3, 4 and 5.

Compared to other RL libraries, ml-agents in Unity provides a user-friendly interface
for defining agent behaviour and training configurations. This not only streamlines the
model development process but also makes it more accessible to researchers who may
not have extensive backgrounds in machine learning or computer programming.

In contrast, while libraries like Keras (Ketkar & Ketkar, 2017) and TensorFlow
Agents (Developers, 2023) are powerful and flexible, they often require more elaborate
setup and integration to produce a comparable level of environmental sophistication
compared to ml-agents and Unity. Moreover, these libraries are more focused on the
algorithmic aspects of RL rather than the comprehensive development of simulations.
This makes Unity and ml-agents a more efficient choice for research that benefits from
a visually rich and interactive modelling approach, aligning with the thesis’s objective
to introduce a novel modelling method to the computational social science community.

In conclusion, the functionality of Unity and ml-agents is not just a convenience
of compatibility, it represents a strategic choice to leverage a platform suited to the

demands of spatially and visually driven ABMs. This compatibility, coupled with the
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advanced learning capabilities provided by ml-agents, justifies their selection over other

RL libraries for the research presented in this thesis.

2.7 Comparative investigation of traditional decision-making

frameworks in agent-based models

ABMs consist of several interlinked components, such as the agent and environment.
However, one of the critical elements of ABMs is the decision-making framework that
guides the agents’ actions. One such framework is the beliefs, desires, and intentions
(BDI) model (Rao & Georgeff, 1995), which proposes that agents make decisions based
on their beliefs about the world, their desires or goals, and their intentions or plans
to achieve those goals. The BDI model has been widely used in ABMs and applied to
various domains, including organisational behaviour, artificial intelligence, and game
theory (Wooldridge, 2002).

However, as depicted earlier in the review, the BDI model is not the only decision-
making framework used in ABMs. Many other frameworks have been proposed and
applied in this field, including the rational choice model, the behavioural economics
model (Kahneman & Tversky, 2013; Tesfatsion, 2006), and the evolutionary game
theory (Yu et al., 2008) model. In this research, we aim to investigate and compare
traditional decision-making frameworks used in ABMs, focusing on the BDI model and
other prominent frameworks. We will review the literature on these frameworks and
explore their strengths and limitations.

A broad search across multiple disciplines was undertaken using academic databases
such as the Web of Science to identify literature investigating these decision-making
frameworks. The search criteria: ”(TOPIC) agent based model” AND ”(TOPIC) deci-
sion making framework” returned over 1,971 results. Most of these results were articles
that did not describe a decision-making framework per se. However, they described the
entire agent-based model as a framework to achieve a particular task such as enterprise
management (Miao & Xu, 2007), or the article described a review of agent-based models
in a particular research area such as land use models (Matthews et al., 2007). If instead,
we search these terms in the title rather than the topic category, we only receive one
result. One reason for the difficulty of identifying papers that propose approaches to

modelling decision-making in agent-based models could be that the multi-disciplinary
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use of agent-based models makes it challenging to search specific components of mod-
els. Therefore, the widely used and accepted decision-making frameworks are identified
through articles that have surveyed these approaches, such as (Balke & Gilbert, 2014;
DeAngelis & Diaz, 2019; Frances et al., 2015).

In Tables 2.1 to 2.5 the commonly used decision-making frameworks across vari-
ous disciplines that utilise ABM have been reviewed with references to some articles
that describe these approaches. These decision-making frameworks are split into cat-
egories as described by (Balke & Gilbert, 2014), these are Normative, Cognitive and
Psychologically and Neurologically inspired frameworks.

Normative decision-making frameworks (Mahmoud et al., 2012; von Neumann &
Morgenstern, 1947) are based on the idea that agents should make choices that are
in line with certain values or principles, such as maximising utility or minimising risk
and effort. These frameworks often involve concepts from economics, such as expected
utility theory (where agents weigh the potential outcomes of different options accord-
ing to their probabilities and the utility of those outcomes) (Harrison, 1994; Mongin,
1998), to analyse and predict how agents will make decisions. Under this framework,
an agent’s decision is determined by the option that maximises their expected utility,
which is calculated as the sum of the utilities of each possible outcome multiplied by
the probability of that outcome occurring. The Schelling segregation model and the
Prisoner’s Dilemma fit within this category, as they both utilise rational choice theory
to predict agent behaviour. The Schelling model, for instance, demonstrates how indi-
vidual agents follow simple, utility-maximising rules that can lead to emergent patterns
such as segregation, despite no explicit intention to segregate (Schelling, 1971). Simi-
larly, the Prisoner’s Dilemma explores the outcomes of utility-maximising decisions in a
game-theoretic context (Axelrod, 1980). An example framework described in Table 2.2
is the Deliberative Normative framework, which sometimes utilises decision trees to
analyse the trade-offs between different options. It is worth exploring the broad limita-
tions of the normative approach. One example is that they may not accurately reflect
the decision-making process of real agents, who may be influenced by various factors
that are not accounted for in the models—for example, behaviours influenced by emo-
tions and biases (Kahneman, 2003). Similarly, the oversimplification of decisions may
not adequately capture the complexities of the real world. One common assumption is

that the agents are perfectly rational or have complete information (Simon, 1955).
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2.7 Comparative investigation of traditional decision-making frameworks
in agent-based models

Cognitive decision-making frameworks focus on how agents process information and
make choices based on their mental representations and processes. These frameworks
often draw on theories and models from psychology and cognitive sciences to under-
stand how agents perceive, store and retrieve information and how they use it to make
decisions. The PECS and CONSUMAT frameworks in Tables 2.3 and 2.4, respectively,
fall under the cognitive category. According to (Balke & Gilbert, 2014), cognitive mod-
els are split into two main categories: those based on the assumption of rationality and
those based on the assumption of bounded rationality. Rationality-based models (Luce
& Raiffa, 1989; Simon, 1955) assume agents make decisions by carefully considering
all the available options and choosing the one that maximises their utility or satisfac-
tion. These models are based on the assumption that agents have complete information
about the options available and are perfectly rational (similar to normative frameworks
discussed earlier).

Conversely, bounded rationality (Simon, 1955, 1957) considers the limitations of
agents and the complexity of real-world decision-making situations. These models pro-
pose that agents use mental shortcuts or heuristics to make decisions when faced with
complex or uncertain situations and may also be influenced by cognitive and emo-
tional biases. The El Farol Bar model by Brian Arthur exemplifies this approach, as
it models agents using heuristics to make decisions under bounded rationality (Arthur,
1994). Unlike the purely rational agents in normative models, agents in the El Farol
Bar model have limited information and cognitive capabilities, leading them to use sim-
plifying strategies to navigate decision-making scenarios. Some limitations are worth
describing, such as the limited scope of cognitive approaches (Johnson & Goldstein,
2003), as they only focus on specific aspects of the decision-making process. They may
not adequately capture the full range of factors influencing agents’ decisions, such as
communication with others (Payne et al., 1988). Moreover, the most common limita-
tion of most decision-making frameworks (including cognitive ones) is computational
complexity, where the simulation requires a substantial amount of data or experience
(training), which requires a significant amount of computational resources to complete
successfully.

Psychologically and neurologically inspired agent-based decision-making frameworks
build on the cognitive approach by incorporating insights from neuroscience and psy-

chology into the modelling of decision-making. These frameworks may use neuroimag-
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ing techniques, such as functional magnetic response imaging (fMRI), to study how
the brain processes information and makes decisions and may also incorporate psycho-
logical theories of motivation, emotion and decision-making biases. The frameworks
MHP (Card et al., 1983), CLARION (Sun, 2006) and ACT-R/PM (Anderson, 2013) in
Tables 2.4 and 2.5 are all cognitive but also neurologically and psychologically inspired.
According to (Balke & Gilbert, 2014), these models of decision-making seek to under-
stand the neural basis of decision-making by studying the brain activity of agents as
they make decisions. These models often incorporate fMRI or electroencephalography
(EEG) techniques to measure brain activity and can provide insights into the neural
processes underlying decision-making that scientists try to incorporate into computa-
tional agents. The psychological aspect incorporates emotions, motivations and biases.
Modelling the full complexity of human psychology and neuroscience can be challeng-
ing, and it may not be feasible to include all relevant factors in an ABM. This can
lead to a simplified, incomplete representation of decision-making processes (Gilbert &
Troitzsch, 2005).

The strengths and weaknesses of RL have been discussed previously in sub-section 2.3.
However, comparing these strengths and weaknesses in the context of other decision-
making frameworks commonly used by researchers can set the scene for the models
described later in the thesis. The BDI decision-making framework models an agent’s
beliefs, desires and intentions as separate mental states and assumes agents make de-
cisions by reasoning about these mental states. RL, however, models decision-making
as a learning process to maximise a reward signal through trial and error. One critical
difference between the two is the way they model an agent’s mental state. RL does not
explicitly model mental states but instead learns a policy that maps states to actions
through local experience, given this ’black box’ configuration, it can be hard to interpret
behaviours, compared to BDI. Another difference is how RL and BDI handle uncer-
tainty. BDI models decision-making under uncertainty using probabilistic reasoning,
while RL handles uncertainty through exploration and exploitation. RL algorithms can
learn directly from raw sensory input, allowing them to learn complex tasks without
requiring explicit decision rules. BDI models may require explicit modelling of beliefs,
desires and intentions, which can sometimes be complex depending on domain and
more likely to contain irregularities. RL algorithms can make decisions in real-time,

making them well-suited for tasks that require fast decision-making. BDI models may
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take longer to make decisions as they rely on probabilistic reasoning and may need to
consider multiple mental states. Most importantly, RL algorithms can learn efficiently
from a few examples, making them well-suited for tasks where data is scarce. BDI
models may require more data to make accurate decisions (Russel & Norvig, 2012;
Wooldridge, 2009).

Normative agent frameworks like BDI also differ from RL in how it makes deci-
sions. Here, agents make decisions based on constrained moral or ethical principles.
The study by (Asai & Tkeda, 2008) compared RL to a normative decision-making frame-
work called multi-attribute decision making (MADM) in the context of resource allo-
cation in a manufacturing system. The study found that RL outperformed MADM in
terms of efficiency and accuracy, as RL could more effectively balance the trade-offs
between different objectives. On the other hand, the Model Human Processor (MHP)
framework is a good comparator framework to RL as both are cognitive and have been
used to simulate human-like behaviours and intuition. The MHP framework is often
used to simulate and study human-like decision-making in various contexts, including
human-computer interaction. It has been applied in various domains, including psy-
chology, computer science, and engineering, and has been influential in developing Al
and decision-support systems (Card et al., 1983). One main strength of RL over MHP
is that RL allows agents to learn from their own experiences and interactions with the
environment rather than relying on predefined rules or cognitive models. This allows
RL to adapt to changing environments. Additionally, RL is more efficient than MHP
models in terms of computational complexity. The issue with MHP is that it has many
interlinked layers that pass information, such as the perceptual, cognitive and motor
processors (Balke & Gilbert, 2014; Card et al., 1983). Reinforcement learning has been
applied to a wide range of problems in agent-based and multi-agent systems, leading to
new insights and advances in fields such as economics, computer science and robotics,
to name a few. Its roots date back to the 1940s, meaning it has been founded and re-
searched long before some decision-making frameworks described earlier. At this stage
in the review, there may be value in unpicking some of the critical milestones of RL,
which can form the basis for the following section, where we describe RL within the
context of the papers presented in this thesis.

Traditional algorithms, such as Q-learning and SARSA (Sutton & Barto, 2018b),

are effective at learning optimal policies even when the data is incomplete or noisy. In
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1989, Watkins (1989) introduced the Q-learning algorithm, one of the most commonly
used RL algorithms for learning optimal policies in Markov Decision Processes (MDPs).
The Q-learning approach is an early example of model-free algorithms where the RL
agent does not require a model of the environment at initialisation. It can purely learn
directly from experience without needing prior knowledge of the transition probabilities
or rewards in the environment.

Moreover, Q-learning is an off-policy algorithm which means it can learn from data
generated by policies that are different from the optimal policy. It can learn from past
experiences (an analogy of this could be exploring several branches of a decision tree,
not only the branch with the optimal policy). An MDP is a framework used to describe
a reinforcement learning problem. It consists of a set of states, actions, a transition
function (probability of transitioning from one state to another based on the action
taken), a reward function (the utility the agent receives for taking a particular action
in a given state) and a discount factor (trade-off the importance of immediate rewards
versus future rewards) (Sutton & Barto, 2018b). Reinforcement learning research leapt
into the video game domain, where Justesen et al. (2017) presented a comprehensive
review of RL applications in the following classic titles: Breakout, Zelda, Vizdoom,
TORICS, Minecraft and Starcraft to name but a few. The video game Roller Champi-
ons by Ubisoft was also played by an RL agent (Iskander et al., 2020).

Furthermore, they demonstrated the power of this collaboration through the learn-
ing of complex Atari video game environments where deep-RL agents outperformed
human players. Neural networks are used as function approximators to learn value
functions or policies that map states or state-action pairs to expected returns or prob-
abilities of taking a particular action. The Neural network is trained by presenting
it with examples of state-action pairs and their corresponding returns or probabilities
and adjusting the network’s parameters to minimise the prediction error. The function
approximators can take the form of linear models, decision trees, and neural networks.
Neural networks are a particularly powerful function approximator because they can
learn complex, non-linear relationships between inputs and outputs. Lastly, the pre-
diction error is the difference between the predicted output of a model and the true
output. Also in 2013, Mnih et al. (2013) presented the first application of deep RL
to complex control tasks, demonstrating the ability of RL algorithms to learn complex

behaviours from raw sensory inputs.

40



2.8 Agent-based models in environmental criminology and housing market
research

Overall, the main difference between these approaches is the level of abstraction
and the focus of the analysis. Normative frameworks are more abstract and focus on
the idealised behaviour of agents. In contrast, cognitive, psychologically, and neuro-
logically inspired frameworks are more grounded in empirical observations and seek to
understand decision-making mechanisms. The following sub-section analyses articles
that have utilised ABM to investigate housing markets and environmental criminology.
It is worth noting that these topics will be reviewed in more detail in Chapters 4 and 5

for each article presented in this thesis.

2.8 Agent-based models in environmental criminology and

housing market research

This sub-section discusses the application of agent-based models (ABMs) in two dis-
tinct research areas: environmental criminology and housing markets. The review will
focus on the decision-making approaches researchers adopt in their ABMs. Subsequent
chapters will delve into the benefits and innovative aspects of using reinforcement learn-
ing (RL) in these domains and its advantages over pre-existing frameworks employed

by researchers.

2.8.1 Agent-based models in environmental criminology

Agent-based modelling is a relatively new approach in the field of criminology, but it
has already been used to study a wide range of topics related to offender behaviour.
These models have been used to investigate a wide range of questions related to the
relationship between the built environment and crime. Some examples of research ques-
tions that have been addressed using agent-based models in environmental criminology
include: how do individual behaviours and decision-making processes contribute to
patterns of crime and disorder in a particular neighbourhood or community? (Bosse &
Gerritsen, 2008; Bosse et al., 2007; Caskey et al., 2018; Groff, 2007). How do different
environmental features, such as the layout of streets, the presence of surveillance, or the
availability of lighting, affect crime and disorder? (Birks & Davies, 2017; Malleson &
Andresen, 2016; Malleson et al., 2010). How do the actions of individual agents, such as
offenders or law enforcement officers, influence the overall level of crime and disorder in

a particular area? (Brantingham & Brantingham, 1995; Malleson & Andresen, 2016).
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An early example of agent-based modelling in crime was developed to understand
and empirically test social phenomena that manifest across both space and time (Groff,
2006). The paper proposes a methodological innovation, the use of simulation models as
a tool for theory evaluation. In this approach, theoretical assumptions are transformed
into operational components within a simulation model. The model is then used to
conduct a variety of experiments that mimic possible real-world scenarios. The resulting
data from these simulations are then analysed to assess whether the outcomes are
consistent with the predictions made by the underlying theory.

The model presented in (Bosse & Gerritsen, 2008) investigated the emergence of
”hot spots” or areas with high crime levels. The model incorporated the concept of rep-
utation in the analysis of crime and displacement and utilised predicate logic languages
such as TTL and LEADSTO to combine qualitative and quantitative concepts into
the model. The results show a repeating pattern of displacement, in which passersby
move away from offenders, offenders follow passersby and guardians follow offenders.
According to the authors, this pattern is consistent with displacement trends described
in criminological literature.

While the article by (Caskey et al., 2018) also simulates similar dynamics to examine
the effects of offender behaviour, targets, and guardians on the displacement of crime
hot spots. However, (Caskey et al., 2018) utilised a more advanced decision-making
framework called belief learning, which allowed agents to learn and adapt to the actions
of other agents by observing them rather than by receiving rewards which are common
in RL. The article mentions the need to consider more realistic parameter settings in
future works and the scaling issues that may arise when studying large populations.

(Birks et al., 2012) and (Groff, 2007) both developed ABMs of crime (residen-
tial burglary and street robbery, respectively) that employed condition-action rules
(production-rule system) and included both targets and offender agents in the envi-
ronment. The ABM in (Birks et al., 2012) simulates the behaviour of both offenders
and victims, with the offender behaviour being specified by micro-level mechanisms
drawn from theories of environmental criminology, including the routine activity ap-
proach (Cohen & Felson, 1979), the crime pattern theory (Brantingham & Branting-
ham, 2019), and the rational choice perspective (Clarke, 1980). The study’s results
suggest that the three mechanisms have differential impacts on the macroscopic regu-

larities studied. The routine activity and awareness space mechanisms have the most
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significant impacts, followed by rational choice. The paper concludes that all three
mechanisms interact to varying degrees to produce the observed crime patterns.

In comparison, the (Groff, 2007) model conceptualises the routine activity theory
and rational choice perspective to simulate the complex and dynamic interactions of
individuals that produce observed crime patterns. Both models used a decision-making
framework that assumed equal weighting for perceived utility and local knowledge.
However, (Birks et al., 2012, p. 244) acknowledged that this assumption was ”unlikely
to reflect real-world offending”. In the case of (Groff, 2007), implementing activity
spaces for civilians to enhance agents’ behaviours and awareness levels is crucial.

(Malleson et al., 2012) developed an ABM of residential burglary to introduce a
novel framework for enhancing both human and environmental factors in criminolog-
ical ABMs. They employed the Physical conditions, Emotional states, Cognitive ca-
pabilities and Social status (PECS) framework (Urban & Schmidt, 2001). The paper
argues that current approaches to agent-based crime modelling either include only sim-
ple behavioural frameworks that allow for limited dynamic behaviour or no framework
at all. The results show that the model can replicate the spatial and temporal pat-
terns of residential burglaries in Leeds, United Kingdom and produce results consistent
with criminological theories. However, the authors acknowledged the need to increase
the complexity of agents to allow them to correctly perceive the environment and the
importance of including the decision not to offend as a viable option to improve the
model’s accuracy in replicating offender behaviour.

In contrast, (Zhu & Wang, 2021) proposes a hybrid model combining cellular au-
tomata and ABM to more accurately represent the complex dynamics of crime events
in Baton Rouge, United States. The model is validated by comparing predicted and
reported crime hot spots. The authors find that the model performs well and sup-
ports the least-effort principle of criminal behaviour, in which offenders choose suitable
targets within a limited time and with less intervention at places already known for
high crime levels. However, the model performs poorly when motivated offenders do
not consider the reputation of neighbourhoods. The authors suggest that the model
could be improved by including more realistic offender decision-making processes and
incorporating more detailed spatial data.

In summary, the articles used various ABM frameworks and decision-making ap-

proaches to study the effects of various criminological theories on crime dynamics and
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the impact of space on crime. However, there is an appetite to improve the complexity

and realism of the models in order to replicate offender behaviour more accurately.

2.8.2 Agent-based models of housing markets

Agent-based models (ABMs) provide a lens through which the interplay of individual
decisions and market dynamics in housing can be examined. These models encapsulate
the decision-making processes of various market participants such as buyers, sellers,
landlords, and tenants, allowing for an exploration of the emergent phenomena such as
pricing patterns and urban land use changes (Axtell, 2014; Filatova et al., 2009; Gilbert
& Troitzsch, 2005).

A seminal work in this area by Filatova et al. (2009) pioneered the study of agents’
pricing behaviour within urban land markets. Their ABM was instrumental in demon-
strating how micro-level interactions could lead to macro-level patterns in land prices
and urban development, thus providing critical insights into the spatial-temporal dy-
namics of urban land use change. This work laid the groundwork for subsequent studies
that delve into the complexity of housing markets and how they are shaped by the be-
haviours and interactions of individual agents.

ABMs offer the ability to scrutinise the impact of market forces, like supply and
demand, on housing prices and the volume of transactions. Researchers employ these
models to simulate scenarios such as the effect of new housing construction on market
equilibrium or the influence of varying buyer or seller archetypes on market dynamics
(Ge, 2014, 2017; Zhuge & Shao, 2018). Bagheri-Jebelli et al. (2020) extended the
application of ABMs to the phenomenon of urban gentrification, capturing the intricate
decision-making processes of diverse household types and the resultant socioeconomic
transformations within urban neighbourhoods.

The flexibility of ABMs allows for the exploration of the implications of behavioural
assumptions. For instance, He et al. (2018b) investigated the Chinese housing market
through an ABM, uncovering the model’s sensitivity to variations in agent decision-
making assumptions. Such sensitivity analysis highlights the criticality of the founda-
tional hypotheses in ABMs and their influence on model outcomes.

However, ABMs are not without their challenges in representing housing markets.
The accuracy of these models is contingent upon the behavioural assumptions they em-

bed, which might not always align with real-world behaviours. Moreover, the computa-
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tional demands of ABMs can be substantial, often restricting the scope of simulations
that can be feasibly executed (Tian & Qiao, 2014).

Despite these challenges, ABMs have consistently demonstrated their value in elu-
cidating the complexities of housing markets and other intricate systems. Axtell (2014)
provided evidence of this by simulating the precursors to housing bubbles in the US
market, while Haase et al. (2010) successfully captured the peculiarities of the hous-
ing market in Leipzig, Germany. Collectively, these studies underscore the potential
of ABMs to serve as powerful tools in understanding and forecasting the dynamics of
housing markets.

In Chapter 5 a more comprehensive review of housing market applications will be

disseminated.

2.9 Summary

This chapter examines emergent complex behaviours and their applications, which arise
from interactions between organisms and their environments, with genetic factors and
learning processes playing a role. Genetic Algorithm (GA) and Reinforcement Learning
(RL) are proposed as methodological solutions for behavioural decision-making and the
emergence of complex adaptive behaviours. The chapter compares RL and GAs and
how they are used in optimisation problems, analyses the limitations and implications
of agent-based RL models for simulating complex behaviours, explores the use of RL
in Agent-Based Models (ABMs) to simulate complex behaviours, describes traditional
decision-making frameworks in ABMs, and finally, discusses the application of ABMs
in two distinct research areas: environmental criminology and housing markets. The
chapter concludes with a focus on the benefits and innovative aspects of using RL in
these domains and its advantages over pre-existing frameworks employed by researchers.

The following three chapters 3, 4 and 5 describe the results of three different studies
conducted using the primary methodologies, namely RL and ABM. Due to the variation
in the domains by which the models explore, i.e., predator-prey interactions (ecology),
crime and housing markets respectively, the structure of the chapters captures this
variation. However, commonalities between the chapters can be found, for example,
each chapter includes an introduction, literature review, model description, results and
discussion and conclusion. All three chapters were written in a self-contained format,

with references to the main thesis aim and objectives, this way, readers can pick and
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choose the order in which they read the chapters.

The investigation undertaken in chapter 3 had several objectives, the first was to
develop an effective development pipeline whereby RL and ABM can be integrated in an
efficient and effective way, once this was achieved, the following subsequent applications
in chapters 4 and 5 would be better placed to be investigated efficiently. The second
objective was to identify a suitable RL algorithm, as these algorithms develop rapidly,
with a large open-source community, identifying the perfect algorithm was not possi-
ble. Instead, the most prominent algorithms (highly-cited publications) were weighed
against their strengths and weaknesses and suitability to modelling the problem(s).
This and a mixture of trial and error led to the identification of the most suitable al-
gorithm at the time of writing this thesis. The third objective was to prove that RL
can learn emergent complex behaviours and adapt to novel situations (learning about
and reacting to unbeknown stimuli), to achieve this, a simple predator-prey ABM is
developed and the RL-powered prey agents are trained on several environmental con-
figurations. The chapter conveys the results using both qualitative and quantitative
methods, once these were assessed and identified as promising, the subsequent case

studies in chapters 4 and 5 are ready to be conducted and investigated.
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Chapter 3

Learning Complex Spatial
Behaviours in ABM: An
Experimental Observational

Study

Capturing and simulating complex adaptive behaviours within spatially explicit individual-
based models remains an ongoing challenge for researchers. While an ever-increasing
abundance of real-world behavioural data are collected, few approaches exist that can
quantify and formalise key individual behaviours and how they change over space and
time. Consequently, commonly used agent decision-making frameworks, such as event-
condition-action rules, are often required to focus only on a narrow range of behaviours.
We argue that these behavioural frameworks often do not reflect real-world scenarios
and fail to capture how behaviours can develop in response to stimuli. There has been
an increased interest in Machine Learning methods and their potential to simulate
complex adaptive behaviours in recent years. One method that is beginning to gain
traction in this area is Reinforcement Learning (RL). This chapter explores how RL can
be applied to create emergent agent behaviours using a simple predator-prey Agent-
Based Model (ABM). Running a series of simulations, we demonstrate that agents
trained using the Proximal Policy Optimisation (PPO) algorithm behave in ways that
exhibit properties of real-world complex adaptive behaviours, such as hiding, evading

and foraging.
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3.1 Introduction

Prior to delving into a formal definition of “complex adaptive behaviour”, it is crucial
to establish a foundation upon which such a concept can be understood. Chapter 2
provides a comprehensive literature review that lays the groundwork for this, examining
the theories that describe how agents interact with and adapt to their environments. In
understanding the dynamics of complex systems, particularly social systems, it becomes
apparent that they are not static. They evolve over time as a result of the interactions
and decisions made by individuals within them. The literature hypothesises that these
systems are characterised by a network of individuals whose behaviours are interlinked,
leading to emergent properties that define the system as a whole.

O’sullivan et al. (2012) offers valuable insights into this phenomenon, particularly
discussing how neighbourhood-level changes are indicative of underlying social pro-
cesses shaped by many individual decisions. Building on this, Batty (2013) further
explains that these social systems are networks of individuals, with information contin-
uously transmitted between them, thereby driving the evolution of the system. These
perspectives underscore the necessity for any simulation of individual decision-making
to capture the nuances of these social processes at the individual level. It is within
this context that we can now define “complex adaptive behaviour” as the capacity
of agents to utilise their knowledge about their environment and their interactions to
make decisions that enable them to adapt to new, evolving situations. This definition
is pivotal to our understanding of the processes that shape complex systems, providing
a lens through which we can examine the adaptive phenomena that occur as a result
of individual actions and interactions.

In this research, we apply this definition to our agent-based models, investigating
how agents adapt their decision-making processes over time and space, and how these
adaptations contribute to the larger dynamics observed within the system. Under-
standing these dynamics is particularly applicable in an era where data availability is
increasing.

The recent increase in data from varied sources such as footfall cameras, pollution
monitors, and mobile navigation systems has enhanced our insights into the behaviours
and movements of individuals (Benenson et al., 2008; Dawson et al., 2011; Luo et al.,
2008). Despite this wealth of data, embedding individual-level behaviours within Agent-
Based Models (ABMs) presents a considerable challenge. To address this, scholars
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have sought to develop frameworks to better capture behaviour within ABMs (Balke
& Gilbert, 2014; DeAngelis & Diaz, 2019; Groeneveld et al., 2017).

ABMs incorporate decision-making processes (Crooks & Hailegiorgis, 2014; Epstein,
1999; Kangur et al., 2017; Malleson et al., 2013; Olmez et al., 2021a), yet the frame-
works underpinning these models vary significantly in their purpose and intricacy. A
frequent criticism of traditional ABMs is the reliance on predetermined decision rules,
often rooted in historical data analysis, which inevitably limits the behavioural range
of the agents to specific contexts and time frames. DeAngelis & Diaz (2019) notes
that decision-making is complex, involving numerous factors such as environmental
interactions, rewards and penalties, and the agent’s internal state and knowledge.

Reinforcement Learning (RL) represents an evolution in modelling complex decision-
making, offering multiple levels of sophistication including cognitive and social aspects
(Balke & Gilbert, 2014). In contrast to existing decision-making frameworks in ABMs,
this research explores how agents can learn complex adaptive behaviours that evolve
across space and time through RL, notably Proximal Policy Optimisation (PPO)—an
advanced RL algorithm (Schulman et al., 2017).

The aim of RL algorithms is to map situations to actions effectively, learning
through trial-and-error reinforced by a reward function (Sutton & Barto, 2018b; Wooldridge,
2020). RL’s potential for exploring complex behaviours is well-documented, with appli-
cations ranging from adaptive drone behaviour (Lopes et al., 2018) to the evolution of
segregation dynamics (Sert et al., 2020) and air traffic control management (Spatharis
et al., 2019).

The objective of this research is to demonstrate the usability of RL in developing
complex adaptive behaviours in an illustrative agent-based model and subsequently, to
interpret these emerging behaviours qualitatively and quantitatively. To achieve this
objective, two experiments are devised, where (1) looks at the impact training length
has on task efficiency, answering the question: does learning for a longer duration
lead to behaviours with better outcomes than those trained for a shorter period? In
experiment (2), three model scenarios are devised, these are: prey agents are trained
without the predator, and the predator is not present post-training (Scenario 1), prey
agents are trained with the predator, and predator is present post-training (Scenario 2);
lastly, the prey agents are trained without the predator, while the predator is introduced

post-training (Scenario 3). The question to be answered is: how do agents adapt to the
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presence of an unknown stimulus? Does this have an adverse effect on task efficiency?
Given the two experiments, we aim to compile outputs from these experiment scenarios
and (1) assess the quantitative outputs by comparing task efficiency across the different
experiment scenarios. (2) analyse the individual behaviours from recorded simulations
to interpret complex adaptive behaviours.

The research objective is achieved by: developing a simple ABM containing two
types of agents (prey and predator) in the Unity software platform using the ml-agents
software package (Juliani et al., 2018). Training this model under several experimen-
tal conditions using PPO (Schulman et al., 2017), and subsequently examining the
outcomes of the trained models both quantitatively and qualitatively. Finally, a frame-
work is devised to record, analyse and interpret behaviours agents portray during the
simulation runs.

In summary, this research seeks to contribute to the field of ABMs by applying RL
to enhance the modelling of complex adaptive behaviours, offering insights that could
be pivotal for future, more realistic behavioural simulations.

In section 3.2, the PPO RL algorithm is described, including how it works, its past
uses, its features and relative strengths and weaknesses. Section 3.3 outlines the ABM,
the types of agents, environment, rewards and penalties that agents yield. Section 3.4
provides a comprehensive description of the steps taken to verify the behaviours of the
experiments. Section 3.5 defines the steps taken during training of the RL model; this
includes the parameters used for training, formal definition of these parameters and
subsequently, the results from the training process. Section 3.6 details the simulation
results; these results are quantitatively analysed using various data science techniques.
The individual behaviours from these experiments are qualitatively described; a sys-
tematic approach was developed to ascribe visually inspected behaviours to determine
complex adaptive behaviours. Section 3.7 section, discusses the research outcome, what
was learnt from the research and how the research would be useful in future applications

conducted by ABM researchers.

3.2 Literature review

This section describes the PPO RL algorithm (Juliani et al., 2018; Schulman et al.,
2017), including previous studies that have utilised and compared the algorithm. The

algorithm is illustrated by outlining the main components, including the underlying
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formulae and pseudocode. It then reviews the Unity platform and ml-agents applica-

tions.

3.2.1 Proximal policy optimisation (PPO)

PPO is a policy gradient method; these are a type of RL methods that depend on
optimising parameterised policies concerning the expected return (long-term cumulative
reward) by gradient descent (Sutton & Barto, 2018b).

The PPO algorithm used in this research was developed by Open Al researchers
(Schulman et al., 2017). These algorithms alternate between sampling data by in-
teracting with the environment and optimising a proxy objective function using the
stochastic gradient descent algorithm (Ruder, 2016). The developers of PPO argue
that given the recent advancements made in RL algorithms that adopt neural net-
work function approximators. There are still areas that could be improved, such as
making these algorithms scalable to larger models (even more so given the COVID-19
pandemic and the need for large-scale models that simulate population behaviours),
parallel computation applications and solving multiple problems without the need for
hyper-parameter tuning (Schulman et al., 2017).

During testing, Schulman et al. (2017) compared the PPO algorithm against algo-
rithms that are known to perform well at solving continuous control problems. The al-
gorithms compared were: Trust Region Policy Optimisation (TRPO) (Schulman et al.,
2015), Cross-Entropy Method (CEM) (Szita & Lorincz, 2006), Advantage Actor-Critic
(A2C) (Mnih et al., 2016), A2C with Trust Region (Wang et al., 2016). During these
tests, PPO outperformed the algorithms mentioned above in almost all instances of

continuous control scenarios.

LOPL(g) — &, {m&} = B, [rt(e)fit} (3.1)

In the above Formula 3.1, CPI stands for ”conservative policy iteration” (Kakade
et al., 2002). Without a constraint, maximisation of LT would lead to an extremely
large policy update; therefore, the objective function needs to be modified to penalise
changes to the policy that shift r(6) away from 1. Subsequently, the following Formula
3.2 was developed (Schulman et al., 2017).

The previous variant of the PPO algorithm detailed in (Schulman et al., 2017) used
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an adaptive Kullback-Leibler divergence (a measure of how one probability distribution
is different from a second, reference probability distribution) (Kullback & Leibler, 1951)
penalty to control the change of policy at each iteration. The newly updated variant
of the PPO algorithm adopts a different objective function (a method to measure the
quality of any solution to a problem) proposed by (Schulman et al., 2017) which can
be found below (Formula 3.2).

LEHP (9) = By [min(re(0) Ay, clip(r(0),1 — e,1 + &) Ay)] (3.2)

Where 6 is the policy parameter, m is the policy, a and s are action and state
respectively, [, is the empirical expectations over time steps. ris the ratio of the
probability under the new and old policies, respectively. Ay is the estimated advantage
at time t. € is a hyperparameter, usually between 0 and 1; the hyperparameter value is
used to control the learning process. As described by (Schulman et al., 2017), the first
term inside the min is L1 (Formula 3.1). The second term, clip(r¢(6),1—¢e,14¢)A;),
adjusts the surrogate objective by clipping the probability ratio, which eliminates the
incentive for moving r; outside of the period [1 —¢, 1+ ¢]. Finally, the minimum of the
clipped and unclipped objective is taken, so the ultimate objective is a lower bound
(also known as a pessimistic bound) on the unclipped objective. Given this system, the
change in probability ratio is ignored if the objective improves; conversely, it is only
included when it makes the objective worse.

The PPO Actor-Critic algorithm outlined by (Schulman et al., 2017) is defined
below in pseudocode (see Algorithm 1). For each iteration, every agent adopts an
initial policy (a set of action/state combinations) 7g,,, (as utilised in Formula 3.1) in the
environment for 7' time steps. The advantage estimates A; (as utilised in Formulas 3.1
and 3.2) are calculated for each time step. The algorithm then constructs the surrogate
loss given the policy parameter 6 on these NT time steps of data and optimises it with
a Minibatch Stochastic Gradient Descent (this is a variation of gradient descent that
splits training data into small batches that are used to calculate model error and update
model coefficients) for K epochs.

The ability to deploy PPO in Unity as a decision-making framework for agents with
relative ease and its performance against other learning algorithms outlined previously,
made it the top contender of algorithms to adopt in this research. Similarly, being able

to solve multiple problems with varying complexities without the need to tune training
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Algorithm 1: PPO, Actor-Critic Style

initialization;
for iteration=1,2... do

for actor=1,2,...,N do
Run policy mp,,, in environment for 7' timesteps

Compute advantage estimates Al,...,AT
end

Optimise surrogate L wrt 8, with K epochs and minibatch size M < NT

Qold — 0
end

parameters made it suitable for the experimental conditions we aim to conduct (Baker
et al., 2019; Juliani et al., 2018; Schulman et al., 2017).

In ml-agents (Juliani et al., 2018) PPO uses an artificial neural network (ANN) to
approximate the ideal function that maps an agent’s observations to the best action an
agent can take in a given state (Figure 3.14).

In the field of robotics, PPO has been applied, for example, to develop applications
in which mobile robots learn how to navigate an unknown terrain, even without prior
knowledge of the map (Zeng, 2018). This flexibility in PPO is further demonstrated
in multi-agent environments because an actor-critic variant of PPO has been shown to
learn to generate the action distributions through which the critic network predicted the
discounted future returns (Sutton & Barto, 2018b). These yielded findings that were
of fundamental importance to the success of our research, in that they provided further
evidence for PPO’s capability to support complex behavioural simulations (Baker et al.,
2019). By the term “valuable” here, the useful and relevant value that these outcomes
bring to establish that PPO can indeed effectively model the type of complex behaviours
that are the subject matter of this chapter is defined. These studies do show a key
limitation, however, with regard to the fact that they did not further explore spatial
patterns in greater depth due to environmental changes. As per literature, people’s
individual behaviours can differ and change from time to time (Juliani et al., 2018;
Sert et al., 2020), and this further explores such dynamics. Its direct goal lies in
illustrating and detailing the subtleties of individual behaviours in an effort to probe

into environmental implications for these patterns, which tackle critical questions.
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The drawbacks of PPO are: acquiring good results via Policy Gradient methods
is demanding because they are sensitive to the choice of step size - too small, and
progress is unbearably slow; too large, and the signal is overwhelmed by the noise
(Schulman et al., 2017). As model complexity increases, solving these problems using
RL can become computationally intensive; therefore, in some cases, high-performance
computing clusters may be required to adopt PPO in research. Lastly, trained agents
may be unable to adapt to changes in the environment; this is commonly referred to
as overfitting in machine learning. One mechanism to alleviate this and train more
efficient agents is to expose agents to these changes during training (Juliani et al.,
2018). As a model becomes more complex and training environments become more
dissimilar to test scenarios, overfitting becomes more likely. It is recommended to use
separate training/test scenarios (with varying levels of stochasticity) while ensuring
some similarities (Zhang et al., 2018). This study proposes a simplistic model with
only two agent types and a static environment, with relatively short training time than
other large-scale models (Lopes et al., 2018; Nawrocki & Sniezynski, 2018; Spatharis
et al., 2019). Therefore, overfitting is less likely to occur and could be identifiable when

individual behaviours are quantitatively and qualitatively interpreted.

3.2.2 Unity and ml-agents

The integration of Unity, a game development platform, with advanced RL method-
ologies, illustrates a pivotal shift in the simulation and training of intelligent agents.
This review aims to delve into the extensive body of work surrounding the Unity plat-
form and its application with RL algorithms, highlighting significant contributions and
developments that have propelled the field of ABM and intelligent systems.

Unity, through its ml-agents toolkit (Juliani et al., 2018), has emerged as a transfor-
mative platform for developing complex simulations where agents can learn, adapt, and
interact within a richly detailed virtual environment. This review encapsulates seminal
and recent papers that have laid the groundwork and expanded the reach of ABM and
RL applications, ranging from robotics and gaming to natural language processing and

beyond.

Unity ml-agents: foundations and applications

e Juliani et al. (2018) introduced Unity as a versatile platform for intelligent agents,
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emphasising its utility in creating complex, interactive simulations for Al research.
Strengths: A major strength of this work is its pioneering approach to leveraging
a popular game development engine for Al research, making sophisticated simu-
lations more accessible to researchers. The Unity ml-agents toolkit opens up new
avenues for experimentation in Al, offering a flexible and powerful tool for a wide
range of applications from robotics to social behaviour simulations. Weaknesses:
While the paper provides a comprehensive introduction to using Unity for Al re-
search, it is more of an overview than a deep technical exploration. The specifics
of implementing complex Al models within Unity environments are not detailed,

which may leave readers requiring more granular technical guidance.

Engelbrecht (2023) explores the interplay between neural networks and simulation
space using the Unity ml-agents package. This work demonstrates how Unity can
be used to bridge the theoretical aspects of Al, particularly neural networks,
with practical application in simulated environments, enhancing the realism and
applicability of AI research. Strengths: The book’s strength lies in its focus on
the practical application of neural networks within Unity, providing a valuable
resource for researchers and developers looking to apply Al theories in simulated
environments. It serves as a useful guide for understanding and implementing
neural network-based models in Unity. Weaknesses: As a book focused on the
introduction of concepts, it may lack in-depth technical details or advanced topics
in neural network optimisation and architecture design within Unity. The broad

scope might not satisfy readers looking for advanced or specific use cases.

Youssef et al. (2019) showcases the use of imitation learning within Unity ml-
agents for gameplay, highlighting the toolkit’s potential in replicating human-like
behaviour in agents. The research demonstrates a significant reduction in compu-
tational time and training data needed by using imitation learning over traditional
RL methods. Strengths: A key strength of this work is its practical demonstra-
tion of imitation learning to create more realistic and varied agent behaviours
with less computational overhead. This approach is particularly innovative in
the context of game development and Al training. Weaknesses: The focus on a
specific application of imitation learning might limit the generalisability of the
findings. Additionally, the paper could benefit from a broader comparison with

other learning methods beyond computational efficiency and training data re-
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quirements.

Reinforcement learning: advances and applications

e Polydoros & Nalpantidis (2017) provides a comprehensive overview of model-
based RL applications in robotics. It underscores the significant contributions
of RL techniques to enhancing autonomous systems’ ability to learn and adapt
from interactions with their environment. Strengths: The article’s strength lies in
its breadth, covering a wide range of RL applications in robotics, and providing
a solid foundation for researchers new to the field. It effectively highlights the
adaptability and potential of RL in solving complex robotic tasks. Weaknesses:
As a survey, it may not delve deeply into the specific technical challenges or limita-
tions of the RL techniques discussed. The article could benefit from more detailed

case studies or comparisons between different RL approaches within robotics.

e Sierla et al. (2022) reviewed RL applications in HVAC system control, highlighting
the impact of RL on optimising energy consumption and maintaining indoor air
quality. Strengths: This review is notable for its focus on a practical and critical
application of RL in energy systems. It provides a thorough examination of how
RL can be applied to optimise complex systems like HVAC, offering valuable
insights for both researchers and practitioners. Weaknesses: The paper primarily
focuses on the potential and theoretical applications of RL in HVAC systems
without providing extensive empirical data or case studies demonstrating these

applications’ real-world effectiveness.

e Xiang & Foo (2021) discuss the recent advancements in deep RL for solving
Partially Observable Markov Decision Processes (POMDP) problems. The pa-
per highlights the broad applicability of Deep-RL (DRL) in various domains,
including games, robotics, and natural language processing, and emphasises the
method’s effectiveness in environments where agents have limited information.
Strengths: This work’s strength lies in its detailed examination of DRL applica-
tions across different fields, showcasing the versatility of DRL in addressing com-
plex, real-world problems. It provides a solid theoretical foundation and points
to diverse applications, making it a valuable resource for researchers across disci-

plines. Weaknesses: The focus on a wide range of applications might come at the
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expense of depth in any single domain. Additionally, the challenges and limita-
tions of applying DRL to POMDP problems are not extensively discussed, which

could be an area for further exploration.

Multi-agent systems and cooperative learning

e Orr & Dutta (2023) provide a survey of multi-agent deep RL applications in multi-
robot systems. They emphasise the importance of cooperative learning among
agents to achieve complex objectives, highlighting the potential for multi-agent
DRL to advance collaborative robot tasks. Strengths: The paper is strong in its
comprehensive coverage of multi-agent systems and the specific challenges and
opportunities they present. It effectively synthesises current research in the field,
providing a clear overview of the state of multi-agent DRL in robotics. Weak-
nesses: While the survey is broad and informative, it may lack specific technical
details or guidelines for implementing multi-agent DRL in practice. Furthermore,
the paper could benefit from more discussion on the limitations and challenges of

scaling multi-agent systems.

e Vinyals et al. (2019) achieved a grand-master level in StarCraft II using multi-
agent RL, showcasing the potential of RL in competitive gaming environments.
Strengths: This paper is notable for its application of multi-agent RL to a highly
complex and dynamic environment, showcasing the cutting-edge potential of RL
techniques in achieving human-competitive performance. It provides valuable
insights into the design and optimisation of RL algorithms for complex tasks.
Weaknesses: The focus on StarCraft II, while impressive, may limit the direct
applicability of the findings to other domains. Additionally, the complexity of
the approach and the resources required might not be feasible for smaller scale

or less resource-intensive projects.

Challenges and future directions

e (Gu et al., 2022; Nunes, 2019) discuss the challenges and methodologies for en-
suring safety in RL applications. They highlight the importance of developing
algorithms that prioritise safety to prevent harmful outcomes during the learning
process, especially in real-world, safety-critical tasks. Strengths: These works

are significant for their focus on an often-overlooked aspect of RL applications:
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safety. They contribute to a growing body of literature that seeks to address
the ethical and practical challenges of deploying RL in sensitive or critical envi-
ronments. Weaknesses: While they address crucial concerns, these papers might
benefit from more concrete examples or case studies of safe RL being successfully
applied in practice. The theoretical discussion of safe RL principles could be

complemented with more practical guidance for implementing these principles.

e Kayhan & Yildiz (2021) provided a literature review on RL applications to ma-
chine scheduling problems, suggesting future research directions in industrial and
manufacturing settings. Strengths: This review is particularly strong in its focus
on a specific, practical application of RL, providing a thorough overview of current
research and potential future developments in machine scheduling. It bridges the
gap between theoretical RL models and their practical implementation in manu-
facturing. Weaknesses: The paper’s focus on machine scheduling, while in-depth,
might limit its interest to readers outside the manufacturing and industrial engi-
neering fields. Additionally, the review could benefit from a more critical analysis

of the challenges in applying RL to real-world scheduling problems.

This literature review underscores the versatility and robustness of Unity and RL in
fostering the development of intelligent, adaptive agents capable of complex behaviours.
The studies reviewed herein not only highlight the significant strides made in the field
but also point towards future research trajectories that could further harness the power

of Unity and RL in creating sophisticated ABM systems.

3.3 Model description

This model description adheres to an adapted version of the Overview, Design Concepts,
and Details (ODD) protocol (Grimm et al., 2006), a structured framework for describing
agent-based and individual-based models. Whilst the full ODD protocol encompasses
seven elements, this document focuses on the most appropriate components tailored to
the context of the study: the purpose of the model, the agents, and the environment.
These components align with the ODD sections on purpose, entities, state variables,
and scales, as well as the design concepts. This adapted approach is taken to streamline
the description and to hone in on the aspects most relevant to the emergent behaviours

we aim to observe.
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The model contains two agents: a predator agent to catch the prey agents; and
prey agents that avoid the predator and forage points. The model simulates agents
interacting in a simple three-dimensional environment that contains physical barriers
that block the vision and movement of all agents. Through several experiments, this
research explores how agents that adopt PPO devise complex adaptive behaviours,
given the environmental surroundings they find themselves in.

Predator-prey models are not new; they have been previously used to simulate the
interactions of wildlife in ecology (Colon et al., 2015; Hawick et al., 2008; Zhdankin &
Sprott, 2010). As mentioned in the Introduction section, the predator-prey scenario is
a simple scenario to model. Thus, this domain was chosen to promote explainability
and reproducibility.

In this research, interest is centred around learned behaviours that emerge given the
environmental factors the agents find themselves in. For example, barriers were added
to the environment to test if prey agents utilise them in hiding from the predator.
Prey agents have no inherent defence mechanism to deploy against the predator. The
behaviours we aim to observe have been identified in past literature, especially those in
fish biology research of predator-prey behaviours. Sullivan & Atchison (1978) describe
the interactions among two types of fish; they describe the primary defence for prey
fish as ”detection of pursuit”. This behavioural strategy includes ”fish visually tracking
the predator’s movement, and when it swims within their line of sight, they then get
away from it at the nearest opportunity”. Given the behaviours observed in these
predator-prey scenarios, it is expected that the following behaviours are observed in

the model:

e prey evade the predator.
e prey forage rewards.

e prey use the environment to hide from the predator.

This research is interested in training agents to learn and enact simple to more
complex spatial behaviours. Some of these complex behaviours are outlined above.
Thus, the environment has been designed to motivate the above behaviours and allow

prey to utilise these behaviours in new situations.
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3.3 Model description

3.3.1 Purpose

The ABM was developed in Unity using the ml-agents software package (Juliani et al.,
2018), the model allows the modeller to simulate hypothetical activities of prey and

predator agents in 3D space.

3.3.2 Agents

Prey agents are rewarded for foraging positive points placed on the environment and
penalised for foraging negative points and being caught by the predator. The predator
agent follows any prey that falls within its field of view.

The prey agents adopt the PPO RL framework for learning, while the predator
agent’s decision-making framework is a set of condition-action rules such as IF prey-
within-view THEN chase-prey. The predator moves around the environment randomly
and tries to catch prey agents while the prey agents learn how to adapt to this. Once
the predator physically touches the prey agent, the prey agent is caught, leading to
a penalty. The agents were created this way to reduce the impact on computational
demand as having two types of agents, both applying RL, would be computationally
expensive.

For the predator agent parameters, Table 3.6 and Table 3.7 for the prey agent
parameters. The values for each agent type are relative to that agent’s size and mass.
For both agents, an appropriate view radius was chosen relative to the environment
and the agent’s physical features, preventing one from physically being superior.

In the model, prey agents share the same characteristics. This ensures no prey
agent has abilities that can make it superior to others, e.g. speed or vision - as this
would arguably introduce additional complexity in interpreting model outcomes during
the two experiments (as described in the Introduction 3.1). The environment randomly
distributes positive points (which prey collect) and negative points (which prey should
avoid). These point objects are used as a training indicator; if the reward increases,
agents are learning (Figure 3.6).

The physical representation of both agents can be seen in Figure 3.1. The predator
field of view and viewing angle allows it to identify objects (Figure 3.2). Prey agents
move on the surface of the environment and can perceive the world through ray-cast
sensors collecting observations. A first-person observation can be found in Figure 3.15.

The predator moves randomly around the environment until a prey agent falls
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3.3 Model description

Figure 3.1: The predator agent (left) and a prey agent (right) in the Environment.

within its vision cone; this is the patrolling phase. The predator makes its movement
unpredictable; thus, prey agents can be trained for all circumstances. As mentioned

earlier, the condition-action rules for the predator are;

e Chase the prey if the prey is within view.

e While the simulation is running, move randomly on the surface of the environ-

ment.

(A) (B)

Figure 3.2: The area in which the predator can see (A). The model environment and

the vision cone of the predator looking for prey agents (B).
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3.3 Model description

3.3.3 Environment

The environment includes the following Unity components;

e Plane - a 3D flat surface area for agents to stand on.
e Wall - a 3D object that acts as a barrier stopping agents from falling off the plane.
e Camera - A camera pointing at the environment and agents.

e Directional light - A light ray pointing at the environment with soft shadows helps

the observer see the environment.

The environment provides the prey agents with enough information to allow them to
learn complex adaptive behaviours. If barriers were not present, the prey agents could
not learn how to hide. Similarly, if the predator does not exist, there is no motivation
for prey agents to learn how to evade capture. Each element of the environment has
several customisable properties (Table 3.8) and can be changed depending on specific
requirements.

The parameters described in Table 3.8, if implemented, would produce the 3D

environment scene in Figure 3.3 (B).

QY] ®)

Figure 3.3: The initial state of the environment (A). The environment scene once

parameters from Table 3.8 are applied (B).

The positive and negative points are randomly distributed on the environment sur-
face so that the prey agents can forage them (Figure 3.4). If the points are collected,
they re-appear at a random location within the environment. For every point collected,

the prey agent is either rewarded or penalised.
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3.4 Model verification

Figure 3.4: Environment with positive point objects (blue spheres) and negative point

objects (red spheres).

3.4 Model verification

3.4.1 Introduction to model verification

Model verification is an essential step in the development of a reliable Reinforcement
Learning (RL) model. It is the process of ensuring that the model accurately repre-
sents the intended system behaviours and assumptions. Verification aims to establish
confidence in the model by demonstrating that it is logically correct and works as

intended.

3.4.2 Verification strategies
Algorithmic correctness

Algorithmic correctness was achieved through code reviews and unit testing of the RL
algorithms. The algorithms were tested in controlled environments to confirm that they
function correctly and efficiently, adhering to the theoretical frameworks described in

the literature.

Ensemble of simulation runs

An ensemble of simulation runs was conducted to test the model under various condi-
tions and configurations. This approach helps in identifying any potential anomalies or
outliers that could affect model performance. By running the model 50 times for each

experiment, we could ensure the consistency and robustness of the results obtained.
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3.5 Training process

Statistical hypothesis testing

Statistical hypothesis testing was employed to verify the model’s performance. One-
Way ANOVA tests were conducted to determine the significance of the differences
observed in the model outcomes across various scenarios. Additionally, Cohen’s d
was utilised to measure the effect size, providing insight into the magnitude of the

differences.

3.4.3 Results interpretation

The interpretation of the results from these simulation runs and statistical tests was
then used to confirm the validity of the model. Increasing cumulative rewards and
other performance metrics would indicate successful learning and provide quantitative

evidence of the model’s capabilities.

3.5 Training process

To successfully train an RL algorithm, training parameters are selected to ensure the
performance of learning processes and quality of generated motions (Juliani et al., 2018;
Kim & Lee, 2019). An RL model is performing well if the cumulative reward is increas-
ing during training (Poole & Mackworth, 2010). To conduct the experiments outlined
in the Introduction 3.1, three neural network models will be trained using parameters
that coincide with the experiment objectives, the differences between experiments are

the training length and presence of a new stimulus Table 3.1.

3.5.1 Training parameters

The ml-agents package (Juliani et al., 2018) simplifies the training process of artificial
agents in Unity (Figure 3.5). The Learning Environment component contains the Unity
scene, which includes the environment agents can act, observe and learn from. The
"brain” component takes the observed data from agents (known as Vector Observations)
and is trained using the Academy (Table 3.1). The Academy connects the brain to the
python trainer, where the artificial neural network training commences. Once the
training process ends (Figure 3.6), the output neural network is attached to the agents
post-training, and thus, the agents can infer decisions from the trained model (Tables
3.2 and 3.4).
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Figure 3.5: A block diagram of ml-agents

In this research, the default training parameters provided by ml-agents (Juliani
et al., 2018) were used for training; ml-agents researchers recommended these parame-
ters as suitable for the majority of tested environments (Table 3.1). Furthermore, these
parameters were within the recommended ranges (Table 3.9). These parameters led to
successful learning sessions (Figure 3.6). The training process outputted three fully
trained artificial neural network models (ANNs). For the model architecture, refer to
Figure 3.14.

In Table 3.1, the only differences between the models are the max_steps variable
for scenario one, which is 580,000-time steps, and in scenario three, the predator was
not present during training. While training, the algorithm only started to successfully
learn how to increase cumulative rewards at 100,000-time steps. This was identified as
the lower bound. To then identify the upper bound and the point at which cumulative
rewards stabilise, the model was trained for longer, and 1,000,000 time steps were
identified as the point in which rewards were no longer being gained (scenarios two and
three in Table 3.1). The reason behind this process is to produce models that coincide
with the two experiments outlined earlier. For other models or research questions, the
training max_steps would be different given the model complexity.

(Magbool et al., 2011) describe the adaptability of an RL agent by "making a
major or minor change to the system after it has learnt the optimal policy and analyse
the learning algorithm adapt to these changes”. To test this theory, model training

configuration three (scenario three in Table 3.1) was conceived. Configurations two
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3.5 Training process

Parameter Scenario 1 (w/predator) Scenario 2 (w/predator) Scenario 3 (wo/predator)
Trainer PPO PPO PPO
Batch _size 1024 1024 1024
B 1.0e-2 1.0e-2 1.0e-2
Buffer_size 10240 10240 10240
€ 0.2 0.2 0.2
Hidden_units 128 128 128
GAE X\ 0.95 0.95 0.95
Learning_rate 3.0e-4 3.0e-4 3.0e-4
Learning rate_schedule | Linear Linear Linear
Max_steps 580000 1.0e6 1.0e6
Memory_size 256 256 256
Normalize false false false
Num_epoch 3 3 3
Num_layers 2 2 2
Time_horizon 64 64 64
Sequence_length 64 64 64
Summary_freq 10000 10000 10000
Use_recurrent false false false
Reward_signals extrinsic:  strength: 1.0, extrinsic:  strength: 1.0, extrinsic: strength: 1.0, ~5:
0.99 0.99 0.99

Table 3.1: PPO training parameters for all three scenarios.

and three were trained for the same time. The former was trained with the predator,

while the latter was trained without the predator.

3.5.2 Training results

Figure 3.6 highlights the results from the training process outlined earlier in Table 3.1.

Descriptions of the results presented in Figure 3.6 can be found below:

e Cumulative reward (Figure 3.6, top left) - the mean cumulative episode reward

over all agents should increase during a successful training session.

e Policy loss (Figure 3.6, middle left) - the mean magnitude of the policy loss
function. Correlates to how much the policy (process for deciding actions) is
changing. The magnitude of this should decrease during a successful training

session.

e Value loss (Figure 3.6, bottom left) - the mean loss of the value function update.
Correlates to how well the model predicts the value of each state, should increase

while the agent is learning, and then decrease once the reward stabilises.
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Figure 3.6: Six graphs from the PPO training process each line corresponds to a scenario
the model applied during training, outlined in Table 3.1. x-axis: number of time-steps

in training, y-axis: value.

e Entropy (Figure 3.6, top right) - represents how random the decisions of the model
are. Should slowly decrease during a successful training process. If it decreases

too quickly, the 8 parameter should increase.

e Extrinsic reward (Figure 3.6, middle right) - this corresponds to the mean cumu-

lative reward received from the environment per episode.

e Extrinsic value estimate (Figure 3.6, bottom right) - the mean value estimate

for all states visited by the agent. Should increase during a successful training

session.

In Figure 3.6, we observe that the training parameters for scenario three were
the most successful compared to scenarios one and two. The only difference between
scenarios two and three was the predator. Thus, these training outcomes show that the
predator’s presence impacts how the prey agents behave regarding rewards; when the
predator is not present, the prey agents can forage more rewards. Furthermore, agents’
policies frequently change over time, meaning prey agents identify good policies more
frequently. The Policy Extrinsic Reward results suggest that for all three scenarios, prey
agents tend to increase their rewards over time; this also means they are more likely to

reduce their penalties, including predator avoidance. Ultimately, the results from these

67



3.6 Results

data show that all three training scenarios and model setup was successful, i.e. prey
agents were designed to successfully learn policies from their immediate environment,
which they can apply post-training. Lastly, scenarios one and two led to different
training outcomes (the only difference was the max_steps parameter); the reason for
this is the stochasticity of the model; for each epoch, prey, points and predator are

randomly distributed.

3.6 Results

Before examining the behaviours learnt by the prey agents operating under PPO, sev-
eral experiments are developed. The training phase of PPO ensures agents learn to
develop policies that will be subsequently used in the testing phase. Analysis of the
trained models is conducted through the following experiments. These include the
length of time agents train for (specified in time steps) and the stimuli presented to
prey agents during the training phase (in this case, the presence or absence of the
predator agent) and, in turn, the impact of this stimulus on their subsequent behaviour
in the testing phase.

In the first experiment, identical initial populations of prey agents are compared
across two conditions. In condition one, agents are trained for 580,000 cycles (Table
3.2, Model Condition one). In the second condition, they are trained for 1,000,000
cycles (Table 3.2, Model Condition two). The hypothesis is that agents that train for
longer may develop more effective strategies which they utilise within the test scenario.
A task-efficiency measure is conceived to evaluate agents under both configurations
to assess if this is the case. This is achieved by measuring the amount of reward and
penalties collected by agents under each configuration. A single dependent variable was
produced by combining these measures, consisting of a formula containing the mean
of the total positive points collected PosTotal. The mean of the total negative points
NegTotal. Finally, the mean of the total number of times agents are caught CaughtTotal

which produces the task efficiency formula:

(PosTotal x 1) + (NegTotal x —0.2) + (CaughtTotal x —1) (3.3)

The Task Efficiency formula is weighted by reward and penalty values. The rewards

and penalties, set during the training parameter selection stage, allow prey agents to
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know that getting caught by the predator and foraging negative points lead to negative
outcomes while foraging positive point objects lead to positive outcomes. The rewards
for foraging positive points are +1, and the penalty for foraging a negative point is -0.2,
while the penalty for being caught by the predator is-1. The task efficiency formula was
devised to distinguish between agents that forage positive points while avoiding neg-
ative points and the predator. Compared to agents with lower task efficiency, where
agents were less capable in foraging positive points and avoiding penalties. In both
experiments, rewards and penalties averaged over multiple model runs over two condi-
tions are compared. These are short training and long training for experiment one and
the predator’s presence either pre or post-training or both for experiment two. This
research is interested in the behaviours that emerge when prey agents interact with a
predator; however, some extra elements such as points are added to the environment
to introduce spatial complexity. This ensures prey agents train to achieve a goal such
as foraging positive points (a metric used to identify how well they are doing) and not
randomly roaming the environment waiting to encounter the predator. The penalty for
foraging a negative point is smaller than being caught by the predator as we wish to
introduce complexity toward agents’ decision-making process. Similarly, if the penalty
for foraging a negative point was -1, then the severity of foraging negative points and
being caught by the predator would be equal. Consequently, prey agents may prefer
being caught by the predator in certain situations.

In the second experiment, interest is centred around the notion of behavioural
adaptation to stimuli. This idea is based on how RL agents behave when presented with
stimuli in the testing phase, which were not present during the training phase (some sub-
optimal measure of their adaptability). Furthermore, how this impacts agent decision-
making relative to other agents exposed to the stimuli during training is quantified. As a
result, these agents should have already developed behaviours to respond. Three model
configurations are compared across the previously envisaged task-efficiency measure
(Formula 3.3) to explore this. Using identical initial populations of prey agents, in the
first model condition, the effectiveness of prey agents who train without the predator
agent and complete their task in the testing phase without the predator is measured
(Table 3.4, Model Condition one). This baseline experiment provides a comparative
measure of the upper bounds of task efficiency in our model. In the second model

condition, task efficiency for prey agents who train with the predator and subsequently
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test with the predator present is measured (Table 3.4, Model Condition two). In the
final condition, the task efficiency of prey agents who train without the predator but
are tested with the predator is observed (Table 3.4, Model Condition three).

Due to the stochastic nature of each post-training test, to verify the experiments,
each model condition is tested fifty times for the same duration across all conditions.
A summary of results, including task efficiency, can be viewed in the following sub-

sections.

3.6.1 Experiment one, exploring the impact of training length on task

efficiency

Experiment one was developed to identify the impact training length has on how well
agents complete tasks. Are agents that adopt RL as a decision-making process, if

trained for longer, more effective at their task?

Model Condition 1 2

Training Cycles 580k 1 mil

Predator in Training Present Present
Predator in Testing Present Present

Positive Points 326.88 (34.231) 779.4 (57.434)
Negative Points 320.44 (35.595) 706.88 (53.059)
Caught by Predator 55.48 (15.931) 72.7 (11.784)
Task Efficiency 207.312 (33.835) 565.324 (53.164)

Table 3.2: Summary of the mean and (std) for each variable including task efficiency

measure over all experiment one model conditions.

When inspecting model conditions one and two (Table 3.2), it becomes clear that
training agents for an extended period lead to agents that can learn better policies
such as foraging more positive points. The task efficiency for model condition two has
done relatively better than model condition one. However, agents in model condition
two still forage a relatively large amount of negative points. Furthermore, agents are
caught more often compared to model condition one; this shows that positive point
foraging in model condition two outweighs the penalties for negative points and being

caught by the predator. Due to the weighting of Formula 3.3, we would expect to see
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Caught_by_Predator occur less often than Negative_Points, while Positive_Points would
be greater than the former two variables.

Statistics accompanying the quantitative results from Table 3.2, can be found in
Table 3.3.

Variable Condition | Condition | F score P Cohen’s d
1 2

Task Efficiency (Pos - Neg | 207.312 565.324 1613.742 0.000 -8.034

- Caught)

Positive Point 326.88 779.4 2290.235 0.000 -9.571

Negative Point 320.44 706.88 1829.039 0.000 -8.553

Caught by Predator 55.48 72.7 37.758 0.000 -1.228

Table 3.3: Summary One-Way ANOVA and Cohen’s d results over all experiment one

model conditions.

The outcome of the statistical tests (Table 3.3) shows that the data collected from
these two model conditions vary. As demonstrated by Cohen’s d, the difference between
the means of the task efficiency for the two groups is large; this confirms the earlier point
that agents that train for longer are better at foraging positive points than agents who
train for a shorter time. However, the same cannot be said for avoiding the predator.
To conclude, agents that train for longer are better at finding optimal solutions for
foraging but lack the same level of strategic behaviour to avoid the predator than

agents trained for a shorter time.

3.6.2 Experiment two, exploring the impact of stimuli on task effi-

ciency

Experiment two was conceived to determine how agents adapt to the presence of an
unknown stimulus. For this example, the stimulus is the predator agent.

In this experiment, three model conditions are compared, the independent variables
are; the presence of the predator either in training, testing or both. To examine how
well agents perform relative to the predator, the task efficiency measure is used.

When comparing task efficiency across these conditions, several things become ap-
parent. In model conditions where the predator is not present during training (Table
3.4, Model Conditions one and three), the difference between positive and negative

points is large. Agents tend to collect more positive points while keeping the negative
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points minimal. However, agents are caught more often in model condition three com-
pared to model condition two, which suggests agents that have not learnt policies to

deal with the predator are caught more often.

Model Condi- |1 2 3

tion

Training Cycles 1 mil 1 mil 1 mil

Predator in | Not Present Present Not Present

Training

Predator in Test- | Not Present Present Present

ing

Positive Points 1455.18 (111.235) | 779.4 (57.434) 1476.62 (122.026)

Negative Points 491.24 (42.519) 706.88 (53.059) 504.98 (44.173)

Caught by Preda- | 0 72.7 (11.784) 102.08 (14.475)

tor

Task Efficiency 1356.93 (108.803) | 565.324 (53.164) 1273.544
(124.072)

Table 3.4: Summary of the mean and (std) for each variable including task efficiency

measure over all experiment two model conditions.

Given all three model conditions, when agents train without the predator, they
collect more positive points than agents that train with the predator present. Further-
more, agents trained with the predator weigh the risks of getting caught with the risk
of foraging a negative point (Table 3.4).

Comparing the task efficiency of model conditions two and three (see Table 3.5)
shows agents in model condition three produce statistically significantly higher task
efficiency scores than those in model condition two. These results may seem counter-
intuitive. However, one way to interpret this outcome is that agents in model condition
two have likely devised policies that encourage predator avoidance to the detriment
of foraging positive points. Conversely, in model condition three, agents are focused
solely on foraging positive points. As emphasised by Cohen’s d, the effect size of model
condition two compared to model conditions one and three is large; this shows the
predator significantly impacts how well prey agents forage.

Collectively the results of both experiments indicate that within the simulation:

e Agents that train for longer are more effective in devising goal-oriented strategies
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Task Efficiency (Pos - Neg | Condition | Condition | F score o) Cohen’s d
- Caught) 1 2

Model condition 1 vs 3 1356.93 1273.544 12.767 0.001 0.714
Model condition 2 vs 3 565.324 1273.544 1376.41 0.000 -7.420
Model condition 1 vs 2 1356.93 565.324 2136.585 0.000 9.244

Table 3.5: Summary of One-Way ANOVA and Cohen’s d results for Task Efficiency

over all experiment two model conditions.

(experiment one model condition two, experiment two model conditions one, two

and three).

e Agents that weigh the risks between multiple penalties (negative points and being
caught by the predator) perform sub-optimally in achieving a goal (experiment
one, both model conditions and experiment two, model condition two) compared
to agents that focus solely on a single reward and penalty (experiment two, model

condition one).

Agents that train with the predator present weigh the risks between rewards and
penalties. This cannot be said with certainty for agents that are trained without the
predator present. The behaviours that emerge from agents in both experiments (ex-
periment one, both conditions, experiment two conditions one and three) should differ.
We expect to observe more sophisticated behaviours from experiment one as agents
devise different ways to avoid the predator while acquiring positive points compared to
experiment two model conditions one and three where agents ignore the predator.

The quantitative results above provide a means to make confident assertions re-
garding how well prey agents have done foraging and avoiding the predator. The
spatio-temporal patterns that emerge from these behaviours must not be neglected. It
would be helpful to compare the occupied spaces within the environment for both agent
types against the different model conditions. These data should allow us to observe the
effect the predator has on prey agents.

The Spatio-temporal movement patterns re-enforce the findings from Table 3.2
showing how well the prey agents do in avoiding the predator for model condition
one (Figure 3.7, A and 3.7, B), compared to model condition two (Figure 3.7, C and
3.7, D) in experiment one. The prey agents in experiment one, model condition one
learn to avoid the centre of the environment where the predator occupies; for model

condition two, we do not see similar patterns; the prey agents move diagonally more of-
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Figure 3.7: A sample of spatio-temporal KDE plots of prey and predator movement

patterns.

ten and explore most of the environment. This is possibly the consequence of training
for longer; thus, learning for longer makes the prey agents more goal-oriented (for-
age points) to the detriment of avoiding the predator (Figure 3.7, C and 3.7, D). In
experiment two, model condition three (Figure 3.7, E and 3.7, F), the prey agents
explore the entire environment while avoiding the barriers. Prey do navigate in areas
occupied by the predator and get caught more often; however, compared to scenarios

where prey are trained with the predator, agents are caught less often (Figures 3.7, C
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and 3.7, D). To conclude, when agents are trained using RL under various conditions,
the spatio-temporal patterns reflect these differences. These quantitative results show
that emerging complex behaviours are likely to be observed at an individual level; we
see that the two experiments, namely, training length and unknown stimulus, lead to
different spatio-temporal patterns.

To answer the main research question, the agents’ behaviours for these experiments
must be analysed. Agents are more effective in avoiding the predator for some exper-
iments. Conversely, in other experiments, agents perform more strongly in foraging
positive points. To better understand these differences at an individual level, the be-

haviours of agents at an individual level need to be examined.

3.6.3 Individual behaviour analysis

This sub-section describes the behaviours traced given the previous experiments con-
ducted to explore whether complex adaptive behaviours occur when agents operate
under the PPO framework. To recap, agents trained with the predator weigh the risks
of getting caught with foraging a negative point. Furthermore, agents that train for
longer outperform agents that train for a shorter time. Lastly, agents trained without
the predator focus solely on foraging points; thus, they outperform their peers trained
with the predator. However, these agents are caught by the predator more often.
This sub-section contains behaviours traced from all model conditions, and they are

described frame-by-frame following the systematic approach below;

1. Recording the experiment from start to finish.

2. Playing back the experiment recording and taking note of the model scenario, i.e.

one, two or three.

3. Watching the movement of the predator agent to see if it interacts with a prey

agent or if the predator is not present, only focusing on the prey.

4. Every time the predator interacts with the prey; the video is paused and played

frame-by-frame.

5. The behaviour of the prey is captured frame-by-frame during the encounter until it

has moved away and continues foraging points (known as the foraging behaviour).
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6. The frame-by-frame interactions are inspected closely; the behaviours observed
are noted and compared with the quantitative analysis from the sub-sections 3.6.1

and 3.6.2, to try to interpret how the prey agent has behaved.

At the current time, the only way learned, complex behaviours can be identified is
by visualising the model runs and qualitatively interpreting these behaviours; therefore,
this was the chosen methodology. An accompanying video of some behaviours can be
found at the following link: https://youtu.be/-0bozJWCE14.

The visually observed behaviours from the model are utilised, as these are the best
indicators of complex adaptive behaviours in the model, as has been the case in past
literature (Jalalimanesh et al., 2017; Juliani et al., 2018; Lopes et al., 2018; Magbool
et al., 2011; Olsen & Fraczkowski, 2015; Spatharis et al., 2019).

Following the visual inspection approach, several important examples of behaviours
traced during each experiment are described below. These results come in the form
of figures; each frame in a figure represents a state of the model from 1 to N time
steps. The red box in each figure focuses the viewer on where the specific behaviour
in question is occurring. The green circle indicates a prey agent and the orange

circle is the predator agent.

Hiding behaviour

In Figure 3.8, a prey agent in the top right of the environment; spots the predator in
the second frame; then it moves towards the opposite side of the closest barrier and
hides; this behaviour indicates that prey agents have learned that the predator cannot
see through obstacles in the environment. Consequently, the prey agent positions itself

with its back towards the wall. This hiding behaviour is also observed in Figure 3.10.

Co-operative behaviour

Prey agents are not designed to be adversarial nor cooperative; however, in experiment
one, model condition one, what can be interpreted as cooperative behaviour is observed;
however, this may be coincidental. Figure 3.9 depicts a scenario from model condition
one, where prey agents recognise the predator and move in opposite directions to evade
capture. It could be argued that a wide range of actions could have led to a rewarding
outcome. However, these prey agents adopt a policy that involves them moving away

from each other.
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Figure 3.8: Experiment one, model condition one; a prey agent looking for a wall to
hide behind.

Figure 3.9: Experiment one, model condition one; two prey agents identify each other

and move in opposite directions to avoid the incoming predator.
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Evading behaviour

Figure 3.10 depicts a blocking behaviour where a prey agent recognises a barrier, then
realises the predator moving towards it; it successfully evades the predator and passes
it using the barrier to block the predator’s field of view.

This learned behaviour considers the distance of the predator from the prey agent;

as soon as the prey agent realises its presence, it takes immediate action to avoid it.

Figure 3.10: Experiment one, model condition two; a prey agent moves away from

approaching predator and tries to use the barrier to evade the predator.

Figure 3.11 depicts a prey agent that intuitively dodges the incoming predator and
allows it to collide with the barrier behind it. This behaviour might indicate prey
agents have learned how quick predator agents move and thus can devise policies that

take this information into account.

Foraging behaviour

Figure 3.12 depicts foraging behaviour captured during experiment two, model condi-
tion one. In this experiment, we recall that prey agents developed policies in the absence
of the predator agent. As the predator is not present, prey agents learn behaviours that

only entail foraging points.
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Figure 3.11: Experiment one, model condition two; a prey agent dodges incoming

predator making it collide with the barrier.

Figure 3.12: Experiment two, model condition one; the prey agents explore the envi-

ronment foraging rewards.
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Circling behaviour

In experiment two, model condition three (Table 3.4), prey agents are trained in a
setting without a predator, then situated in an environment that contains a predator
post-training. Agents appear to continue foraging positive points and avoiding negative
ones. Agents move around in circles until they are close to a positive point; once they

identify a positive point, they move to it (Figure 3.13).
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Figure 3.13: Experiment two, model condition three; prey agents move in a circular

motion continuously while moving nearer to the closest positive point.

Prey agents are prone to being caught by the predator in experiment two, model
condition three, as they have not devised strategies to deal with the predator (Table
3.4). However, prey agents have learned that moving in circles (Figure 3.13) increases
their chances of foraging a positive point while avoiding incoming negative points. This
behaviour was not observed in any of the other conditions. This behaviour may have
developed due to the sphere-shaped points moving on the environment’s surface more
often during training than previous model conditions.

This sub-section analysed the behaviours and outcomes of model conditions for both
experiments using a systematic approach. Various behaviours were identified. These
behaviours can be interpreted as ‘complex adaptive behaviours’ such as hiding behind
objects, evading the predator, using the environment to their advantage. The majority
of these complex behaviours emerge from model conditions where the predator was
present during training. These results show agents learn and apply policies that focus
on foraging positive points while intuitively avoiding predators.

Agents trained without the predator focus on a specific task, i.e. forage points
and avoid negative ones. There is a clear distinction between behaviours that emerge
in conditions where the predator was present during training compared to conditions
it was not. These results also show that agents trained using PPO can function in

different situations/environments while achieving a goal.
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3.7 Discussion and conclusion

This research set out to assess the effectiveness of developing an ABM in conjunction
with the PPO technique as a behavioural framework. The research found that the
RL technique supports agents in the behavioural evolution of complex decision making
that resemble those observed in the real world. There have been several examples of
ABMs that utilise RL. However, the majority of these have either deployed RL as an
extension to extract the optimal set of steps in decision making, or they have lacked any
investigation of the impact of RL algorithm features, i.e. the impact of new stimulus
on the subsequent behaviours of agents (Olsen & Fraczkowski, 2015; Rahimiyan &
Mashhadi, 2010; Tellidou & Bakirtzis, 2006; Thapa et al., 2005). The model presented
in this chapter suggests that training time directly impacts an agent’s ability to improve
its behavioural goals, i.e. foraging a large number of rewards compared to agents that
have trained for a shorter period. However, agents that devise policies influenced
by multiple penalties weigh the impact of these penalties and try to minimise the
most impactful compared to the less impactful. Furthermore, the research highlights
the ability for agents to operate under conditions in which they were never trained
to encounter and continue to perform relatively well. While the points mentioned
above seem apparent, this research attempted to quantify the degree to which such
outcomes transpired. Finally, where this research diverges from past literature is the
fact that individual-level behaviours that were procured from the experiments were
subjectively interpreted by following a set of comprehensive steps from procurement to
interpretation.

Limitations of this work include the difficulty of identifying training parameters
that allow the algorithm to train the model efficiently. If the parameter values are
not appropriate for the model configuration this can negatively impact the outcome of
training; for example, agents may behave erratically and diverge from achieving any
goal. In this research, the default parameters provided by the software library ml-
agents (Juliani et al., 2018) were adopted as these were tested extensively on multiple
training environments; however, in future research, the impact of these choices should
be assessed.

Another limitation of the research relates to the identification and interpretation
of individual-level agent behaviours. Core to understanding the advantages and dis-

advantages of RL for developing realistic agent behaviours is assessing the behaviours
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generated by the RL algorithms. When writing this chapter, the literature provides
no agreed-upon methods for identifying and subsequently interpreting behaviours that
agents enact during model testing. This limitation is an indicator of the lack of research
done in this area. In response, this research attempted to identify a comprehensive set
of steps in interpreting the observable behaviours that agents enact. However, this
time-intensive technique may not be applicable for more complex models.

The accessibility of model development using new technologies such as Unity and
the subsequent programming language C# is challenging. As the complexity of the
ABM increases, so do the computational requirements. Due to rapid advancements in
computing, this challenge is not insurmountable.

Despite the lack of literature and steep learning curve in developing an ABM in
Unity with RL, these techniques together can lead to valuable outcomes. The research
shows that if PPO is adopted as a decision-making mechanism, agents can organically
grow behaviours through achieving rewards and punishments. Furthermore, agents
can weigh multiple risks and rewards and act accordingly. These attributes that agents
develop can be observed in real-world situations, i.e. when people weigh the risks of
being captured by the police before attempting a crime, or predatory animals weighing
the risks of the prey escaping before deciding to pursue or ignore. This research indi-
cates that agents can portray behaviours that would be considered ”complex” without
any explicit prior knowledge of these behaviours, which is one of the core strengths of
RL. Moreover, agents have been shown to adapt to non-deterministic dynamic changes
within the environment; these agents can continue achieving their relative goals within
these scenarios.

In light of the experimental findings, it is evident that RL can indeed lead to the
development of sophisticated strategies, particularly in the context of extended training
durations, as shown in the higher task efficiency scores for agents trained longer (Table
3.2). However, the results also underscore that longer training does not uniformly
translate to better task performance across all metrics. For example, while longer-
trained agents excel in positive point foraging, they do not necessarily outperform
in predator avoidance (Table 3.3). This aligns with the insights from (Brearcliffe &
Crooks, 2021), suggesting that learning, especially with regard to complex adaptive
systems, does not always equate to more optimal outcomes. Such findings prompt a

critical reflection on the value proposition of RL within social systems. They highlight
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that while RL can optimise certain agent behaviours, the complexity of social dynamics
marked by irrationality and bounded rationality—demands a careful consideration of
what ’optimisation’ entails. Thus, RL is worth the effort, provided its application is
approached with an understanding of the agents’ context and the multifaceted nature
of optimisation in social systems, where the attributes valued by the modeller may not
always align with the emergent priorities of the agents themselves.

An avenue for future research is using the techniques presented here to explore the
relationships between people and enforced rules to prevent a contagious virus from
moving through the population. This research is also applicable to population dy-
namics by simulating changing populations and the individual level interactions among
populations.

To conclude, this research demonstrates that RL can provide a means for developing
agents through training that exhibits ’complex’ behaviours that evolve through space
and time. This research shows that behaviours are encouraged by the environmen-
tal surroundings of agents. The experiments conducted highlight that training time
impacts agent performance and that agents can adapt to environmental changes and
behave sub-optimally when multiple penalties are considered. The spatial patterns of
agent movement for each experiment condition vary, showing a strong spatial influence
in decision making. The research demonstrates that agents with varying decision-
making frameworks can co-exist within an environment, i.e. the predator agent applied
simple if-then-else rules while prey agents utilised RL. This research shows that RL is
a viable option as a decision-making framework for future ABMs and that the use of

RL within ABM research could be revolutionary.

3.8 Summary

This chapter has demonstrated through experimentation and analysis of quantitative
and qualitative results that RL does enable agents to learn and adapt which subse-
quently leads to emergent complex behaviours. As this chapter conducted experimen-
tation on a proof-of-concept ABM, the natural subsequent task is to apply this approach
to a real-world domain area, namely that of crime and simulating offender behaviour.

In the following Chapter 4, several objectives are met, the first of these is, to de-
velop an ABM that embeds the three fundamental theories of environmental criminol-

ogy, namely, the rational-choice perspective, routine activity theory and crime pattern
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theory. The second objective is to train offender agents in scenarios where situational
crime prevention interventions are applied which lead to heightened risks during crim-
inal acts such as burglary. The last objective is to qualitatively and quantitatively
demonstrate that offender agents can organically learn behaviours in agreement with
findings from empirical and theoretical studies in criminology, such as, crime patterns
are clustered, usually concentrated in a few places, few victims account for most of the
victimisation and the journey to crime is typically short. These findings should sub-
sequently lead to emergent complex behaviours that are empirically and theoretically
sound, making the model more realistic, thus, the model can in the future be used to
support policy-makers in making decisions as to where intervention measures should

be placed to be most effective.

3.9 Notes

1. ML-agents Unity extension can be found here: here.

2. Unity can be downloaded here.

3. ML-agents architecture documentation can be found here.
4. PPO hyper parameter best practices can be found here.

5. ABM developed and trained on the following desktop: Intel Core i7-7700K, 32
GB RAM, 256 GB SSD Plus 2 TB HDD, 2 x NVIDIA GTX 1070 8 GB Graphics,
Windows 10 Home.

6. ABM is run on the following laptop: MacBook Pro (15-inch, 2018), 2.6 GHz Intel
Core i7, 32 GB 2400 MHz DDRA4, Intel UHD Graphics 630 1536 MB
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3.10.1 Figures
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Figure 3.14: Artificial Neural Network Architecture.
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Figure 3.15: First person view from Prey agent’s perspective.
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3.10.2 Tables

Variable Description Value
Movement_speed | The speed of movement 20
Rigidbody The 3D agent object has a rigid body property

Capsule The 3D agent’s shape property

Capsule_Collider | A component used to trigger an event when it comes into contact

with another object

AlIPredator.cs The C# script component allows the predator to perform actions

in the environment

View_camera A camera component traces the movement of the agent in first

person
Velocity The velocity of the agent (take both axes X, Y normalise them

then multiply by Movement_speed)
View_radius The radius of the field of view for the agent 10.33
View_angle The angle of view within the View_radius is between 0 and 360 80
Target_mask A layer tag for objects the agent considers as targets Target
Obstacle_mask A layer tag for objects the agent considers as obstacles Obstacle
Visible_targets A list of all the targets the agent has seen

Table 3.6: Predator agent’s parameters.
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Variable Description Value
Rigidbody The 3D agent object has a rigid body property
Cube The 3D agent’s shape property
Box_Collider A component used to trigger an event when it comes into contact
with another object
Prey.cs The C# script component allows the agent to perform actions in
the environment
Camera A camera component traces the movement of the agent in first
person
Velocity The velocity of the agent
Turn_speed The speed of which the agent turns 300
Move_speed The speed of which the agent moves on the X, Z axis 2
Normal material Normal material (agent is neither rewarded or penalised if it in- | GreenAgent
teracts with these)
Good_material Good material (agent is rewarded if it interacts with these) PositivePoint
Bad_material Bad material (agent is penalised if it interacts with these) NegativePoint

Use_Vector_Obs

If checked, the agent will send information to the neural network

during training

Ray_Perception_Sensor

A sensor which identifies objects within a given perimeter

Table 3.7: Prey agent’s parameters.
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Component

Property

Value

Plane

Position, Rotation and
Scale along the X, Y, Z

coordinates

P[0, 0 ,0], R[0, 0, 0], S[10, 1, 10]

Wall 1 Position, Rotation, | P[-5.11, 0.8, 0], R[0, 0, 0], S[0.2, 1.7, 10], Box
Scale and Box Collider | Collider [1, 1, 1]

Wall 2 Position, Rotation, | P[5.11, 0.8, 0], R[0, 0, 0], S[0.2, 1.7, 10], Box
Scale and Box Collider | Collider [1, 1, 1]

Wall 3 Position, Rotation, | P[-0.04, 0.8, -5.07], R[0, 90, 0], S[0.2, 1.7, 10],
Scale and Box Collider | Box Collider [1, 1, 1]

Wall 4 Position, Rotation, | P[-0.04, 0.8, 5.07], R[0, 90, 0], S[0.2, 1.7, 10],
Scale and Box Collider | Box Collider [1, 1, 1]

Camera Position, Rotation, | P[-1.13409, 32.80403, 125.6395], R[26.565, -180,
Scale, Clear Flags, | 0], S[1, 1, 1], Clear Flags = Skybox, Culling
Culling Mask and Pro- | Mask = Everything, Projection = Perspective
jection

Directional | Position, Rotation, | P[0, 3, 0], R[50, -30, 0], S[1, 1, 1], Type = Di-

Light Scale, Type and Mode | rectional, Mode = Realtime

Table 3.8: Environment parameters.
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Parameter Definition Range
Batch size The amount of experiences that transpire in each iteration of gradient descent. This parameter | (Continuous):
must always be a fraction of buffer_size. [512, 5120],
(Discrete)
[32, 512]
B8 The strength of entropy regularisation. This parameter ensures that agents accurately explore the | [le-4, le-2]
action space during training. Increasing this will ensure that more arbitrary actions are taken
frequently.
Buffer_size The quantity of observed sensory information (experiences) to accumulate before updating the | [2048,
policy model. This parameter corresponds to how many experiences (observations, actions and | 409600]
rewards obtained) should be secured before learning begins or updating the model. This should
be a multiple of batch_size.
€ This parameter determines how fast the policy can evolve during training. Epsilon corresponds | [0.1, 0.3]
to the adequate threshold of divergence between the old and new policies during gradient descent
updating. Setting this value small will end in more stable updates but will also slow the training
process.
Hidden_units The number of units in the hidden layers of the neural network. [32, 512]
GAE \ This parameter corresponds to the lambda parameter used when determining the Generalised | [0.9, 0.95]

Advantage Estimate (GAE). This can be considered how much the agent relies on its current value
estimate when determining an updated value estimate. Low values correspond to relying more on
the current value estimate (which can lead to bias), and large values correspond to relying more

on the actual rewards received in the environment (which can be considerable variance).

Learning_rate

The initial learning rate for gradient descent. This parameter relates to the strength of each

gradient descent update step.

[1e-5, 1e-3]

Max_steps The greatest number of simulation steps to run during a training session. [5e5, 1e7]
Memory _size The size of the memory an agent must keep; this is generally utilised if use_recurrent is true. The | [64, 512]
parameter relates to the size of the array of floating-point numbers used to store the hidden state
of the recurrent neural network. This value must be a multiple of 4 and should scale with the
amount of information the agent will need to remember to complete the task.
Normalise If true, will automatically normalise observations. This normalisation is based on the running av- | [true, false]

erage and variance of the vector observation. Normalisation can be effective in complex continuous

control problems but may be harmful with more straightforward discrete control problems.

Num_epoch The number of passes to make through the experience buffer when performing gradient descent | [3, 10]
optimisation. Decreasing this will ensure more stable updates at the cost of slower learning.
Num_layers The number of hidden layers in the neural network. This parameter corresponds to how many | [1, 3]

hidden layers are present after the observation input or after the Artificial Neural Network (ANN)
encoding of the visual observation. For more minor problems, fewer layers are likely to train faster

and more efficiently. More layers may be necessary for more significant control problems.

Horizon (T)

Corresponds to the number of steps of experience to collect per-agent before appending it to the
experience buffer. When this limit is reached before the end of an episode, a value estimate is used
to predict the overall anticipated reward from the agent’s current state. As such, this parameter
trades off between a less biased but higher variance estimate (long time horizon) and more biased
but less varied estimate (short time horizon). If there are many rewards within an episode or

episodes are prohibitively large, a smaller number can be more ideal.

(32, 2048]

Sequence_length Corresponds to how long the sequences of encounters must be while training (only used with | [4, 128]
Recurrent Neural Networks).
Summary _freq A Tensorboard specific parameter used to identify how often to log training statistics during a | [le3, 5ed]

training session.

Use_recurrent Set to true if a Recurrent Neural Network is to be used, else a default Artificial Neural Network | [true, false]
(ANN) is applied.
5 This parameter corresponds to the discount factor for future rewards. This can be thought of as | [0.8, 0.995]

how remote into the future the agent should care about possible rewards. When the agent should
be operating in the present to prepare for rewards in the distant future, this value should be large.

In instances when rewards are more immediate, they can be smaller.

Table 3.9: Formal definition of the training parameters and recommended range, where

[x, y] inclusive, source: (Juliani et al., 2018).
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Chapter 4

Learning the Rational Choice
Perspective: A Reinforcement
Learning Approach to Simulating
Offender Behaviours in

Criminological Agent-Based
Models

Over the past 15 years, environmental criminologists have explored the application of
agent-based models (ABMs) of crime events and various theoretical frameworks ap-
plied to understand them. Models have supported criminological theorising and, in
some cases, been applied to make predictions about the impact of interventions de-
vised to reduce crime. However, decision-making frameworks utilised in criminolog-
ical ABMs have typically been implemented through traditional techniques such as
condition-action rules. While these models have provided significant insights, they
neglect a crucial component of theoretical accounts of offending, the notion that of-
fenders are learning agents whose behavioural dynamics change over time and space.
In response, this chapter presents an ABM of residential burglary in which offender

agents utilise reinforcement learning (RL) to learn behaviours. This solution enables
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offender agents to learn from individual-level perceptions of the environment and, given
these perceptions, develop behavioural responses that benefit themselves. The model
includes conceptualisations of the Routine Activity Theory (RAT), Crime Pattern The-
ory (CPT) and a utility function, Target Attractiveness, which acts as a behavioural
mould to nudge offender agents to learn behaviours in keeping with the Rational Choice
Perspective (RCP). Trained behaviours are then tested by introducing crime prevention
interventions into the model and examining the reactions of offender agents. In keep-
ing with empirical studies of offending, experimental results demonstrate that offender
agents utilising RL learn to offend at targets where rewards outweigh risks and effort,
offend close to home, frequently victimise high-rewarding targets, and conversely learn

to avoid offending in areas associated with high levels of risk and effort.

4.1 Introduction

Established among supervised and unsupervised learning, reinforcement learning (RL)
allows artificial agents to learn how to behave within their environment. Agents learn
behaviours by receiving feedback rewards when they perform an action. Under RL an
agent’s goal is to learn actions that maximise its cumulative reward (Sert et al., 2020;
Sutton & Barto, 2018b; Wiering & Van Otterlo, 2012).

RL algorithms can learn advanced problems to solve using neural networks (Islam
et al., 2019), such as playing complex games and defeating human players (Justesen
et al., 2020). In health research, RL was used to develop treatment plans for patients
(Jalalimanesh et al., 2017). In social sciences, researchers have integrated RL with
Agent-Based Modelling (ABM) to demonstrate previously unidentified phenomena in
agent’s decision-making using a well-known ABM (Sert et al., 2020). Lastly, RL was
used to teach a system how to trade stocks on a stock market (Dang, 2020).

Given recent advances in RL research and open-source software, this chapter at-
tempts to demonstrate the value of this approach in ABMs of environmental crim-
inology - a facet of criminology focusing on environments and how they influence
crime/victimisation. Our rationale in doing so is to support those engaged in mod-
elling criminal behaviour and occurrence of crime events with more accurate models
of offender behaviour (Johnson & Groff, 2014; Johnson et al., 2014; Park & Buckley,
2016).

Rational choice perspective (RCP) (Cornish & Clarke, 1987) proposes a framework
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for understanding offender decision-making processes. RCP states that offenders choose
their behaviour and weigh whether rewards from committing an offence outweigh effort
and risks in pursuing that offence. If this condition is satisfied, offenders will likely
offend. Conversely, the likelihood of not offending is greater when risks and effort
outweigh rewards. RCP provides practitioners and policymakers with a blueprint to
understand offender behaviour and devise interventions aimed to reduce crime (Birks
et al., 2012; Clarke, 1997a; Cornish & Clarke, 2003; Hayward, 2007; Wortley, 2001).
RCP underpins situational crime prevention intervention (SCPI) (Clarke, 1980), which
seeks to reduce crime by manipulating the rewards, risks and effort calculus - i.e., mak-
ing crime riskier requiring more effort or less rewarding. SCPIs have reduced crime (Eck
& Clarke, 2019; Linden, 2007; Poyner, 1991), which is why many scholars believe the
RCP is correct. RCP is an integral component when developing computational models
of offender behaviour. Typically, models embed some measure (known as suitability
in (Malleson et al., 2010) or probability of offence (Birks et al., 2012)) which define
conditions where offences take place.

There are many studies where environmental criminologists adopt ABMs (Birks
et al., 2012; Bosse & Gerritsen, 2008; Gerritsen, 2015; Gialopsos & Carter, 2014; Groff,
2007; Joubert et al., 2022; Malleson et al., 2010, 2012). Most models propose tradi-
tional condition-action rules to respond to situations preventing agents from learning
and adapting to change. This chapter presents an alternative approach to modelling
behaviour. Here, offender agents are trained in various environmental configurations
using RL to observe how they learn and adapt to intervention measures. We com-
pare offender agent behaviours to RCP during testing to ensure expected behaviours
are learned if the model has replicated these theoretical conceptualisations accurately
(i.e., Routine Activity Theory and Crime Pattern Theory) (Gialopsos & Carter, 2014),
then we expect offender agents to develop behaviours characterised by RCP (Cornish
& Clarke, 1987).

Using this model, in this chapter, we explore three primary questions:

1. Do offender agents utilising RL portray behaviours in agreement with RCP, i.e.,
to what extent do they learn to offend when rewards outweigh risk and effort and

vice versa?

2. Do offender agents utilising RL adapt to changes in their immediate environment

given the introduction of simulated crime prevention interventions?
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3. Do simulated crimes generated by offender agents utilising RL display patterns

commonly observed in empirical studies of crime?

The chapter begins by providing a brief literature review of related work 4.2 cri-
tiquing the main theories and analysing ABMs in environmental criminology. Model
description 4.3 section describes the model logic, including conceptualised theories. Re-
sults 4.4 section describes a series of experiments run using the model, and the outcomes
of those experiments are presented. Lastly, discussion and conclusion 4.5 of findings,

drawbacks and contributions to environmental criminology are presented.

4.2 Literature review

ABMs allow researchers to simulate a process at the individual level. Producing a dis-
aggregation of complex systems split into components with individual characteristics
(Epstein & Axtell, 1997; Heppenstall et al., 2012). Most criminological applications
of ABMs have been applied within the field of environmental criminology due to their
spatial modelling capabilities (Groff et al., 2019). As described by scholars, most ABMs
in environmental criminology adopt static rules referred to as ”condition-action rules”,
whereby a rule is triggered when an agent is situated in a state where conditions for
that rule are satisfied (Johnson & Groff, 2014). These traditional methods have meant
agents are not susceptible to changing and adapting their behaviour while learning
from their surroundings, which some neurologically inspired computational studies ar-
gue are fundamental characteristics of the brain (Niv, 2009; Sutton & Barto, 2018b;
Wiering & Van Otterlo, 2012). This chapter presents RL as a means to contribute
to behavioural decision-making in these models. The following section critiques some
of the foundational theories in environmental criminology which we aim to replicate
through RL.

4.2.1 Critique of environmental criminology theories

While theories like Routine Activity Theory (RAT) (Cohen & Felson, 1979), Ratio-
nal Choice Perspective (RCP) (Cornish & Clarke, 1987), and Crime Pattern Theory
(CPT) (Brantingham & Brantingham, 2019) have significantly contributed to the field
of environmental criminology, they are not without their critics. This section delves

into some of the limitations and areas of contention surrounding these theories.
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Routine activity theory (RAT)

RAT hypothesises that crime occurs when a motivated offender encounters a suitable
target without a capable guardian in place. Critics argue that RAT oversimplifies
complex social interactions and fails to account for the offender’s background, motives,
and other socio-psychological factors (Sampson, 1988). It also does not fully consider
the broader social structures and inequalities that may influence criminal behaviour
(Stevenson & Forsythe, 1998).

Rational choice perspective (RCP)

RCP suggests that offenders make calculated decisions based on a risk-reward analysis.
However, this theory is often criticised for assuming a level of rationality in decision-
making that may not align with the spontaneity and situational influences that affect
real-world crime (Hayward, 2017). It has been pointed out that not all offenders engage
in a conscious cost-benefit analysis, and many crimes are opportunistic rather than

premeditated (Young, 2004).

Crime pattern theory (CPT)

CPT focuses on the spatial and temporal patterns of crime, assuming that offenders
are primarily influenced by their awareness of space. Critics of CPT argue that it may
not fully encapsulate the complexity of environmental and societal factors that shape
crime patterns, such as urban design and socioeconomic conditions (Brantingham &
Brantingham, 2016). Moreover, it may neglect the psychological and emotional states

that can influence an individual’s criminal behaviour (Godin, 2007).

General drawbacks

Across these theories, a common critique is their tendency to overlook the heterogeneity
of offenders and the variability of human behaviour. They often assume a homogeneous
offender population and do not account for individual differences in cognition, emotion,
and social influence (Wikstrom, 2006). Additionally, these theories may not adequately
explain why the same environmental factors can lead to different outcomes for different
individuals or why crime rates vary significantly across similar physical settings (John-

son et al., 2014). The following section describes some prominent applications of ABM
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in environmental criminology.

4.2.2 ABMs in environmental criminology

According to Johnson & Groff (2014), most ABMs in criminology have either con-
ceptualised one or more of the following theories; these are Routine Activity Theory
(RAT) (Cohen & Felson, 1979), Rational Choice Perspective (RCP) (Cornish & Clarke,
1987) and Crime Pattern Theory (CPT) (Brantingham & Brantingham, 2019). RAT is
concerned with the likelihood of crime occurring when a suitable target and motivated
offender cross paths without a capable guardian. CPT focuses on when and where
these convergences occur, how offenders perceive their environment and how these per-
ceptions lead to offences. RCP describes the framework for thinking about offenders’
decisions, where offenders are likely to offend in situations where rewards for offending
outweigh risks and effort.

Most criminological ABMs reviewed here embed some form of condition-action rule
inspired behavioural frameworks while embedding some of the above crime dynamics.
Here, we review the frameworks utilised and the identified drawbacks. As a result of
these frameworks, we believe the proposed RL framework can contribute.

Bosse & Gerritsen (2008) researched how offender behaviours, targets and guardians
impact displacement of crime hot spots using the RAT. The model adopted a predicate
logic framework. As behaviours are static, authors found their model led to unsatisfac-
tory outcomes, such as ”police always arrive too late” in every situation. Caskey et al.
(2018) presented a similar ABM to (Bosse & Gerritsen, 2008). However, they opted for
a more advanced decision-making framework called belief learning. In this approach,
agents were able to learn and adapt to other agents’ actions by modelling the RAT,
while, in our research, offender agents will learn from spatial perceptions and adapt to
the environment. Empirical research of offender behaviour suggests ”specialised knowl-
edge” transpires from offender-environment interaction (Taylor & Gottfredson, 2015;
Topalli, 2005).

Birks et al. (2012) developed an ABM of residential burglary using condition-action
rules. The article demonstrates how ABM can test hypothetical mechanisms explaining
criminological phenomena. However, the model assumed equal weighting in decision-
making processes, i.e., perceived utility and localised knowledge, which authors state

"unlikely to reflect real-world offending” (Birks et al., 2012, p. 244). In our model, we
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develop a target attractiveness utility that is offender specific. Groff (2007) proposed an
ABM with RAT to investigate street robbery dynamics. Researchers utilised condition-
action rules. As a result of the study, authors argued, and we agree with, for individual-
level perceptions of geographical localities to be incorporated into individuals’ decision-
making (Groff, 2007, p. 99).

Malleson et al. (2010) developed an ABM of residential burglary and opted for the
Physical conditions, Emotional states, Cognitive capabilities and Social status (PECS)
framework (Urban & Schmidt, 2001). Authors found that ”the complexity of agents
must be increased to allow them to perceive their environment correctly” (Malleson
et al., 2010, p. 248). Furthermore, they highlight the need to incorporate the decision
to "not offend” as a viable option in enhancing the models’ accuracy in replicating
offender behaviours. Using RL, the proposed offender agents will use individual-level
spatial perceptions to learn about the space and make decisions. Some of these decisions
include the choice not to offend.

A recent article utilised RL as a decision-making framework (Joubert et al., 2022).
Researchers investigated street robbery dynamics in Cape Town (South Africa). The
model successfully enhances the characteristics of behaviours, environments and agents
using RL. During review, we found that ”perpetrator reward signal” (Joubert et al.,
2022, p. 5) did not incorporate conceptualisations of effort and risk, which are crucial
components impacting offender’s behaviour with regards to target selection according
to RCP(Cornish & Clarke, 1987). Furthermore, researchers do highlight the need to
”investigate the effect within-episode variance of robbery opportunities, and whether
endowing perpetrators with a risk appetite, along with other robbery dynamics such as
guardianship effects”, could allow models to replicate empirical robbery data (Joubert
et al., 2022, p. 17). In our model, we incorporate risk by introducing SCPIs mid-episode
where interventions surrounding a target increase risk in victimising that target.

These contributions demonstrate how ABMs in environmental criminology span var-
ious applications. Some ABMs have been employed to predict crime events or model
theoretical propositions of crime theory over various spatio-temporal resolutions, for
example, (Groff, 2007) modelling the RAT in a street robbery context applied to Seat-
tle (US) and (Joubert et al., 2022) in Cape Town (South Africa) and burglary rates
modelled in Leeds (UK) by (Malleson et al., 2009). Some models have addressed chal-
lenges of testing criminological theory through ABM, these include (Birks et al., 2012;
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Bosse & Gerritsen, 2008; Bosse et al., 2011; Caskey et al., 2018).

We would argue that despite diverse applications, ABM in environmental crim-
inology is still primarily in its infancy. Therefore, new contributions can focus on
various challenges in modelling crime dynamics (Gerritsen, 2015). Most models lack be-
havioural heterogeneity; for example, offender agents have different characteristics - i.e.,
home location and propensity to offend. However, for the majority, all offender agents
employ the same offending behaviour. While crime models typically use condition-
action, which limits adaptive behavioural heterogeneity, other fields have started to
explore more complex approaches to simulating agent behaviour (Littman, 2015; Lock-
wood & Klein-Fliigge, 2021; Rahimiyan & Mashhadi, 2010; Rawal et al., 2010). Con-
sequently, a gap in behavioural representation in crime models has emerged. Cornelius
et al. (2017) found that discrete rules such as ”count nearest four agents if nearest four
agents are criminals, do the following” are adopted by all offenders, which in most cases
leads to scenarios where offender agents are more likely to behave similarly while navi-
gating the environment. Some models consider relatively simple structures for learning
agents such as geospatial awareness spaces (cognitive map) (Birks et al., 2012; Groff,
2007; Malleson et al., 2010, 2012) which allows agents to rudimentarily represent some
level of heterogeneous awareness of the model environment. However, in these models,
agents do not learn behaviours (in contrast, behaviours are defined explicitly).

In response, and following recent advances in other areas of social simulation (Baker
et al., 2019; Sert et al., 2020), this chapter proposes that using RL in ABMs of crime
event dynamics may increase the accuracy of modelled behaviours as agents learn
through assessing their dynamic environment and adapting to changes. Thus over-
coming challenges that may be introduced through the application of condition-action
behaviours (Dahlke et al., 2020, p. 13) typically used in previous studies.

To improve upon previous models, this research will present a model of burglary
dynamics in which a RL algorithm is applied to model offender agent behaviour. We in-
tend to explore if plausible adaptive behaviours can be organically learnt by agents, i.e.,
can agents learn the RCP and produce crime patterns indicative of empirical findings?
Demonstrating RL as a viable decision-making option to model crime event dynamics

more accurately.
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4.3 Model description

This section details our proposed Agent-Based Model (ABM), which incorporates ele-
ments of the Overview, Design Concepts, and Details (ODD) protocol (Grimm et al.,
2006). The ODD protocol, a standardised framework for describing individual and
agent-based models, enhances clarity and reproducibility. Here, we describe the model’s
purpose, the entities involved, the process overview, and the design concepts involved,
particularly focusing on the aspects of the ODD protocol that most closely align with
our research objectives. In Figure 4.1 we provide an activity diagram describing all the

modelled entities and their relationships.

4.3.1 Purpose

Our ABM utilises Proximal Policy Optimisation (PPO) (Schulman et al., 2017) to
simulate the dynamics of residential burglary events. The choice of residential burglary
was informed by the extensive literature and well-documented spatio-temporal features
of this offence (Johnson et al., 2007; Zhang & McCord, 2014; Zhang & Song, 2014),

which provide a basis for model validation.

4.3.2 Model entities

Prior to introducing the model environment visualised in Figure 4.2, it is essential to

define the key components comprising the model. These entities include:

e Offender agents (B): Autonomous entities within the model that exhibit decision-
making capabilities, which are influenced by their interactions with the environ-

ment and other model components.

e Static targets (C): Representations of residential properties or other points of
interest for the offender agents, which do not change location once the model

begins.

e Situational interventions (D): Measures implemented within the environment
to influence the behaviour of offender agents, such as increased surveillance or

physical barriers, intended to reduce the attractiveness of targets.

e Nodes (E): Points in the model that form a network simulating a rudimentary

transport system, guiding the navigation of agents through the environment.
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¢ Routine activity nodes (F): A subset of nodes that represent significant loca-
tions in the daily movements of offender agents, such as a ’home’ or commonly

visited areas.

e Spatial localities: Two distinct areas within the model environment where the

aforementioned entities are situated and interact.

These entities are integral to the construction of the model environment and its
capacity to simulate complex behaviours. They have been conceptualised based on
seminal works in the field (Birks et al., 2012; Malleson et al., 2010; Park & Buckley,
2016).

(A)

Figure 4.2: Example model environment, where (A) is the environment on a 100 x 100
grid which includes five offender agents (B), 100 targets (C) and interventions (D) at
each of the two spatial localities, 100 nodes (E) of which, 23 are routine activity nodes
(F), where each offender agent has five assigned nodes (the same node can be assigned

to two or more offender agents).
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4.3.3 Model environment

The model applies situational interventions (Clarke, 1980) to stimulate individual be-
havioural learning and adaptivity of offender agents using RL, where agents respond to
spatial stimuli with differing responses, intending to output spatial patterns of crime in
agreement with environmental criminology theory. Situational interventions are con-
ceptualised as forms of property protection, such as increased guardianship through
CCTYV, which in turn modify the agents’ risk assessment of targets.

The spatial configuration of the model environment is deliberately structured with
defined boundaries rather than a toroidal space. This design choice is informed by the
need to accurately observe and analyse the impact of environmental interventions on
offender behaviour within a controlled setting. The bounded space allows for a clear
delineation of edge effects and the central concentration of offences, providing valuable
insights into the migration of offender activities in response to heightened risk percep-
tion. It is essential to consider that the opportunities to offend are equally distributed
across the model environment. Offender agents are placed randomly, ensuring that
each has an equal chance to encounter targets of varying reward levels, irrespective of
their home location or routine activity nodes. This approach aligns with the principles
of environmental criminology, allowing for the assessment of spatial dynamics and the

effectiveness of situational interventions within the confines of a well-defined area.

Interventions

Interventions are materialised as static objects within the model environment, serving
as protective measures for properties. Their placement is systematically randomised
across the grid to mimic real-world distribution and to influence agent perception of
risk. The number and allocation of these interventions can be precisely controlled,
allowing for reproducible setups across simulation runs (Figure 4.2, D). The quantity

can be manipulated for each of the two spatial localities (areas), for example:

where

Areay(I) = w, Areay(I) = z,

g = green, o = orange for both localities, I = Interventions and w, x are the number

of interventions where 0 < w < N,0 < x < N. N is the total number of unoccupied
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grid cells available within the environment.

In order to distribute interventions spatially, unoccupied cells (cell € N) are ran-
domly selected. The purpose of the intervention is to increase risk surrounding an
adjacent target, which subsequently affects target attractiveness for that target. Inter-

ventions are a conceptualisation of SCPIs (Clarke, 1980).

Targets

Targets, which represent residential properties, have a dual nature in the model. They
are static in placement but dynamic in their value attributes, with each target assigned
a reward value within a pre-defined range. This reward value, combined with a distance-
based effort calculation unique to each agent, forms the basis of a target’s attractiveness,
which is central to agent decision-making (Figure 4.2, C). More formally, the number
of targets per locality can be specified. In keeping with RCP (Cornish & Clarke, 1987),

each target has a reward value:
Ti(reward) = [z, y],

where each target ¢ has a randomly assigned floating-point value between x and y

inclusive. Furthermore, the reward scale can vary for each locality, where:
Areay(Ti(reward)) = [w, x], Areao(T;(reward)) = [y, 2],

each target has an effort value. The ef fort is offender agent specific, where effort
for a target is the normalised Euclidean distance of the offender agent’s home routine
activity node to the target; thus, the furthest target to an offender agent’s home has
an effort value of 1.0 and the closest target, has an ef fort where 0 < effort <
1. Effort reflects the principle of least effort (Florence & Zipf, 1950) within offender
agent decision-making regarding target selection; it also increases heterogeneity among
offender agent behaviours, i.e., some offender agents living closer to rewarding targets
may be less inclined to travel further.

The above three components are used to build a target attractiveness measure
Formula 4.1 for each offender agent. A formal example of the logic behind Reward,
Risk and Ef fort can be found in Appendix 4.8.1.

Target_Attractiveness(T;) = T;(Reward) — (T;(E f fort)
+T;(Risk)) (4.1)
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While reward and risk are target-specific, effort is agent specific - thus, the target
attractiveness measure is also agent-specific. Thus, behaviours learned will vary across
offender agents depending on their routine activity spaces. This measure should enable
offender agents to perceive targets in different ways and develop behaviours consistent
with empirical patterns of offending, which research has shown to be situation specific
(Brantingham et al., 2006; Clarke, 1997b).

Nodes

Navigation nodes act as way-points in the agents’ movement across the environment,
distributed to create a rudimentary transport network. These nodes facilitate realistic
agent navigation, aligning with the concept that offender agents are likely to encounter
potential targets along their routine paths as found in (Birks et al., 2012; Park & Buck-
ley, 2016). Nodes are randomly distributed across the environment in unoccupied cells
(Figure 4.2, E). If Of fenderx(RAN) > 0 then Nodes > 0, where O f fenderx(RAN)
are routine activity nodes assigned to Offender agent X and Nodes are the number of
nodes in the environment. In Figure 4.2 A, we see 100 nodes distributed, where 23 of

these are routine activity nodes.

Routine activity nodes

Routine activity nodes are a crucial element that constrains and directs the spatial
movement of offender agents. Each agent is assigned a set of these nodes, including a
unique ’home’ node, which serves as the origin point for its activities. This assignment
follows the Routine Activity Theory (Cohen & Felson, 1979), ensuring that each agent’s
movement patterns and the potential for offending are closely related to its routine

activities (Figure 4.2, F), where:
Of fenderx(RAN) C Nodes,
Each offender agent has a number of routine activity nodes assigned to it:
Of fenderx(RAN) = [2, Nodes],

therefore, 2 < Of fenderx(RAN) < Nodes. These routine activity nodes constrain
spatial movement of offender agents, where they move between routine activity nodes

and encounter potential targets during their travels. Each offender agent has a home
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node from which they originate. No two offender agents can have the same home node;
however, the home of one offender agent can be within the routine activity space of
another offender agent. Offenders have daily routine activities (Brantingham & Brant-
ingham, 2019); therefore, we expect offender agents to offend/not offend in locations
they have previously encountered during their travels. Similar conceptualisations were
adopted in (Birks et al., 2012; Eck & Liu, 2004; Groff, 2007; Malleson et al., 2010).
The network of routine activity nodes within the model is designed to reflect the
stochastic nature of a real-world urban grid, functioning similarly to a random graph
structure. This design choice models the unpredictability and complexity of an urban
environment, where the connectivity between nodes represents potential paths an of-
fender may traverse during their routine activities. This randomness is grounded in the
theory that urban movements are often non-linear and subject to various social and
environmental factors (Hillier, 2007). A practical illustration of this is the allocation
of a ’home’ node and additional nodes to each agent, simulating an individual’s place
of residence and frequented locations, such as workplaces or social hubs. For example,
an agent might be assigned a home node at location (x1,y;) and additional nodes at
(z2,y2) and (x3,ys3), reflecting a simplified version of a person’s daily commute and
socialising spots. This arrangement allows the model to encapsulate the diversity of
movement patterns and the potential for crime commission across different urban land-
scapes. The stochastic distribution of these nodes ensures that each simulation run
generates unique movement patterns, thus providing robustness to the model by intro-
ducing variability in the agents’ experiences and decision-making processes, much like

in real life.

4.3.4 Offender agents

Agents within our model are known as offenders, Figure 4.2, B. These agents navigate
the environment, perceive surroundings and make decisions influenced by spatial stimuli
inferred by RL (sub-section 4.3.5). Agents can undertake three key actions: Move,
Commit_Offence and Dont_Commit_Offence; RL is used to develop behaviours using
these actions. The following paragraph will describe these actions, including their

abstract and formal specification (found in Appendix 4.8.1).
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Movement

Abstract definition: Offender agents start at their home routine activity node and
follow the shortest straight line distance (Euclidean distance) to a selected routine
activity node from their routine activity space. Once an offender agent reaches the
next node, the above process repeats itself Figure 4.3. A formal definition of movement

can be found in 4.8.1.

Figure 4.3: Example Model Environment: a single offender agent A navigating from
its home node to a routine activity node ¢ where RAN; € Of fendera(RAN) —
Of fender sA(RANp).

Offend & dont_offend

Abstract definition: An offender agent can commit or not commit an offence when
in the same cell as a target. The decision to choose the latter or former depends
on 1) the immediate environment and data perceived during RL training and 2) the
estimated reward outcome for deciding to offend or not offend. During training, offender
agents are reinforced (negatively or positively) by receiving the target attractiveness
utility associated with a given target when deciding to victimise it; this informs the RL
algorithm of this decision during training. If the outcome is negative when an offence
has been committed, risk and effort have outweighed the reward.

The decision to not offend was added to the model to 1) observe if-when offender
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agents learn to not offend at targets where risks + effort outweigh rewards. 2) to
demonstrate heterogeneity among offender agents when an offender agent lands in a
cell containing a target, they make an active choice to offend or not offend, and both
decisions lead to some reward or punishment, which influences the learnt behaviours
through RL. Some offender agents may offend more than others, given their localised
experiences, as presumed empirically. An offender agent that chooses not to offend
accumulates zero rewards during testing; however, to ensure offender agents learn that
not offending is a plausible outcome in situations where Target_Attractiveness < 0,
they are given a 41 training reward for choosing not to offend. Conversely, they are
penalised -1 when they decide not to offend when Target_Attractiveness > 0. By
applying these rewards and penalties, we expect offender agents to make appropriate
decisions given their circumstances.

Ultimately, offender agents should only offend when opportunity presents itself, and
rewards outweigh risks and effort and not offend otherwise. Refer to 4.8.1 for a formal

definition of the described process.

Offender perception

Abstract definition: Every offender agent has an “awareness space”. These are sen-
sory information captured from the offender agent’s immediate environment. Offences
occur when awareness spaces of offender agents converge with targets. This formal-
isation attempts to encapsulate propositions of CPT (Brantingham & Brantingham,
2019), which proposes that offences are likely to take place where rewarding opportu-
nities intersect with offender awareness. In our model, offender agents perceive objects
within their immediate space and capture data, including the distance to the object
and its type. Offender agents utilise these data during training, enabling RL to train
the Artificial Neural Network (ANN) (Islam et al., 2019) to learn the most suitable
conditions in which offences occur and vice-versa. Post-training, offender agents apply
learned knowledge about the environment and make decisions. In Figure 4.4, offender
agents have ten individual sensors. A formal definition of this process can be found in

4.8.1.
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Figure 4.4: Example Model Environment: offender agent perception, a sensor can be

either red or white. The former means object identified, and the latter means no object.

Target cumulative reward

Abstract definition: Every offender agent has a target wealth, target cumulative re-
ward (TCR). If during training, an offender agent accumulates total cumulative reward
> TCR (where total cumulative reward is the sum of target attractiveness), they are
rewarded a training reward to introduce eagerness.

To counterbalance eagerness, we introduce losses/costs. Every time step, each of-
fender agent loses a small amount of accumulated total cumulative reward. Therefore,
Some offender agents will reach and surpass their TCR, while others may not (these
measures are analysed in section 4.4).

Our model setup allows agents to learn behaviours within their immediate space
from individual perceptions. We compare outcomes at various spatio-temporal resolu-
tions with patterns of crime characteristics in agreement with environmental criminol-

ogy theory and empirically observed patterns, including:

e Offenders committing more offences at familiar locations compared to unfamiliar
locations, CPT (Brantingham & Brantingham, 2019) and spatial concentration
of crime (Weisburd et al., 1993).

e Offending in areas closer to home, JTC (Rengert, 2002), least effort principle
(Florence & Zipf, 1950).
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e Victimising the same rewarding targets more frequently, assault reputation (Bosse

& Gerritsen, 2008), repeat victimisation (Farrell & Pease, 2001).

e Not offending due to lack of rewards, known as offender discouragement (Clarke &
Weisburd, 1994) and representing the variability in offender propensity to offend

(Nadal et al., 2010) - with some offenders offending a lot more than others.

4.3.5 RL for Decision-Making

Reinforcement Learning (RL) agents learn by interacting with their dynamic environ-
ment. At each timestep, agents perceive the current state of the environment, execute
an action, and consequently, the environment transitions to a new state. A reward
signal, often conceptualised as target attractiveness, evaluates the quality of each tran-
sition. The primary objective for these agents is to maximise their cumulative reward
over time through effective interaction (Busoniu et al., 2010; Islam et al., 2019; Kael-
bling et al., 1996; Sutton & Barto, 2018b; Wooldridge, 2020).

The term “behaviourally realistic” refers to the capability of RL agents to emulate
complex behaviours observed in real-world entities or systems. This involves agents
learning to make decisions and take actions that closely resemble those of humans,
animals, or sophisticated systems in specific contexts, based on empirical data. Such
capabilities are crucial for applications where realistic simulation of behaviour is essen-
tial for understanding, predicting, or enhancing real-world processes.

Applications of RL to create behaviourally realistic agents are varied and span

multiple disciplines. For instance:

1. In Finance, Dang et al. (2020) demonstrated how RL can be used in algorithmic
trading to simulate realistic market strategies that adapt to changing market
conditions, mimicking the strategic decision-making of human traders (Dang,
2020).

2. In Social Science, Sert et al. (2020) applied RL to model social segregation dy-
namics, where agents learned to exhibit behaviours that closely resemble patterns
observed in empirical studies of social interactions and movements (Sert et al.,

2020).

3. In Urban Planning and Crime, Joubert (2022) showed that RL could sim-

ulate the decision-making processes of offenders operating within South Africa
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conducting petty crimes (Joubert et al., 2022).

4. In Environmental Science, Liu (2020) reviewed applications of RL in manag-
ing natural resources and environmental challenges, where agents learn to make
decisions that align with sustainable practices observed in real-world scenarios
(Liu et al., 2020).

These examples underscore the versatility and effectiveness of RL in creating agents
that not only learn and adapt within a digital environment but also exhibit decision-
making patterns that are indistinguishable from those observed in empirical data across
various domains.

RL is split into two parts, training and testing. During training (Figure 4.5, A),
agents are initialised, some state s of the environment is observed, and an initial action
is taken. Objective function (Formula 4.8.3) measures how good the current policy
7y (a set of state-action pairs) is compared to the previous policy mgoq. A reward or
penalty is provided to the ANN, which updates future decision policies. For example, if
an offender agent offends at a target near home, they will most likely receive a greater
reward than offending at a target further from home as effort will be greater. Thus,
the offender agent learns to offend closer to their home location as a better choice.
Nevertheless, if a very rewarding target exists further away from home, it may also be
considered. Thus, during training, offender agents learn to trade off the core measures of
risk, reward and effort represented in the model to develop offending preferences. After
this initial training phase, trained ANNs are assigned to each agent during testing, and
the model is run. These agents use the ANN to infer decisions in the environment
and adapt to potential changes. As the environment is stochastic, each run will be
dissimilar to the previous; thus, agents should perform the most suitable action. To
evaluate the behaviours, output data will be analysed. See Table 4.2, for a list of model
outputs.

The PPO algorithm improves training stability by reducing search space when de-
vising a new policy. It does this using a clipped surrogate objective (Queeney et al.,
2021; Schulman et al., 2017). These underpinning formulae can be found in Appendix
4.8.2, Formulas 4.8.2 and 4.8.3. A simple illustration of these formulae is found below.

Empirical expectation [, is the ratio of the difference between the old policy and
current policy distributions. 7¢(€) is greater than 1 when the action is more likely for

the current policy than the old policy; it will remain between 0 and 1 when the action is
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Figure 4.5: Block diagrams, where (A): basic reinforcement learning ANN training

architecture. (B): RL life cycle in ml-agents package (Juliani et al., 2018).

less likely for the current than the old policy. Ay is the advantage estimate; the higher
the value, the better the agent’s current actions are than the actions it started with.
Thus, Formula 4.8.2, also known as the conservative policy iteration, tries to prevent
substantial policy updates, which can cause unstable training outcomes. The LELIF
Formula 4.8.3, known as the clipped surrogate objective, clips the distribution change
of the policy ratio between 0.8 and 1.2, where € = 0.2 (Schulman et al., 2017). It takes
the minimum of the current policy ratio r,(8)A; and the clipped policy ratio. This
removes the incentive for the policy change to move outside the bounds of 0.2, thus
minimising instability in policy change, which was a drawback of PPO’s predecessor
Trust Region Policy Optimisation (TRPO) (Schulman et al., 2015). Ultimately, the
extent to which policies change is monotonic; thus, behaviours learnt at timestep ¢;

will not significantly differ from those learnt at timestep t5.

The PPO algorithm (Schulman et al., 2017) uses an ANN to approximate a func-
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tion mapping an agent’s observations to the best action an agent can take in a given
state (Figure 4.8.17). Each offender agent makes observations given localised informa-
tion (sub-section 4.3.4). These observations train ANNs, which subsequently learn to
match scenario/state to action by trying various configurations to maximise an objec-
tive function (Schulman et al., 2017; Sutton & Barto, 2018b), Figure 4.5, B.

Proximal Policy Optimisation (PPO), which is the focus of this chapter, has been
demonstrated to surpass its competitors in a multitude of evaluated environments.
These competitors encompass algorithms such as Trust Region Policy Optimisation
(Schulman et al., 2015), Cross-Entropy Method (Szita & Lorincz, 2006), Advantage
Actor-Critic (A2C) (Mnih et al., 2016), and A2C with Trust Region (Wang et al., 2016).
PPO is commended for its approximation to an optimal policy structure (Martin-
Guerrero et al., 2008) and for its efficient data utilisation coupled with robust par-
allelism capabilities (Chu, 2018). The ‘ml-agents’ toolkit, introduced by Juliani et al.
(Juliani et al., 2018), facilitates the streamlined implementation of such algorithms,
enhancing the reproducibility and explainability of resultant model behaviours. More-
over, the substantial citation count of over 8032 for PPO (Schulman et al., 2017) on
Google Scholar as of 03/08/2022 is reflective of its broad recognition and utilisation
within the literature.

It is appropriate to note, however, that citation counts, while indicative of a paper’s
influence and the academic community’s engagement with the work, are not absolute
measures of its importance or correctness. They should be interpreted with caution.
The case of Wakefield’s study on MMR and autism serves as a stark reminder that
high citation numbers can also result from controversy or refutation (Wakefield et al.,
1998). The rationale for referencing highly cited work in this domain is to highlight
the discussion in well-regarded and extensively scrutinised studies, thereby ensuring

academic rigour.

4.4 Results

Having described the model, we now set out a series of experiments conducted using
it, where environmental parameters are manipulated (i.e., distribution of rewards and
interventions) and offender agents are trained. Once offender agents are trained, they
are tested post-training, where output data are used to evaluate whether crime patterns

change as the environment changes.
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To recap, in this chapter we aimed to explore three primary questions:

1. Do offender agents utilising RL portray behaviours in agreement with RCP, i.e.,
to what extent do they learn to offend when rewards outweigh risk and effort and

vice versa?

2. Do offender agents utilising RL adapt to changes in their immediate environment

given the introduction of simulated crime prevention interventions?

3. Do simulated crimes generated by offender agents utilising RL display patterns

commonly observed in empirical studies of crime?

The RCP (Clarke & Cornish, 1985; Cornish & Clarke, 1987, 2017) suggests that
offenders act in a particular way with regards to target selection. If the offender agents

in our model act per RCP, we would expect to see the following:

e Offender agents will learn to commit offences at targets where target attractive-
ness is > 0 (i.e., where the rewards associated with victimising a particular target

outweigh the risks and the effort involved in doing so).

e Conversely, offender agents will learn not to commit offences at targets where tar-

get attractiveness is < 0 (i.e., where risk and effort combined outweigh rewards).

The two spatial environment localities described in Section 4.3 are setup as treat-
ment (left) and buffer (right) areas.

Experimental conditions are outlined in Table 4.1.

e 50 episodes are run for each experiment.

e Each episode consists of 2000 discrete timesteps (an episode is one execution

of the model, and timesteps are the duration of that execution).

e Due to stochasticity, 10 simulation batches were operated for each experi-
ment condition with 50 simulations per batch leading to 500 instances per

experiment.
e In total, 500 episodes per experiment condition were analysed.

e Model environment is made up of 100x100 grid configured as a box.
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1/4 of all cells (2500) contain a potential target representing a residential prop-
erty.

1% of these targets are offender agent homes; therefore 25 offender agents are

instantiated.

Each offender agent has 5 routine activity nodes.

A total of 500 navigational nodes are distributed.

The above list describes the instantiated state for each episode. In both the train-
ing and testing phase, the model simulates the setup of SCPIs (Clarke, 1980, 1997b)
at a specific temporal point as a given simulation is running. In episode 25/50, 1250
interventions are introduced into the treatment area. Thus, every target will have at
least one intervention within one of the eight adjoining cells. These interventions test
the adaptability of offender agents post-training under two significantly different envi-

ronmental conditions to observe the impact increased risk has on learned behaviours.

Experiment Condition | Interventions' | Distribution of Target Rewards | Target Cumulative Reward
1 1250 1 5
2 1250 0 5
3 1250 U[o0,1]2 5

Table 4.1: Model experiment parameters for three conditions.

Output data (Table 4.2) from each experiment condition (Table 4.1) generates
25 rows of data (each offender agent) 2000 times (one for each timestep), capturing
2,500,000 rows of data per simulation across ten repeated simulation conditions (n
= 25,000,000), these can be used to analyse individual behaviours of offender agents
throughout a model experiment. With the utility of visualisations, these data eval-
uate how offender agents adapt to their environment, help to assess if they learn to
behave per the RCP and reveal insights into heterogeneous behaviours. The following
sub-sections illustrate each experiment condition and findings.

The findings from Figure 4.6 and summary statistics in Table 4.5 suggest a relatively
narrow spread in the means of Target Attractiveness, standard deviation and coefficient
of variation across different simulation runs for the same experiment conditions. This
can be indicative of a few key points in the context of assessing the adequacy of the

simulation runs:
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where (A)-(C) are Experiments 1

e Stability and Consistency: The narrow range implies that the mean 'Target At-

tractiveness’ is relatively stable and consistent across the different runs.

This

stability is a good sign that the number of runs (10) and episodes per run (50)

might be sufficient to capture the inherent variability of the model.

e Low Variability Between Runs: The small variance between the runs suggests that

increasing the number of runs might not significantly change the overall results,

indicating that our choice of 10 batches of 50 simulation runs was potentially a

good balance between accuracy and computational efficiency.

4.4.1 Experiment 1 - uniform distribution of rewards (1)

Before we delve into the experiment, it is worth defining a crucial mechanism in the

experiments, namely ’interventions’ within the context of this model refers to situ-

ational crime prevention measures designed to alter the environment in a way that

deters criminal behaviour. These interventions increase the perceived risk of offending

at a target location, thereby reducing its attractiveness to offenders. They are concep-

tualised based on situational crime prevention strategies which focus on making crime

harder, riskier, and less rewarding to commit.

In this experiment, Rewards at each target is uniform set to 1, therefore,

0 < Target_Attractiveness < 1 pre-intervention and —1 < Target_Attractiveness < 1

!These interventions are introduced at the 25" episode.
2A uniform distribution of rewards [X, Y] inclusive.
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post-intervention. If offender agents have learnt the RCP, they should offend substan-
tially more pre-intervention and less post-intervention. Furthermore, post-intervention
crime should spatially concentrate in the buffer area due to higher rewarding opportu-
nities.

When analysing the results, we found that the spatial distribution of the number
of offences is in agreement with the RCP. A high level of crime concentrates centrally
pre-intervention (Figure 4.7, A). However, once interventions are introduced and Risk
increases (treatment area), offences concentrate in the buffer area (Figure 4.7, B). Small
pockets of offences in the treatment area still occur. In Figure 4.8.18a we observe
some offender agents offending proportionally more post-intervention than they did
pre-intervention. 11 (44%) offender agents committed proportionally more offences
post-intervention in the treatment area compared to pre-intervention episodes (least
deterred by SCPI (Clarke, 1980)). In contrast, 14 (56%) offender agents committed
more offences pre-intervention than post-intervention in the treatment area (deterred
by SCPIs). Overall, these early indicators show some level of behavioural heterogeneity
among offender agent decision-making, showing signs of adaptation to environmental
changes Figure 4.8.18a, B.

These results alone do not prove offender agents behave in ways that would be char-
acterised by RCP. The target attractiveness at each target over time must be quantified
and compared to validate behaviours. In Figure 4.7, D we observe a concentration of
positive target attractiveness pre-intervention. If we compare these patterns to Figure
4.7, A, offences clustered at the centre and decreased as we branch out. When compar-
ing Figures 4.7, A-B and D-E, offences were taking place more frequently in locations
with greater target attractiveness compared to locations with lower target attractive-
ness. Showing signs of spatial concentration of crime (Brantingham & Brantingham,
1995; Weisburd et al., 1993).

These results (Figures 4.7, A-B and D-E) indicate that offender agents have learnt
to identify targets where rewards outweigh risks and effort - and when SCPIs are
introduced to increase risk, making some targets less desirable than others, offender
agents adapt to reduce their offending. However, how has this “best case” scenario for
offender agents where every target has a relatively large amount of reward impacted
total cumulative reward for each offender agent? Given the frequency of offences, we

could expect most offender agents to achieve their TCR.
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Figure 4.7: Distributions of offences, average target attractiveness and distance between
home and offence locations, where (A-C): offences across targets pre, post and pre-
post merged. (D-E): target attractiveness pre and post-intervention, respectively. (F):

distance between home and offence locations (Intervention = Treatment area).
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These results show offender agents successfully learned to offend at targets where
rewards outweighed risk and effort, evidenced in Figure 4.8. This is true for both
pre and post-intervention; however, post-intervention accumulated rewards drastically

dropped as high rewarding opportunities decreased.

120 [~
+ Target Cumulative Reward
N A 10% of Target Reward

S

-20

Ed

Target_Attractiveness

Figure 4.8: The cumulative reward distribution for each offender agent pre-post inter-

vention across all episodes.

There is consensus among some scholars that the majority of offences take place in
areas most common to an offender, such as places near home (Baudains et al., 2013;
Brantingham & Brantingham, 2019; Rengert, 2002). As our results are in agreement
with patterns of crime described by RCP, presumably, offender agents make rational
decisions and offend near their home (agreement with the least effort principle (Florence
& Zipf, 1950)) rather than in less familiar places. Figure 4.7, F depicts the average
JTC across each offender agent over all ten simulation runs. It shows offender agents
have learnt to offend closer to home (positive skew), where the JTC for each offender
agent is also positively skewed.

These early indicators present the “best case” scenario for offender agents, which
given its unrealistic nature (a uniformly high level of rewards distributed across space),
demonstrates high levels of crime, some risk-taking and spatial clustering of offences.
Conversely, what happens if no target offers any reward? When risk and effort outweigh

rewards at all targets, offender agents should rationally decide not to offend (according
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to the RCP).

4.4.2 Experiment 2 - uniform distribution of rewards (0)

In this experiment, rewards are set to 0, therefore, —1 < Target_Attractiveness < 0
pre-intervention and —2 < Target_Attractiveness < 0 post-intervention. We explore
if offender agents will change their behaviours and learn the rational decision not to
offend as risk and effort outweigh rewards.

Results show (Figures 4.9, A-C) that the frequency of crime has drastically dropped.
The majority of offender agents, fourteen (56%), chose not to offend; this can be ob-
served in Figure 4.8.18b. Seven (28%) offender agents had committed at least one
offence in the buffer area, while eighteen did not (72%). Four (16%) offender agents
committed at least one offence post-intervention in the buffer area. In the treatment
area, post-intervention, six offender agents committed at least one offence (24%), three
offender agents committed an offence pre-intervention (12%) refer to Figure 4.8.18b,
B. Sixteen offender agents did not offend in the treatment area (64%). The average
number of offences pre-intervention was 2.54 per offender agent. Similarly, the aver-
age number of offences per agent post-intervention was 1.62. These small pockets of
offences may have transpired from stochasticity. However, these results are significant
as the overall pattern suggests offender agents have learnt to commit near-zero offences
when risk + effort outweigh rewards.

Figures 4.9, D-E show that RCP was correctly followed in this instance as the
number of no offence decisions is greater than offence decisions. Thus, offender agents
learned that not offending was better.

The spatial distribution of target attractiveness shows no target contained
Target_Attractiveness > 0 as evidenced in Figures 4.9, G-H.

Due to the lack of rewarding targets, TCR could not be met. Thus, we expect those
who offended to have a negative accumulated reward. The data in Figure 4.10 indicates
that the accumulated reward is near zero for every offender agent with an average total
cumulative reward of -0.38.

We have shown that offender agents adapt to two different environmental configu-
rations and learn decisions in agreement with RCP. When every target contains a high
reward, offender agents commit high number of offences. Conversely, offender agents

learn not to offend when targets contain no rewards. The most impressive finding was
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Figure 4.9: Distributions of offence and not to offend target locations, the distance
between home and offence locations and average Target_Attractiveness, where (A-C):
offences across targets pre, post and pre-post intervention merged. (D-E): no offence
decisions across targets pre and post-intervention, respectively. (F): distance between
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respectively (Intervention = Treatment area).
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Figure 4.10: The cumulative reward distribution for each offender agent pre-post in-

tervention across all episodes.

that some offender agents adapt to the environmental changes better than others during
simulation run-time. These results demonstrate that RL offender agents can adapt their
behaviours (by enabling agents to learn (Ramchandani et al., 2017)) when SCPIs are
introduced. The model produced mainly rational (majority of offender agents mainly
offending in the buffer area) with some examples of irrational offender agent decisions
(some offender agents continue to offend in the treatment area when risk increases).
In contrast, at the time of writing this chapter, there are no alternative condition-
action frameworks that can achieve behavioural learning where agents can reflect on
perceived past experiences and update their rules (behaviours) internally to adapt to
new situations (previously unseen situations) which is an essential aspect of human
cognition (Jipp, 2007; Sternberg & Gastel, 1989; Wong & Candolin, 2015). As the
simulated environments present highly unrealistic scenarios in which all rewards are
high or all are low, this does not reflect the real world; these are merely best-case and
worst-case situations for offender agents. Presumably, target rewards would differ from

place to place in the real world; thus, perceived wealth would vary from target to target.
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4.4.3 Experiment 3 - random distribution of rewards ([0, 1])

In the final experiment, the reward at each target is randomly distributed between
0 to 1 inclusive. Therefore, —1 < Target_Attractiveness < 1 pre-intervention and
—2 < Target_Attractiveness < 1 post-intervention. We expect some offender agents
to achieve their TCR while others, on average, will not. Therefore, a more diverse
range of TCRs per-agent should be observed.

Figures 4.11, A-C show that spatial patterns are similar to those in MC1 Figures
4.7, A-C. This would be expected as at least half of the targets will have
Target_Attractiveness > 0. Contrary to expectation, half of the treatment area has
had fewer offences than the other half Figure 4.11, A. Upon detailed analysis, the
average target attractiveness at this area (bottom left) was 0.05 where offences were
committed. The second half (top left) was 0.09, and the buffer area was 0.1. There-
fore, offender agents found less rewarding opportunities in the bottom left half of the
treatment area pre-intervention, where 47% of targets had negative attractiveness on
average. We expect offender agents to choose not to offend more frequently in these
areas, as observed in Figure 4.11, D, focusing on more rewarding surrounding locations.

For reference, the average target attractiveness across episodes, Figures 4.11, G-H
when compared with Figures 4.11, A-C show offender agents offending more frequently
in locations maintaining positive target attractiveness compared to less rewarding lo-
cations.

Individual-level data show a drop in accumulated reward post-intervention. How-
ever, both pre and post-intervention accumulated reward is closer to zero Figure 4.12
compared to MC1, Figure 4.8.

These results show offender agents have acquired an average total cumulative re-
ward greater than TCR pre-intervention Figure 4.12. Sixteen offender agents (64%)
acquired an average total cumulative reward > TCR post-intervention. In contrast, four
offender agents acquired less than 50% of TCR post-intervention. In the buffer area
pre-post intervention, the proportion of offences per offender agent share a similar pat-
tern. However, some offender agents have committed more offences post-intervention
than pre-intervention, demonstrating minor signs of heterogeneity Figure 4.8.18c, A.
The proportion of offences per offender agent in the treatment area pre-intervention
is dissimilar to post-intervention Figure 4.8.18c, B. Some offender agents offend sub-

stantially more post-intervention than they did pre-intervention and vice-versa. When
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Figure 4.11: Distributions of offence and not to offend target locations, the distance

between home and offence locations and average Target_Attractiveness, where (A-C):

offences across targets pre, post and pre-post intervention merged. (D-E): no offence

decisions across targets pre and post-intervention, respectively. (F): distance between

home and offence locations. (G-H): Target_Attractiveness pre and post-intervention

respectively (Intervention = Treatment area).
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Figure 4.12: The cumulative reward distribution for each offender agent pre-post in-

tervention across all episodes.

SCPIs are adopted, offender agent decision-making becomes more heterogeneous.

Model Condition | Buffer Area | Treatment Area | Difference(+/—) | t-test(p)?

1 (711, 214.11) | (574, 188.91) —137 2.40(.02 p < 0.05)
24 (0, 0.0) (0, 0.0) - -

3 (669, 196.86) | (615, 155.70) —54 1.08(.28 p > 0.05)

Table 4.3: The (mean, std) of offences in the buffer and treatment areas by offender
agents living in these areas across post-intervention episodes, including the mean dif-

ference (where - means drop and + means increase).

These results demonstrate that RL as a behavioural framework can incorporate
complex adaptive decision-making in an environmental criminology ABM. These find-
ings could allow those who model crime dynamics to utilise ABMs better reflective
of real-world offender decision-making to support SCPI planning. Furthermore, these
results show behavioural heterogeneity within offender agents’ decision-making (exac-

erbated by SCPIs). Exhibiting impact of environment on learning, i.e., some offender

3 Ho: that two independent samples have identical average (expected) values. H,: the means of the

distributions underlying the samples are unequal.
“No offences occurred in the buffer or treatment areas by local offenders for MC2.

124



4.5 Discussion and conclusion

agents living closer to or in the treatment area commit fewer offences than those liv-
ing elsewhere, as observed in Table 4.3. Consequently, some offender agents can be
“spatially better suited” to offending than others, evidenced by their net gains in Fig-
ure 4.12 and proportion of offences in Figure 4.8.18c. Some offender agents consistently
maintained high crime levels in the treatment area across all post-intervention episodes
Figures 4.8.18c, B.

Overall, JTC (Rengert, 2002) is positively skewed, where offender agents learnt to
minimise effort by offending closer to home Figures 4.7, 4.9, 4.11, F. Crime Concen-
tration (Farrell, 2015; Weisburd et al., 1993) is clustered to areas maintaining greater
target attractiveness such as the centre and buffer areas Figures 4.7, A-C, 4.7, D-E,
4.11, A-C and 4.11, G-H. When no rewards exist, decision to not offend is vast and
clustered in the centre Figures 4.9, D-E (similar empirical patterns of SCPI found in
(Eck & Clarke, 2019)).

Crime does not spatially concentrate when rewarding opportunities are non-existent
Figures 4.9, A and G.

Most importantly, our complex agents operating under RL produce simulated crime
patterns that share some characteristics with empirical crime patterns as described in
(Eck & Liu, 2004). For example, crime patterns should be clustered, crime concen-
trated in a few places, few victims accounting for most of the victimisation as shown
in Figure 4.13 which was also observed in the following articles (Stokes & Clare, 2019;
Tillyer et al., 2018), journey to crime is typically short (positively skewed), and lastly,

non-static patterns of crime over time.

4.5 Discussion and conclusion

This chapter presents an ABM investigating spatio-temporal dynamics of burglary. The
purpose of the model is to overcome some of the behavioural deficiencies in ABMs of en-
vironmental criminology highlighted in literature (Groff et al., 2019; Johnson & Groff,
2014). Our rationale in doing so is to support those engaged in modelling offender
behaviour and occurrence of crime events with more accurate models of behaviour.
Pre-existing literature in this domain neglected behavioural learning in modelling crime
dynamics, as pointed out by (Johnson & Groff, 2014). The implications led to process
models requiring pre-determined behaviours, which sometimes bound behaviour and

lead to unrealistic outcomes (Arthur, 1994; Cornelius et al., 2017; Manson, 2006)—re-
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Figure 4.13: Number of victimisation events per residential property (n = 177,129, bins

= 20) pre-post intervention episodes for experiment conditions one and three.
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sulting in a deficiency of realism in offender behaviour, such as adapting to change.
These decision-making frameworks fail to capture crucial components of real-world
offender decision-making, such as the ability to learn behaviours, adapt to environ-
mental stimuli and make goal-oriented decisions concerning target selection (Gialopsos
& Carter, 2014; Sigurdsson et al., 2008; Topalli, 2005). To provide a solution to the

problem above, we proposed several research aims:

1. Do offender agents utilising RL portray behaviours in agreement with RCP, i.e.,
to what extent do they learn to offend when rewards outweigh risk and effort and

vice versa?

2. Do offender agents utilising RL adapt to changes in their immediate environment

given the introduction of simulated crime prevention interventions?

3. Do simulated crimes generated by offender agents utilising RL display patterns

commonly observed in empirical studies of crime?

To achieve these aims, we developed a multi-agent RL approach to modelling offender
behaviour. We showed how a neurologically inspired decision-making framework such as
RL (Niv, 2009; Sutton & Barto, 2018b) (with the recent notable exception of (Joubert
et al., 2022) which was critiqued in sub-section 4.2.2) could integrate with ABMs in
environmental criminology, by which, offenders can learn behaviours, adapt to SCPIs
and try to fulfil personal goals such as a certain amount of wealth (TCR). We designed
three experiments where offenders are tested in stochastic environment configurations,
where SCPIs (Clarke, 1980; Eck & Clarke, 2019) are introduced mid-simulation and
the reactions of offenders captured. We found that in all three experiments, offenders
naturally learned to abide by the RCP criteria where they learned to offend at targets
where rewards outweighed effort and risk in enacting the offence (Cornish & Clarke,

1987) and vice versa.

Experiment Condition | Pre-Intervention | Post-Intervention | Difference(+/—) | t-test(p)®

1 (2532.12, 96.96) (1274.26, 266.28) —1257.86 21.98(p < 0.00)
2 (1.5, 1.22) (1.3, 0.48) ~0.19 6

3 (2078.08, 104.08) | (1282.80, 180.58) —795.28 19.02(p < 0.00)

Table 4.4: The (mean, std) of the number of offences committed for each experiment

condition across pre-post intervention episodes.
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This chapter shows that a model inspired by the three theoretical tenets of en-
vironmental criminology RAT, RCP and CPT (Brantingham & Brantingham, 2019;
Cohen & Felson, 1979; Cornish & Clarke, 1987) and implemented using RL produced
a number of outcomes compatible with empirical patterns of crime, such as, spatial
concentration of crime (Brantingham & Brantingham, 1995; Weisburd et al., 1993),
journey to crime curve (Rengert, 2002), assault reputation (Bosse & Gerritsen, 2008),
offender discouragement (Clarke & Weisburd, 1994) and repeat victimisation (Farrell
& Pease, 2001). The model successfully showed signs (to varying degrees) of all crime
patterns above, exposing some level of model validity.

Whilst possessing incomplete knowledge, such as rewards offender agents gain from
committing an offence before acting out the offence, RL offender agents applied learned
intelligence using ANNs and made heterogeneous decisions in agreement with RCP. This
decision-making process led to generative crime patterns consistent with those found
in empirical studies of burglary from various disciplines (Eck & Liu, 2004; Piquero &
Rengert, 2006; Short et al., 2011; Vandeviver et al., 2015).

Most ABMs in environmental criminology adopt decision-making frameworks with
logical foundations without cognitive faculties such as learning and adapting. A recent
example, Cornelius et al. (2017) adopted a set of discrete rules, for example, “count
nearest four agents” then “are three nearest four agents criminals DO the-following”.
These frameworks constrain models, as agent behaviour lacks crucial mechanisms such
as the ability to learn from individual perceptions. Most studies have previously used
similar condition-action rules (Birks et al., 2012; Bosse & Gerritsen, 2008; Bosse et al.,
2011; Groff, 2007).

In this chapter, offender agents learned to adapt to spatial changes and, in doing so,
developed adaptive behaviours. Introduction of interventions at a later time point (in
the treatment area) led most offender agents to adapt their behaviours clustering at the
buffer area (Figure 4.7, B) as this location maintained higher levels of rewarding oppor-
tunities (Figure 4.7, E). However, when opportunity is removed, crime drops (Figures
4.9, A-C) and does not concentrate; in fact, offender agents choose to stop committing
offences (Figures 4.9, D-E). Similar outputs were found in other studies (Bernasco &
Luykx, 2003; Eck & Clarke, 2019; Levy et al., 2014; Short et al., 2011) where lack of

®Hy: that two independent samples have identical average (expected) values. H,: the means of the

distributions underlying the samples are unequal.
6t-test could not be applied to condition two as the number of offences was small.
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opportunity in an area successfully removed hot spots in those areas. When complexity
increased, and rewards were no longer uniform, offender agents continually performed
actions in agreement with RCP. When high rewarding opportunities decreased Figure
4.11, H, offender agents adapted to either not-offend Figures 4.11, D-E or continued
offending in the buffer area Figure 4.11, B. Consequently, a heterogeneous pattern of
learned behaviour emerged where some offender agents achieved their target reward
while others did not Figure 4.12. A small number of victims experienced high levels of
victimisation Figure 4.13, which agrees with findings from repeat victimisation litera-
ture (Farrell & Pease, 2001; Stokes & Clare, 2019; Tillyer et al., 2018). These promising
results highlight the wealth of opportunity for future environmental criminology ABMs.

The simulated experiments demonstrate that ”lack of opportunities” where target
attractiveness is < 0 is more effective at reducing crime numbers compared to the
adoption of SCPIs (this can be observed in Table 4.4 comparing experiment conditions
2 with 1 and 3). Although SCPIs have been very effective in deterring crime, for
experiment conditions 1 and 3, crime dropped on average by 49.67% and 61.73% post-
intervention, respectively.

A notable limitation experienced and worthy of discussing was a lack of accessible
computational capabilities, given the complex nature of training a set of agents in
millions of iterations (Ding & Dong, 2020; Faghri, 2021; Farkas et al., 2020). This,
unfortunately, led to a computationally tractable yet scaled-down version of model
development.

Findings from this chapter in future will explore how SCPIs (Clarke, 1980) might
affect offending behaviour in real-world cities. The questions to be answered are: does
crime displace? If so, where does it displace? Is the alternative, diffusion of benefits,
a more likely outcome as suggested by most researchers (Barr & Pease, 1990; Guerette
& Bowers, 2009; Wortley, 2016). If a predictive ABM can utilise RL agents to learn
displacement patterns, this could lead to accurate snapshots of where crime is likely to
displace and which localities are likely to benefit from interventions supporting strategic
decision-making.

This chapter shows that biologically inspired decision-making frameworks can help
produce agents that learn theoretically sound and empirically valid behaviours through
incomplete knowledge of the world without pre-defined behavioural rules. Moreover,

these simulated behaviours can produce outcomes in keeping with multiple indepen-

129



4.6 Summary

dent empirical patterns that result from real-world behaviours. We believe that this
approach to modelling crime may foster a range of new research opportunities and hope-
fully provide new and unique insights into the dynamics of crime - not only supporting

environmental criminologists but ultimately those who seek to reduce crime.

4.6 Summary

This chapter demonstrated the applicability of RL to an ABM that reflects a real-
world domain and problem. The investigation has proven that empirically observed and
theoretically studied behaviours can organically be learnt by offender agents without a
single hard-coded pre-determined decision rule. The investigation has shown the value
of utilising these RL approaches in modelling emergent complex behaviour, moreover,
given that in the real-world people sometimes make irrational decisions, the proposed
model has also reflected this where some offenders have continued to offend in areas
that have heightened security and risk associated with them.

The following chapter 5 will now investigate the practical usefulness of RL in mak-
ing autonomous decisions to alleviate exogenous shocks to a housing market. The
proposed approach assesses the capabilities of an RL “central bank” agent to learn
real-time trends from a housing market ABM, such as house price fluctuations, number
of entrants, the homelessness numbers, the number of properties in negative equity and
so on, it should then be able to adjust measures like the interest rate to learn how it
can tweak these measures to fulfil some goal criteria, such as a maintaining a certain
level of homelessness and not allowing it to rise. The objectives for this investigation
are to replicate a well-known, highly cited classic housing market model in the python
programming stack. The second objective is to then validate the new model against
the previous version, i.e., are the behaviours from the model similar or do they deviate.
The third objective is to identify a “healthy housing market state” which the RL agent
will try to maintain, prior to and during a shock to the market, such as an abrupt
change. Lastly, the results are analysed which demonstrate the practical usefulness of
RL in controlling and maintaining some state during a stochastic event that can if not
addressed cause serious economic harm to people.

The three main chapters of this thesis tell a story, the first chapter of that story
is the testing of RL and identifying a suitable software pipeline to conduct the subse-

quent research, some interesting results were observed from this activity (chapter 3).
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The second chapter adopts RL in a real-world domain area, to observe the strengths and
weaknesses in learning emergent complex behaviours that are empirically and theoret-
ically sound. This activity shows that RL can be of use to environmental criminology
research and in the future, these learning methods will be adopted by practitioners
and policymakers to simulate behaviours that are more realistic (chapter 4). The third
and final chapter demonstrates how RL can be practically useful in managing a market
autonomously by learning from data and trying to adapt a market to achieve some

policy such as the “healthy housing market state” (chapter 5).

4.7 Open-source model access

The agent-based model can be found at the following source with documentation
CLICK HERE, accessed on 01/08/2022. The datasets and jupyter notebook used
for analyses in this chapter can be found at the following link: CLICK HERE, accessed
on 02/08/2022.

4.8 Appendix

4.8.1 Formal definitions

The logic behind risk, effort and reward

a
+

X X
X 4 X

Figure 4.14: An Example Scenario, where 4 Interventions, 2 Targets, 1 Node and

Routine Activity Node.

The T;(Risk) value depends on the number of interventions I surrounding the 8
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4.8 Appendix

cardinal directions of a target 4. If Interventions = 0 then T;(Risk) = 0. In relation to
Figure 4.14, T4 (Risk) = 4/8 which would give T4 (Risk) = 0.5 and for Tp(Risk) = 1/8
which means Tp(Risk) = 0.125. Therefore, Risk at any target can be at most 1.

C_I_‘
x| |+
X

X
X

Figure 4.15: An Example Scenario, where 4 Interventions, 3 Targets, 1 Node, Routine

Activity Node and Offender Agent.

Given Figure 4.15, lets assume Distance(Of fenderx,T4) = 3,
Distance(Of fenderx,Tp) = 1 and
Distance(Of fenderx,Tc) = 2 where:

Of fenderx(Ta(ef fort)) =(3—1)+ (3 —1),
and
Of fenderx(Tp(effort)) = (1 —1)+ (3 —1),
and
Of fenderx(Tc(ef fort)) = (2—1) + (3 —1),
This leads to:
Of fenderx(Ta(ef fort)) =1,
and
Of fenderx(Tg(ef fort)) =0,
and
Of fenderx (Tc(ef fort)) = 0.5

Given Figure 4.16, lets assume:

Areagy(T (reward)) = [0,0.5],
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=
XX
X 4+ X

Figure 4.16: An Example Scenario, where Area is Green, 2 Targets, 4 Interventions, 1

Node and Routine Activity Node.

this would mean, 0 < T4(Reward) < 0.5 and 0 < Tp(Reward) < 0.5. The three
scenarios described above are purely for demonstrating the logic behind the conceptu-
alisation of Reward, Effort and Risk values of target attractiveness.

Offender movement

At simulation start, offender agent A starts at home O f fender 4(RANp), a new node
is selected from a set of routine activity nodes minus the home node, lets call this i,
where, RAN; € Of fender s(RAN) — Of fender ,(RANp). The offender agent A then
picks the next cell within the shortest path Euclidean distance to RAN;, and moves

into that cell; this process continues until the offender agent A arrives at i.

Offend & dont_offend
An offender agent A offends or does not offend at some target T;, where:
Of fend(Of fendera,T;) V DontOf fend(O f fender 4, T;),
only if A lands in the same grid cell as target i:
Position(T;) = Position(Of fender 4),

once an offence has been committed the offender agent is rewarded the
Target_Attractiveness(T;) as a reward. If this value is negative, then the risk +

ef fort outweighed the reward (undesirable outcome). If it is positive then the reward
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outweighed the risk + ef fort (desirable outcome). If the offender agent does not

commit an offence at target ¢ then
DontOf fend(O f fendera, T;),

is only desirable if target attractiveness is less than 0. If, the target attractiveness is
greater than 0 then not offending here is undesirable as the offender agent is no longer

maximising utility. Therefore, we expect offender agents to learn to offend when:
Target_Attractivness(T;) > 0,

and don’t offend when
Target_Attractivness(T;) < 0.
Offender perception

There are 5 spatial objects that offender agents can identify in the model, these are:
objects = Tqreen, TOrangea Igreen, IO?"angea Node

where Tgreens Igreen are Targets and Interventions located within the Green area. All
Nodes including routine activity nodes are identifiable. An offender agent observation
can only consist of specific object(s) information, only if objects fall within its line of
sight (vision):
Distance(Of fenderx, Object;) <
Of fenderx (Vision(Length))

if this is not the case, then at some time t:

Of fenderx (Observation;) =

Tcreen - Igreen ... Node
0 0 0
|0 0 0 |

if an observation is made and objects fall within the offender agents line of sight, then at

time ¢ a matrix containing information about the current state of the visual perception
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is captured:

Of fenderx (Observation;) =

TGreen IGreen ... Node
(i,7) .. 0 .. 0
|0 0 0 |

where at time ¢ the offender agent was able to identify a target within the green
area Tgreen, where ¢ = 1 indicates object perceived or ¢ = 0 no object and j is the
normalised distance from Of fenderx to the object, where 0 < j < 1. Each row in the

matrix represents the individual sensor.

4.8.2 Formulae

LOPL(g) = &, [%At] ~ [rt(e)/it} (4.8.2)

LEHIP () = By [min(ry(0) Ay, clip(r(0),1 — e, 1+ ) Ay))] (4.8.3)

Where 6 is the policy parameter, 7 is the policy, a and s are action and state
respectively, [, is the empirical expectations over timesteps. r; is the probability ratio
under the new and old policies, respectively. Ay is the estimated advantage at time t.
¢ is a hyperparameter, where 0 < € < 1; the hyperparameter value is used to control
the learning process. As described by Schulman et al. (2017), the first term inside the
min is LEP! (Formula 4.8.2). The second term, clip(r+(6),1 —e,1+¢)A;), adjusts the
surrogate objective by clipping the probability ratio, which eliminates the incentive for
moving ¢ outside of the period [1 —&,1 + €]. For a more detailed description, refer to
(Schulman et al., 2017).

135



4.8 Appendix

vector_observation

batchx132

Concat

Gemm
C (256)

batchx2

Sigmoid

Gemm

B (2x256)
C (2)

B =100000000

Softmax

Add

B =1.00000001...

Concat Concat

batchx2 batchx2

[action ] [discrete_actions )

Figure 4.8.17: The Artificial Neural Network architecture for the Offender agents.
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Figure 4.8.18: The proportion of offences per model condition committed by each of-
fender agent across all simulations pre-post interventions in the Buffer (A) and Treat-
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4.8.3 Supporting figures

4.8.4 Supporting tables

Experiment | Mean Standard Coefficient of Variance

Condition Deviation

1 0.51 0.22 The CV values are in the
range of 0.42 to 0.44 ap-
proximately

2 -0.55 0.26 The CV values ranging
approximately from -0.41
to -0.47

3 -0.11 0.38 The CV values are very

large due to the means be-
ing close to zero, which
greatly amplifies the CV.
The CV is not a reli-
able measure of dispersion
when the mean is near
zero since it involves divi-

sion by the mean, which

can lead to inflated values.

Table 4.5: Statistics of variability across simulation runs per experiment condition
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Chapter 5

Alleviating Housing Market
Shocks in Real-Time: an
Agent-Based Reinforcement

Learning Approach

Research in modelling housing market dynamics utilising agent-based models (ABMs)
as the primary methodological tool has grown over the years. One reason for this growth
could be the rise of accessible individual-level data sources. Research has involved fore-
casting house prices, analysing urban regeneration and the impact of economic shocks
on housing markets. There has been a push towards machine learning (ML) algo-
rithms to enrich the decision-making frameworks in these ABMs to enable researchers
to broaden the research trajectory. This chapter will investigate exogenous shocks to a
UK housing market and demonstrate how an autonomous decision-making framework,
namely, reinforcement learning (RL), is integrated and used to learn and adapt the
dynamics of the housing market (simulated through an ABM). The results show that
these agents can learn trends in real-time from the housing market and make decisions
to overcome shock events and fulfil goal criteria such as increasing or decreasing the
median house price without any pre-determined decision rules. This model is entirely
transferable to housing markets in other countries or systems with similar complex
characteristics. In our proposed model, the RL agent action space contains the ad-

justment of mortgage interest rates which the agent learns to change depending on the
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market conditions. Most importantly, our experimental model shows how the central
bank agent learned behaviours in line with the original article published in 2009. The
central bank agent learned to behave conservatively in a more sensitive scenario and

vice-versa, demonstrating emergent behavioural cues.

5.1 Introduction

Agent-based models (ABMs) have been adopted in various research areas since their
inception in the late '90s to early 2000s (Filatova, 2015; Ge, 2017; Groff Elizabeth R.
et al., 2018; Heppenstall et al., 2006; Kothari et al., 2014; Tang & Bennett, 2010). ABMs
enable researchers to simulate a complex system with autonomous agents interacting
with each other within an environment. The main strength of ABMs over mathematical
models is that they simulate, validate, and verify behavioural characteristics at granular
spatio-temporal resolutions (Olmez et al., 2022b; Secchi, 2015; Todd et al., 2017). This
allows researchers to analyze complexity and investigate how a studied phenomenon
develops at the individual level (Epstein & Axtell, 1997). This chapter focuses on
housing markets and investigates market shocks, which are unanticipated changes to
economic variables that impact the market’s health (Ramey, 2016).

ABM has been used in housing market research. Researchers investigated the emer-
gence of housing bubbles (Axtell, 2014; Erlingsson et al., 2014; Ge, 2014, 2017), the
dynamics of urban regeneration (Jordan et al., 2011, 2012; Picascia, 2014), and how
real-world shocks such as the 2008 financial crash affected the housing market (Gilbert
et al., 2009; Hamill & Gilbert, 2015). The number of ABMs for studying housing and
financial markets is growing (Bae et al., 2019; Baptista et al., 2016; Carstensen, 2015;
Geanakoplos et al., 2012). These models generally allow agents to make decisions in
volatile scenarios, either to hedge against volatility or profit from it (Fischer & Riedler,
2014; Todd et al., 2017; Westerhoff, 2010).

A research area less explored is applications of machine learning (ML) algorithms
supporting decision-making in alleviating shocks once they have occurred, which central-
bank policymakers can use to inform policy. Most models cited earlier examined how,
when, and why shocks occur. However, developing techniques to counteract these
shocks can reduce the impact on the economy and people’s health (Oguibenine, 2011).
This chapter proposes a hybrid model that integrates reinforcement learning (RL), with

a housing market ABM. Conducting a series of experiments, we investigate if a com-
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plex adaptive central bank agent (Almahamid & Grolinger, 2021; Deepanshu Mehta,
2020; Littman, 2015)) can learn trends from a housing market in real-time. During
learning, this central bank agent makes decisions to fulfil a goal, for example, decreas-
ing homelessness. In this chapter, ”complex adaptive agent” is defined as: ”systems
or machines that utilise inferential or complex computational algorithms to modify or
change control parameters, knowledge-bases, problem-solving methodologies, course of
actions, or other objects in order to accomplish a set of tasks required by the user.”
(Imam & Kerschberg, 1997)

We identified several benefits of utilising RL in the housing market domain (1)
researchers can test macroeconomic policies in a safe ”sandbox” environment without
real-world consequences. (2) researchers can adopt various RL goal criteria to test
policy interventions in the housing market. (3) researchers can test various interventions
in their housing markets and document the steps to counteract these interventions. (4)
shocks (crashes) can artificially be induced to speed up learning, whereas market shocks
are rare events in the real world.

This chapter replicates an ABM of the UK housing market (Gilbert et al., 2009).
Other notable housing market ABMs exist (Baptista et al., 2016; Filatova, 2015; Ge,
2017; Rosenfield et al., 2013; Yun & Moon, 2020). However, we found that either these
articles were not open access and did not include download links to the models (Filatova,
2015; Ge, 2017) or the articles were open access. However, no documentation was
provided to access the ABMs (Baptista et al., 2016; Rosenfield et al., 2013; Yun & Moon,
2020). We chose (Gilbert et al., 2009) as it was well received by researchers (61 citations
as of 20/05/2022 on Google Scholar), for its documentation. Furthermore, (Gilbert
et al., 2009) strikes a good balance between simplicity (where results are tractable)
and realism (simulating important processes unique to the UK housing market, such
as chain trade and can replicate empirical patterns).

To investigate whether RL can manipulate the housing market, this chapter repro-
duces two identical experiments conducted in (Gilbert et al., 2009) as a comparator.
Where exogenous shock events occur, and the decisions made by the central bank RL
agent are observed. These results are compared to baseline scenarios where the RL
intervention is removed. The model outputs reflect the consequences of RL decisions,
and findings are compared with the original assertions made in (Gilbert et al., 2009).

To summarise, this chapter will investigate whether (i) an RL agent can be inte-
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grated with a housing market ABM and (ii) can an RL agent be trained using input
data from the housing market ABM and make decisions to counteract shocks when
they occur during run-time.

Section 5.2 reviews pre-existing studies with section 5.3 describing the ABM de-
veloped for this chapter, including the RL application of the central bank agent. The
results section 5.4 defines the experiments conducted and the subsequent outcomes.
Lastly, a discussion and conclusion section 5.5 discusses the findings from the experi-

ments, limitations and strengths and concludes with future avenues to be explored.

5.2 Literature review

Economic crises sometimes take the form of debt crisis (where a government’s debt
increases while repayments decrease), banking crisis (when a large swathe of people
withdraw their savings as confidence in the banks depletes), asset bubble burst (i.e.,
housing bubble bursts which leads to a sudden devaluation of houses, an example
of this was the subprime mortgage credit crisis in 2007-2008 (Dou & Wang, 2014))
and balance of payment crisis (when a country cannot afford the price of imports or
services). Regulatory policy is vital when a country tries to prevent or counteract an
economic crisis (Malyshev, 2015), such as a central bank’s monetary policy. (Martin
et al., 2022, p. 3) researched whether central banks can stabilise housing markets via
interest rates. Researchers found that the ability of central banks to manage housing
markets by increasing interest rates, which softens the demand pressure on house prices,
is limited. However, they note that ”central banks can significantly improve stability of
housing markets by dynamically adjusting interest rates.” Researchers agree that ML
can be used to support decision-makers in alleviating economic crises (Chirita, 2011;
Ho, 2020; Loukis et al., 2020; Maghdid & Ghafoor, 2020; Nik et al., 2016).

RL algorithms are a subset of ML approaches which enable artificial agents to
learn. An agent tries to complete a task and, in doing so, maximises its internal
rewards (Sutton & Barto, 2018b). Typically, these agents learn how to complete a
task through trial-and-error by interacting with their environment (Kaelbling et al.,
1996). RL theory was derived from empirical observations of the psychological and
neuroscientific studies in animal behaviours (Volodymyr Mnih et al., 2016; Zhan-quan,
2006). RL has successfully demonstrated the ability of an agent to learn how to achieve

long or short-term goals through interactions with the immediate environment, the
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reflection of one’s past knowledge and decisions influenced by rewards and penalties.
Many applications of RL exist, including but not limited to (Liu et al., 2020) where
researchers optimise the choice of medications identifying the correct drug dosing and
timing of interventions. Spatharis et al. (2019) developed a model where air traffic is
managed through an RL agent that observes millions of data points and makes optimal
decisions as to when and where planes should land.

Most RL applications in the housing market domain are related to ”"house price
forecasting” and prediction techniques (Chen et al., 2017a; Shankar et al., 2020; Zhan
et al., 2020). Some studies have integrated deep neural networks to investigate housing
markets, given the recent growth in data from websites like Craigslist, Rightmove, and
Gumtree. Researchers trained a neural network using textual data to identify how the
rental market dynamics were changing (Zhou et al., 2019). Similarly, researchers imple-
mented neural networks, to classify physical and socio-demographic characteristics, to
assess how interrelated these factors are in the housing market of Budapest, Hungary
(Norwegian, 2009). An article developed an early warning system that identified mar-
ket volatility from house price training data (Park & Ryu, 2021). A drawback of this
approach was that rich data sources are usually placed behind paywalls, and the neural
network would have to be trained every time new data was accessible. In our research,
the ABM of the housing market acts as a continuous data stream. Most importantly,
in our approach, we can artificially introduce shocks (crashes) to the system to speed
up learning, whereas market shocks are rare events in the real world.

Research articles such as Yamaguchi et al. (2018) show how RL identifies specific
behaviours worms possess pre and post-feeding. Sali et al. (2021) used RL to deal
with the feature selection problem, where researchers identified the most accurate and
optimal features for reducing computation costs. As evidenced by the limited yet critical
studies above, RL can learn to identify a particular phenomenon/pattern in data and
develop effective interventions using neural networks to achieve a particular goal. Such
as identifying the correct dosage for a patient’s medication (Jalalimanesh et al., 2017).
Compared to the above studies, examples of applied ABM and RL in housing market
research are rare (only four articles with the terms ”housing market”, ”reinforcement
learning”, and ”agent-based”, source Web of Science). The articles (Cincotti et al.,
2005; Suzuki et al., 2014; Zhou et al., 2017) utilise RL as an optimisation method

to identify the most efficient strategies in power-to-power (P2P) sharing of energy
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between households and companies. Kang et al. (2019), on the other hand, uses data
assimilation and RL to fit real-world Korean housing market data to an ABM. In
light of these advances, this chapter contributes to the literature by integrating an RL
decision-making algorithm in a housing market ABM focusing on shocks. It is worth
noting that the work proposed here is purely experimental at this stage and acts as a
proof of concept.

In this chapter, the artificial ”central bank” agent observes data streams from the
housing market ABM (Olmez, 2022) and makes dynamic decisions that impact the
market (such as raising, holding or reducing interest rates), demonstrating how RL can
be used to stabilise a market effectively in real-time in simulation. The opportunities
for using RL and ABM are considerable. For example, this chapter demonstrates how
RL can support decision-making in stabilising the housing market during volatile times.
However, in future studies, it may be used to identify early signals of a recession or a

financial crisis and alleviate the negative impact of exogenous shocks such as pandemics.

5.3 Model description

This model adheres to the Overview, Design concepts, and Details (ODD) protocol
(Grimm et al., 2006) for describing agent-based models, ensuring clarity and repro-
ducibility of the simulation framework. The following overview provides a recap of
the model’s purpose, highlighting its aim to simulate the nuanced interactions within
the UK housing market. In the following sub-sections, we delve into the behavioural
rules and interactions that govern agent dynamics, encapsulating the agent’s adapta-
tion strategies, goals, and learning mechanisms. Furthermore, the details of the model
outline the initialisation process, input parameters, and the step-by-step progression of
the simulation, offering comprehensive insights into the inner workings of the model.
By integrating the ODD protocol, this model description facilitates a transparent and
structured presentation that aligns with best practices for agent-based modelling.

The housing-market model simulates the characteristics of the UK housing mar-
ket. The model contains agents that are either buyers, sellers, estate agents or houses.
An aggregate distribution of these agents interact in the environment where agent-
environment and agent-agent interactions grow micro and macro emergent properties.
The model simulates the interactions between buyers and sellers, who utilise informa-

tion from local estate agents Figure 5.3.1. Buyers make offers depending on budget
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and successful acquisition of mortgages, while sellers depend on valuations from estate
agents, who evaluate a property’s price depending on past sales and a markup.

The proposed ABM in Figure 5.3.2 is a reproduced version of (Gilbert et al., 2009).
The purpose of this reproduction in the Python programming language (Olmez, 2022)
was multifaceted. Python offers unparalleled support for machine learning (ML) and
reinforcement learning (RL), with a vast array of libraries and frameworks that are
specifically tailored for these fields. The choice was further influenced by the require-
ment to integrate complex ML algorithms and tools, which are far more accessible
within the Python environment compared to NetLogo. This ease of access is crucial
when applying sophisticated algorithms such as Proximal Policy Optimisation (PPO),
facilitated by the TensorForce library (Kuhnle et al., 2017), which is particularly capa-
ble for the stable and efficient learning policies necessary for the housing market model
in question.

Furthermore, the syntactical transition from NetLogo to Python is considerably
less complex than to C, which is the primary language for Unity. This ease of transla-
tion significantly reduces the potential for errors and misinterpretations in the model
transference process. It also saves considerable time and effort, which can instead be
directed towards model refinement and analysis. Python’s syntax is renowned for its
readability and conciseness, which not only aids in code translation but also enhances
the understandability and reproducibility of the research. Given that reproducibility is
a cornerstone of scientific inquiry, this aspect was deemed highly important. MESA | be-
ing a dedicated ABM framework within Python, naturally complements this approach,
providing a structured yet flexible platform for model development and experimenta-

tion.

5.3.1 Model environment

The environment generates a 60 x 60 grid, which can be changed depending on com-
puting power — producing 3600 cells that can either be a house, occupied house,
unoccupied space or an estate agent. Houses are randomly distributed and, depending
on density, in the case of Figure 5.3.2 70% of the space is occupied. The initialVa-
cancyRate sets the proportion of unoccupied houses at the start, making these houses
available to buy. The price of these unoccupied houses follows the same rules outlined

earlier. Estate agents find the highest valuation from previous sale records. The house
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Par:
initialVacancyRate = 0.05
nRealtors = 6
InterestRate = 7.0
TicksPerYear = 4
maxHomelessPeriod = 5
interestPerTick =

InterestRate / (TicksPerYear * 100)
min_price_fraction = 0.1
Inflation = 0.0 # %
CycleStrength = 0 # %
Affordability = 25 # %
Savings = 50 # %
ExitRate =2 # %
EntryRate = 5 # %
Meanincome = 30000 #£ pa
Shocked = 20 # %
BuyerSearchLength = 10
RealtorTerritory = 10 # originally 30
Locality =3
RealtorMemory = 10 # steps
PriceDropRate = 3 # %
RealtorOptimism = 3 # %
InitialGeography = "Random"
Density = 70 # %
HouseConstructionRate = 0.30 # %
HouseMeanLifetime = 100
MaxLoanToValue = 80 # %
MortgageDuration = 25
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Figure 5.3.2: The user interface of the model, the parameters that can be changed on

the left, the visual representation of the ABM in the centre where the small squares

represent houses. Yellow dots are occupants, red dots are estate agents, white grid cells

represent free space. Output plots are on the right.
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prices are randomly distributed using a uniform random distribution, as is the case in
Figure 5.3.2. Each house has a quality index calculated upon initialisation. This mea-
sure is a ratio of the average price of other houses within the locality of the constructed
house’s sale price. The process mentioned above adheres to Tobler’s first law of geog-
raphy (Tobler, 1970) which states that nearer things are more likely to be similar than

those farther apart. Every output parameter is described in Table 5.1.

5.3.2 Seller agents

Every step, the model moves forward in time; a step is 3 months defined by the
TicksPerYear parameter Figure 5.3.2. A percentage of homeowners (ExitRate param-
eter) vacate and try sell the house at a price set by the estate agent valuation. If
the house does not sell at the current timestep, it remains on the market for the next
period. Every homeowner agent has an initial income determined randomly using a
gamma distribution from parameters 1.3 and 5 x 1075 multiplied by the MeanIncome
parameter. Furthermore, a mortgage is calculated by the ratio of the Affordability
parameter, divided by interestPerTick multiplied by the owner’s income. Initially, the
mortgage duration is 25 years. However, this can be changed. People borrowing money
must have some deposit from their capital determined by MaxLoanToValue parameter
and their mortgage. At every step, a percentage of homeowners suffer income shocks
determined by the Shocked parameter, which is +20, and the same percentage suffers a
shock of -20%. This leads to some homeowners having their income increase or decrease
by this percentage permanently. When the ratio of the mortgage repayment is higher
than twice the Affordability, the homeowner trades down. Conversely, they trade up
when the ratio is less than half the Affordability.

5.3.3 Estate agents

The term estate agents is used interchangeably with realtors. Every realtor agent has
a coverage radius called the RealtorTerritory. Any house outside a realtor’s territory
is assigned the closest realtor calculated by the Euclidean distance. Each realtor keeps
records of the previous sale. These records contain the following information: record
ID, the house sold, selling price and date of sale. At the start, the mortgage value
of each house is sent to one local realtor, providing realtors with a starting point for

their valuations (Gilbert et al., 2009). When a seller asks for a valuation, the realtor
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looks through their records within the last RealtorMemory timesteps and gathers all
the house prices of houses sold locally multiplied by the quality index of these houses.
It then calculates the median house price of these previous sales as a valuation. If no
sales have been made within the locality and period, any past sales made within the
locality are considered regardless of time. Every valuation made is increased by the
RealtorOptimism percentage, allowing realtors to try to sell a house more than the
going rate. Lastly, if a house fails to sell at timestep N, the selling price of this house
is reduced by PriceDropRate %, and it remains on the market for N+1 until it is sold

or demolished.

5.3.4 Buyer agents

At each timestep, people arrive in town. The amount depends on the EntryRate pa-
rameter, which is a percentage of the current population Figure 5.3.2. New entrants
and sellers who remain search the whole town for several timesteps defined by Buy-
erSearchLength parameter. Looking for vacant properties for sale that they can afford
and which no offers have yet been made. Any accumulated capital from buying and
selling can be put towards the costs of the new property. Subsequently, buyers choose
the nearest property in price to their maximum budget and make an offer at a price

set by the seller. The first buyer to make an offer has their offer accepted.

5.3.5 Sales

A sale is only successful if the chain of buyers and sellers remains intact. A successful
chain can only occur if the house being bought is either empty or the seller succeeds in
purchasing a new house and moving to that house. The people leaving town move out,
and potential buyers move into these vacant properties if their offers are successful.
Once all sales down the chain are complete, the model moves forward one step in time.
When a house is sold, the seller receives the sale price and uses as much of it necessary
to pay off any remaining mortgage. If money is in excess, this is added to capital and
can be used as partial or complete payment of the house being bought. Conversely, if
the sale price is less than the amount remaining to pay off the mortgage, the seller is
in negative equity and withdraws the house from the market. The estate agent records
successful sales and uses these records (as discussed above) to value houses within the

same area. Finally, if an offer falls through, it lapses (Gilbert et al., 2009).
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5.3.6 Building new houses

New houses are constructed at random empty grid cells at every timestep. The number
of houses depends on the HouseConstructionRate Figure 5.3.2 % of the total number

of constructed houses unless there are no empty cells.

5.3.7 Demolition of houses

Every house has a lifetime set when it is created. This is drawn from a random ex-
ponential distribution with a mean of HouseMeanLifeTime. When a house reaches its
lifetime, it is demolished, and the cell becomes vacant and available for new construc-
tion. If a house’s sale price falls below one-tenth of the median price of all houses, it
is demolished. If someone occupies a house that is being demolished, they attempt to

purchase a new home, and if they fail after MaxHomelessPeriod, they leave town.

5.3.8 Model outputs

The data produced from the model are presented below. Visually, houses are assigned
a colour that reflects their current value. The lighter the shade, the cheaper the house

and vice versa Figure 5.3.2. The quantitative model outputs are the following:

e Number of houses, empty houses, and demolished houses. Number of people
searching for a home, the number of people occupying a home in negative equity,

and number of transactions.
e The number of people in the model.
e The median house price of houses for sale and sold.
e The Gini index of the median house prices and median incomes.

e The ratios between median house price to median income, and mortgage repay-

ments to median income.

e The mortgage interest rate, inflation rate and median time houses have spent on

the market.
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5.3.9 Quantifying model similarities (validation)

The proposed model (Olmez, 2022) was reproduced by interpreting (Gilbert et al.,
2009) source code, refer to Figure 5.6.1 for class diagram. The behaviour of our model
must be compared and deemed similar to the original, whereby model outputs produce
similar trends in data. If the model outputs differ, we have deviated from the original
at some point in the development. Suppose the model produces similar trends in the
data outputs. We can be confident in our model’s behaviour in producing realistic
trends of the UK housing market. Model replication is an important topic in ABM
literature, as discussed by (Donkin et al., 2017, p. 1) "model replication remains rare,
yet is vital to assessing the repeatability of existing ABMs”.

Two housing market scenarios were simulated for both models using input parame-
ters in Table 5.2. In scenario one, no shock is introduced, and in scenario two, a shock is
introduced mid-simulation run. This allows us to compare behaviours in two unrelated
scenarios to quantify two completely different outcomes.

To compare both models, we adopt a visual statistical approach known as quantile-
quantile (Q-Q) plot, the benefits of which have been thoroughly discussed in the follow-
ing literature (Dhar et al., 2014; Oldford, 2016). Where two probability distributions
are compared using their quantiles. In our case, one variable in (Olmez, 2022) is com-
pared to the same variable in (Gilbert et al., 2009). Furthermore, over 100 model runs
over 100 simulation years are drawn for each scenario providing a large sample size to
quantify the stochasticity produced and output-variability (Bogdoll et al., 2012; Lelei
& McCalla, 2019). A one-degree gradient (45°) reference line is plotted to compare
variables. If © = y, each point sits on the reference line, then both variables compared
are identical and vice versa.

Due to the large volume of output variables (18) Figure 5.3.2. We select a sub-set
of Q-Q plots to use in the results. These include parameters that capture the housing
market’s health, for example, the median house price to income ratio and the median
price of houses for sale.

Figure 5.3.3 presents (Gilbert et al., 2009) on the x-axis and (Olmez, 2022) on
the y-axis. Each column and row represents the scenario and variable respectively.
These results show a normal distribution and results are correlated which quantitatively
replicate similar trends, that sometimes deviate due to stochasticity, such as (Olmez,

2022) overestimating (Figures 5.3.3¢, 5.3.3f) or underestimating (Figures 5.3.3g, 5.3.3h).
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Figure 5.3.3: Q-Q plots comparing the distributions of model output variables. The

solid line indicates x = y for reference. Where (a-b): Median house price to income

ratio (Scenarios 1-2), (c-d): Median house price for sale (Scenarios 1-2), (e-f): Number

of households in negative equity (Scenarios 1-2), (g-h): Mean mortgage to income ratio

(Scenarios 1-2), (i-j): Number of transactions (Scenarios 1-2).
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Note, due to model architectures, frameworks and other factors, models cannot be
replicated perfectly as highlighted by (Donkin et al., 2017; Xiong Yingfei, 2009).

The descriptive statistics, Figure 5.6.2 show that 79% of the output variables re-
turned a positively correlated Pearson’s correlation coefficient, where 11 of these from
scenario two had r > 0.60 which were all statistically significant p < 0.01. In scenario
one, eight variables had r > 0.60 and p < 0.01.

In scenario two, all variables returned an 0.659 < r < 0.992, all statistically sig-
nificant, Figure 5.3.3. In scenario one, 0.235 < r < 0.839 four variables were statisti-
cally significant. The only variable that was not statistically significant was the mean
mortgage-to-income ratio for scenario one. The most likely reason could be stochastic-
ity, where the algorithm has more steps to process (Donkin et al., 2017).

In replicating the ABM presented in Figure 5.3.2, meticulous care was taken to
interpret the original source code and align the model’s behaviour with established
benchmarks. The differences observed in Figure 5.3.3 are not indicative of errors but are
attributable to the intrinsic disparities in how different programming languages compile
code and represent data structures. NetLogo, the language used for the original model
(Gilbert et al., 2009), handles code compilation and data structures differently from
Python. Moreover, discrepancies in random number generation between platforms can
lead to divergent results, especially over a multitude of iterations.

The complexity of translating code from NetLogo to Python is notably less than
the translation from NetLogo to C, the language used in Unity (used in prior chapters).
This reduced complexity minimises the risk of translational inaccuracies. Python’s syn-
tax and structural paradigms bear a closer resemblance to NetLogo, facilitating a more
steady replication of the model’s logic and processes. The use of descriptive statistics
and Q-Q plots in Figures 5.3.3 and 5.6.2 fortifies the argument that the differences in
model outputs are statistically significant and not the result of implementation errors.
The QQ plots, in particular, illustrate the correlation of outputs between the models,
highlighting normal distribution and corroborating the overall replication of trends,
albeit with expected stochastic variations.

Overall, the proposed model demonstrates the UK housing market characteristics
observed in the original (Gilbert et al., 2009). Trends develop when external tweaks
to the market are made, showing that indicators are sensitive to these changes in

both models. The next stage is to integrate RL, to test whether an complex adaptive
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observer agent can learn to identify shocks to the market and deploy countermeasures

to minimise their effects in real-time in simulation.

5.3.10 Reinforcement learning agent

RL allows agents to learn without explicitly telling the agent what the task is or how
it is completed. A feedback reward allows the agent to learn through trial-and-error
by performing actions for each state in the environment. If the reward is positive, the
agent has enacted a desirable action. If the reward is negative, the action is undesirable
(Sutton & Barto, 2018b).

Given how well policy-gradient methods have performed (Agarwal et al., 2020;
Schulze et al., 2017), this was an applicable approach. Put simply, we denote a policy as
7, where m0(als) is the probability of taking action a in state s and 0 are the parameters
of our policy. Our goal is to update 6; to 6441 such that we reach the optimal policy. In
our model, the optimal policy would be the state where the "healthy housing market”
criteria (described below) are met. If we assume ax is the optimal action, i.e., raise
interest rates by 0.01 at time ¢, then we want to perform gradient ascent on w6(a * |s)
(ascent as we want to increase our cumulative reward). Therefore, at each iteration,
we update 6 in the following way ;41 = 6; + aVmg, (a * |s) this can be described as we
keep ”pushing” towards more of action a* in our policy, which is indeed what we want
as raising the interest rate by 0.01 will mean we are closer to achieving our ”healthy
housing market” criteria.

This chapter proposes an application of RL to identify and counteract market shocks
in the housing market in real-time in simulation. Several steps were taken to integrate
RL with the housing market ABM:

1. Re-producing the well-known housing market (Gilbert et al., 2009) in a new frame-

work (Olmez, 2022) to use as our experimental sandbox.

2. Replicating two experiments originally described and subsequently investigated
in (Gilbert et al., 2009, p. 5) known as the loan-to-value experiments where, the
MaxLoanToValue parameter is set to 80% and 100% respectively. During these
experiments, an exogenous shock known as "ratefall” where a sharp increase 7%
to 10% in interest rates is triggered. These two experiments were selected, as in

the original article, Gilbert et al. demonstrated how the impact varying interest
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rates on the market were prone to being less sensitive when loan-to-value was
reduced compared to loan-to-value being 100%. These experiments are poised to
test RL’s ability to adapt its behaviour in two similar initial conditions but with

very different outputs.

3. Training the RL agent on the housing market scenarios over 100 episodes, this

process can be observed in 5.3.4.

Due to computational complexity of training RL agents with neural networks (Baker
et al., 2019; Juliani et al., 2018; Olmez et al., 2022a; Sutton & Barto, 2018b), the
experiments are kept concise. It is worth noting that the proposed model is a proof-
of-concept used to demonstrate how the adaptive qualities of cognitive models such as
RL are suited to modelling housing market dynamics and supporting decision-making

to counteract shock events.

Housing Market ABM
RL agent state RL agent action
(Input) (Output)
j—
)
_g ] ‘ Median House
« f—f v o Price/Income Ratio
] 2 & A\
bz g3 v Median House Price \ O Raise Interest Rate
39 @ 9 9 i IR +0.01
2F o 2 v (for sale) XN (IR +0.01)
0 3 g | 0 ~A
c g 0 0 2 ; i y Reduce Interest Rate
% < 74 T g / g o & .ﬁ :\;I;((iil)an House Price A ’/:':‘D (IR-0.01)
c Y [} ¢ \ y I N
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3 § e R IO (R)
2 LE- i 8 Gini (House Prices) / O /
g = ~\\ " //
S Tim 5 W~/
7] N \ if
Timesteps ™~

PiSodes

\
o)

Figure 5.3.4: RL central bank agent neural network, that determines the central bank
agent’s decision regarding interest rates, in the current instance, an action with high
probability may be to raise interest rates as a sharp increase in house price to income

ratio is observed.

This chapter models simplistic behaviours of a central bank agent. As discussed
in Section 5.2. In reality, a central bank has more policy tools and goals to achieve
beyond housing market stability. This simplicity is necessary to demonstrate a proof-

of-concept. In future research, these behaviours will become more advanced.
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To train the RL agent, we first identify the healthy housing market indicators. This
way, the agent can learn to differentiate between an undesirable state and a desirable
one. For simplicity, we identified three conditions which should be satisfied for our

goal. These are:
e Stable median house prices for sale with small fluctuations up to < 400, 000.
e Median house price to income ratio < 7.
e Number of people in negative equity is < 5% (123) where N _people = 2466.

If the above conditions are met, we have a desirable state (reward returned to the
central bank agent, 0). If all but one of these conditions are not met, we are in an
undesirable state (reward returned, -1).

The results from the RL process are presented and compared to base case scenarios
in the following section. The RL outputs illustrate the central bank agent’s learning
process during training and how the RL agent adapts to the LTV scenarios. We compare
findings to those discussed in the original article to demonstrate how RL has or has

not benefitted the housing market in alleviating shocks and fulfilling goal criteria.

5.4 Results

This section describes the market shock, provides an overview of central bank deci-
sions to deal with shocks, and outlines the healthy housing market conditions. This is
followed by a detailed analysis of findings from original housing market research con-
ducted in 2008 (Gilbert et al., 2009) emphasising the experiments we aim to conduct
in this chapter to gauge the strengths and weaknesses of RL. Lastly, experiments and
subsequent results show how complex adaptive RL agents can learn and make decisions
in real-time in simulation to counteract induced shocks. Note that actions the RL agent
can undertake simplify how decisions are made in the real world. We aim to explore the
strengths and weaknesses of this methodology in a simplified housing market, hoping
to identify the potential for future applications.

Shocks come in various forms, as described in Section 5.2. To manage shocks, central
banks often enforce a monetary policy which stabilises and counteracts the aftermath
of the shock (Martin et al., 2022). From 2007 to 2009, the world endured a financial
shock resulting in a crash in the UK housing market (Whitehead & Williams, 2011).
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Median House Price to Income Ratio in England & Wales from
1997 to 2021
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Figure 5.4.1: The median house price to income ratio in England and Wales from 1997
to 2021 (source: (Office for National Statistics (ONS), 2024)).

In Figure 5.4.1, the house price to income ratio in England and Wales dropped from
7.17 in 2007 to 6.35 in 2009. Furthermore, a drop of 18.7% in house prices (Munro,
2018), from Q3 2007 to Q1 2009. To counteract the pressures, the central bank reduced
interest rates from 5.25 in Jan 2007 to 1.50 in Jan 2009 (Tse et al., 2014). In contrast, a
healthy housing market trend may look like Figure 5.3.2, where mortgage repayment to
income ratio is 20%, and the median house price to income ratio oscillates between 3.5
and 4.0. House prices increase gradually as people move in and out of the market. The
number of people in negative equity is as small as possible (Been et al., 2021; Melzer,
2010; Morescalchi et al., 2018).

Gilbert et al. (2009) conducted several experiments using their UK housing market
model in 2008, where the model showed how properties of the UK housing market are
emergent. Some crucial findings that aligned with empirically observed behaviours of

the UK housing market were:

e House price to income ratio showed a stable relationship given mortgage interest
rates and the loan-to-value ratio. For example, if interest rates are reduced or

loan to value increased, house price to income rises in response.

e When the loan-to-value ratio is 100%, and the market experiences an exogenous
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interest rate hike from 7% to 10%, a sharp drop in the house price-to-income ratio
is observed. However, if loan-to-value is set at 80% and the same increase in the

interest rate is observed, the effect is much weaker (Gilbert et al., 2009, p. 5).

These findings were also explored in other housing market research, such as (Narayan
& Narayan, 2011; Tse et al., 2014; White, 2015). The experiments (Gilbert et al., 2009)
make for a well-documented comparator for this chapter, where the strengths and weak-
nesses of RL can be tested in relation to the earlier assertions. Given these original
experiments and results, in this chapter, we expect RL to behave in a certain way when
adjusting interest rates in the 100% LTV scenario compared to the 80% scenario. The
goal is to test if the RL central bank agent can adapt to these scenarios and fulfil its
goals. In the next paragraph, we describe the experiments in detail.

We replicate two experiments; these are ”loan-to-value A and B”. In the A ex-
periment, the MaxLoanToValue parameter (refer to Table 5.1) is 100, and in the B
experiment, it is set to 80. In both experiments, an exogenous shock occurs at timestep
200, where mortgage interest rates suddenly increase from 7% to 10%. In the base case
experiments (no RL), we observe findings from the (Gilbert et al., 2009). In the RL
experiments, we observe behavioural differences and consequences of actions taken by
the RL agent in achieving the ”healthy housing market” criteria. As our results show,
we believe there is value in utilising these contemporary methods to support future
research in modelling housing markets.

Given the computational complexity in these models and the nature of RL training,
we run the experiments for 100 iterations to capture a distribution of results quantifying
model stochasticity. Moreover, during training, we found that the ”healthy housing
market” criteria were met.

To recap, the experiments were run for 400 simulation timesteps. At 200"

timestep,
a shock impacts key indicators to varying extents as observed in (Gilbert et al., 2009,
p. 4) and presented in Figure 5.4.2. The ratefall shock severity is greater in 100% LTV
compared to 80% LTV; this can be observed in Figures 5.4.2g and 5.4.2h. Similar
behaviour is observed for median house prices for sale and the number of households
in negative equity (Figures 5.4.2k, 5.4.21 and 5.4.20, 5.4.2p).

Interestingly, the RL agent learns to approach the 100% LTV experiment conser-
vatively with slight adjustments but mainly holding interest rates evidenced in Fig-

ure 5.4.2b compared to the 80% experiment Figure 5.4.2a. This is a response to the
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5.4 Results

sensitivity of indicators of the housing market to prevailing interest rates. This partic-
ular finding demonstrates the adaptive capabilities of RL, where slight environmental
changes in a model can be responded to by learning and experiences. Furthermore,
on average the RL agent reduces interest rates for the LTV 80% scenario (see Fig-
ure 5.4.2a), conversely, in the 100% LTV scenario, it increases interest rates on average
(see Figure 5.4.2b).

Another finding from Figure 5.4.2 when analysing RL behaviours, in particular, is
that leading up to and right after the shock at timestep 200, the confidence intervals
are much wider (further from the mean). This means the RL agent has explored more
state space at these crucial points during training. This behaviour can be observed most
clearly in Figures 5.4.2a and 5.4.2b. In the 100% LTV experiment, the variance statistic
for interest rates is 2.691 (mean 9.095, std 1.640) compared to the 80% experiment 4.521
(mean 7.607, std 2.126), where RL agent is exploring more and subsequently adjusting
interest rates more often in the 80% compared to the 100% LTV experiment.

RL trains iteratively across several simulation runs, also known as episodes. The
latest episode in the training phase is the most recent behavioural output, usually
representing the stage at which RL has learned the most optimal set of behaviours to
achieve some goal. Conversely, the most recent episodes are those in which RL is yet
to learn effective behaviours (Sutton & Barto, 2018b). The data observed at the 99"
model-run (episode) are the outputs for when the RL was most trained. Therefore,
we compare these to our goal criteria for a healthy housing market state. For some
indicators, the RL agent was better at achieving the healthy housing market goals
than others, which would be expected as some indicators are more sensitive to interest
rates than others. For both loan-to-value experiments, RL successfully ensured the
house price-to-income ratio was below seven even after the ratefall shock, refer to
Figures 5.4.2e and 5.4.2f. The median-house-price-for-sale indicator shows that RL was
more effective in achieving the < 400,000 goal in the 80% experiment (Figure 5.4.2i)
compared to the 100% experiment (Figure 5.4.2j) which was only above 400,000 for a
short time at the earlier timesteps from 0 - 100. A similar outcome was also observed
in the base case Figure 5.4.2]. The data show that the houses-in-negative-equity was a
more complex indicator for RL to achieve the goal of < 123 where the shock exacerbated
the complexity as presented by the wide confidence intervals post-shock Figures 5.4.2m

and 5.4.2n. However, pre and post-shock, we observe a downward trend where the
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5.5 Discussion and conclusion

number of households in negative equity is less than 123, even achieving less than 50
near the end of the simulation. It is worth noting that while differences exist between
the RL and base case scenarios, these can be considered small. However, this can result
from the chosen healthy housing market goal conditions, and differences may be more
significant if other goal conditions or a combination of conditions were chosen. These
results also demonstrate the housing market’s ability to settle after a shock.

Overall, these experiments show that RL can achieve healthy housing market goal
criteria and alleviate the shock effect on the market, which varies in effectiveness across
the different indicators. Given these results, we presume that as the number of goal
indicators increases from 3 to 3 + ¢ for some ¢, complexity in achieving these goals also
increases. Given this complexity, we believe that RL’s housing market goals may be
unachievable at some point. This may be due to equilibrium whereby increasing one
indicator, the goal is met, but another indicator is reduced; thus, the goal is not met and
vice-versa. This study has demonstrated that RL is a valuable technique that should
be welcomed by housing-market and macroeconomic researchers interested in utilising
autonomous decision-making methods to aid policy making in dealing with uncertainty
like economic shocks. In the next section, we break down the learning process of RL

and describe the strengths and weaknesses in utilising RL within this domain.

5.5 Discussion and conclusion

This chapter reproduces a well-known ABM of the UK housing market to integrate a
RL algorithm that learns to counteract housing market shocks in real-time. We answer
the following research questions: can RL be integrated with housing market ABMs?
Moreover, can agents learn trends from the housing market and adapt to economic
shocks by counteracting the impact of these shocks in real time? Findings show RL
can be integrated with housing market ABMs, as evidenced in sub-section 5.3.10 and
does well, in learning to counteract shocks through monetary policies such as interest
rate adjustments.

This chapter shows how RL could adapt its behaviours and, over time, through
training, learn behaviours that enable it to achieve the goal state. Furthermore, the
RL agent portrayed characteristics of the original model (Gilbert et al., 2009). One
example is the effects of interest rates in the 80% loan-to-value (LTV) compared to the

100% loan-to-value environment. Responding to the impact of interest rates being more
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sensitive in the 100% LTV case compared to 80%. The RL agent learned to explore
a greater range of interest rates in the less-sensitive scenario (80%) compared to the
more sensitive scenario (100%) intended to counteract the market’s sensitivity in these
two conditions, which was purely learnt and not hard-coded.

A drawback of our approach is that the RL agent’s tools are limited. This is not
indicative of a real-world central bank, which has more policies to counteract crises,
such as regulatory, monetary, and fiscal policies. However, macroeconomic policies such
as adjusting interest rates is a critical intervention central banks make (Martin et al.,
2022; Popescu, 2014; Valadkhani et al., 2019) with the most recent example tackling
inflation in the UK (Inman, 2022; J. Lynch & Adam, 2022; Luhnow & Colchester, 2022).
Another caveat is that our model is, a simplified version of the real world. This would
ensure computational tractability. Thus, this chapter only focuses on a single policy
tool to demonstrate the application of RL in the housing market research domain and
is exploratory in nature.

There are several weaknesses in RL methods, including overfitting, the exploration-
exploitation trade-off (Sledge & Principe, 2017), and computational demand. To ad-
dress the exploration-exploitation issue, we used an objective function that was not
greedy but balanced both aspects (Silver et al., 2014; Sutton & Barto, 2018b). While
computational demand was not a problem for our model, it could become an issue
for more complex environments with more agents and action spaces. In these cases,
advanced computational resources may be required.

There are several exciting directions for future research based on this work. For
example, the findings can support housing market modelling, where researchers forecast
the potential for exogenous shocks and identify policy decisions to alleviate economic
downturns. The technique can also be adapted to simulate a realistic case where the
goal is to optimize the current state of the housing market through RL. Additionally,
given the recent release of the 2021 UK census, researchers can enhance the model
with this data to study the dynamics of the housing market. This is the first example
in the literature that uses RL algorithms within housing market agent-based models
to develop a methodology for autonomously counteracting exogenous shocks to the
market. There is also value in exploring this application in macroeconomics, where
artificial intelligence-assisted policy-making and signal detection can have a significant

impact. For example, it may help a central bank to detect a recession or financial crisis
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and take action early.

Notes

The model code can be acquired at the following source: (Olmez, 2022). The datasets
can be found at https://doi.org/10.6084/m9.figshare.21719879.v1
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5.6 Appendix

Parameter Description

InitialVacancyRate proportion of empty houses.

nRealtors number of realtors.

InterestRate mortgage interest rates.

TicksPerYear number of timesteps per year.

MaxHomelessPeriod maximum number of timesteps a person can be homeless.
InterestPerTick interest rate, after a cyclical variation has been applied.
MinPriceFraction if a house price falls below this fraction of the median price, it is demolished.
Inflation inflation percentage per year.

CycleStrength percentage of interest rate change periodically.
Affordability owners trade down or up depending on the affordability ratio.
Savings the amount of capital a person has.

ExitRate percentage of people exiting the market.

EntryRate percentage of people entering the market.

MeanIncome average annual income.

Shocked percentage of person’s income increased or decreased.
BuyerSearchLength length of time a buyer searches for a home.
RealtorTerritory the locality a realtor covers.

Locality distance between houses used for valuations.
RealtorMemory historical collection of records used for valuations.
PriceDropRate percentage a house drops in price.

RealtorOptimism a fee added to the valuation.

InitialGeography type of geography.

Density how clustered the agents are spatially.

HouseConstructionRate

the rate at which houses are constructed.

HouseMeanLifetime the average lifetime of a house.
MaxLoanToValue the amount of deposit.
MortgageDuration the timeframe for mortgage repayment.
Stampduty a tax levied on house sales (UK only).

Table 5.1: Model input parameters and description (source (Gilbert et al., 2009)).
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Parameter Input Value
NumberOfRuns 100
Timesteps 400
CycleStrength 0%
MeanIncome £30000 pa
ExitRate 2%
Density 70%
StampDuty False
TicksPerYear 4
HouseMeanLifetime 101
MortgageDuration 25
HouseConstructionRate | 0.30%
MaxLoanToValue 100%
Shocked 20%
BuyerSearchLength 10
EntryRate 5%
MaxHomelessPeriod )

Initial Geography ”Random”
PriceDropRate 3%
InterestRate 7%
RealtorOptimism 3%
Inflation 0%
Affordability 25%
Savings 50%
RealtorTerritory 30
RealtorMemory 10
Locality 3

Table 5.2: Model input parameters for similarity testing.

'For scenario two, the interest rate will drop from 7% to 3% initiating a shock at timestep 200.
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Figure 5.6.1: A UML class diagram of the core model framework (Olmez, 2022)
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5% 104.000 77.000 77.000
max 181000 147,000 149.000
pearson (corr) 0.674 (p < 0.01) 0.776.ip < 0.01)
mean 6518 124, 6,228 Do+
std 3073 2038 3016 2794
min 0.000 0.000 0.000 0.000
5% 4000 5.000 4000 5.000
N-demolished houses 50% 6.000 7.000 6.000 7.000
5% 8.000 9.000 8.000 9000
max 23,000 31,000 21.000 23,000
pearson (corr) 0117 (p = 1.406) 0.109 (p = 1.364)
mean 2107.253 256,199 2073900 2294336
std 544515 362434 485047 261922
min 934,000 1522000 1142000 1859.000
N_people 25% 1596.000 1930000 1640750 2119000
50% 2253000 2240000 2146000 2200000
75% 2487000 2494000 2408000 2398000
max 3149.000 3092000 3136000 3092.000
pearson (corr) 0.897 (p < 0.01) 0830 (p < 0.01)

Figure 5.6.2: Descriptive statistics of output data from all

scenarios. Where rows with red borders are those described
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Chapter 6

Conclusion

The work within this thesis aimed to explore the emergence of complex behaviours
across several distinct agent-based models using reinforcement learning algorithms. In
doing so, it makes several contributions to the literature. Firstly, the work makes a
contribution by critically setting out the theory and methodology of emergent complex
behaviours within the context of agent-based models, additionally, a broad review of
traditional decision-making frameworks are critically assessed in relation to strengths
and weaknesses when compared with RL. Secondly, the thesis presents three com-
pletely different agent-based simulations from predator-prey interactions to burglary
behaviour and housing markets, where the first two were developed using less-explored
game engine software, contributing to future agent-based modelling programming stack.
Thirdly, the thesis shows that behavioural theories derived from social science such as
rational-choice can be organically learnt by RL agents without explicit decision-rules,
currently, this is the only model to do this explicitly. Fourthly, this thesis shows that
RL agents are able to adapt to changing environments and continue to perform sub-
optimally when experiencing new situations (situations they never experienced during
training), which has been a concept that ABM practitioners have described as a weak-
ness using traditional decision-making algorithms, refer to Chapter 2. Finally, the thesis
contributes to decision-support system literature by demonstrating how an RL agent
can learn trends and behaviours of a complex system, i.e., the housing market and
make real-time decisions to counteract and alleviate exogenous shocks to the market.
This chapter concludes the thesis and provides a summary of the research under-

taken. Section 6.1 summarises the thesis and demonstrates the extent to which the
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aim and objectives, detailed in Chapter 1, have been met. The limitations of the thesis
are discussed in Section 6.2, in Section 6.3 the scenarios by which RL is most suitable
compared to less suitable is discussed. In Section 6.4 notes recommendations for future
work. An outlook on both producing and utilising RL in future agent-based models

and concluding remarks are presented in Section 6.5.

6.1 Thesis summary and contribution to the literature

The aim of this thesis, as stated in Chapter 1, is to explore how reinforcement learning
algorithms can be incorporated into agent-based models to generate complex agent
behaviours across several domains. To fulfil this aim, five research objectives were
established. This section revisits these objectives and assesses the extent to which they
have been met by the work in this thesis.

Objective One: Review the existing literature describing methodological applica-
tions of behavioural frameworks in ABMs to simulate emergent complex behaviours.

Objective One was fulfilled through a review of the literature in Chapter 2. Chap-
ter 2 reviews the underlying theory and practice of emergent complex behaviours in
the context of agent-based modelling. The review provided a chronological description
of emergent complex behaviours from the initial theoretical underpinning work in the
80s to applied simulation models in the early 2000s. The review also addressed the
broad strengths and weaknesses in modelling emergent complex behaviours, highlight-
ing research articles that focused specifically on the issues of predictability, verification,
and validation. The second part of the review provides a critical discussion of compu-
tational simulations of emergent complex behaviours. This part discusses the use of
ABMs with RL to simulate emergent complex behaviours and study different systems in
various research domains. Several examples are provided, such as traffic control, group
behaviour, and environmental management. The section also discusses the limitations
of using RL in ABMs. The modelling of social and cultural factors in decision-making
is highlighted as a limitation, and some studies’ strengths are presented, such as coop-
erative and competitive problem-solving. The third part describes traditional decision-
making frameworks adopted in ABM applications. Here, an in-depth analysis of the
framework itself, its strengths and weaknesses recorded in literature including examples
are provided. Furthermore, advanced behavioural frameworks such as RL is critiqued

and compared to other decision-making frameworks. The last part of the review delves
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into domain specific applications of ABMs in environmental criminology and housing
market research. The review describes applications of ABMs in the aforementioned
domains highlighting the areas in which RL can contribute compared to traditional
decision-making frameworks. Additionally, Chapter 2 conveys that while RL has been
shown to be effective in solving complex decision-making tasks, the limitations need to
be considered, and more research needs to be done to compare findings across different
disciplines.

Chapter 2 highlights the fact that as ABMs are adopted across disciplines, it is
difficult to pinpoint a specific approach for a given problem, therefore, literature in
various research domains is exhausted including traffic control system optimisation,
group behaviour modelling, and environmental management systems. The chapter
explores the strengths and limitations of using RL as the decision-making framework
in ABMs, highlighting studies where RL has produced promising results, and those that
show sub-optimal behaviours, including when agents had conflicting goals or when the
environment was highly stochastic. One significant limitation observed was that agents
were not able to communicate with each other, limiting the complexity of the behaviours
that could be simulated. As mentioned before, the chapter also highlights areas where
more work is needed, i.e., the modelling of social and cultural factors and the absence
of a universal design and development framework for RL, limits its generalisability.

Chapter 2 has successfully met its objectives, not only has the chapter described the
methodological applications of behavioural frameworks in ABMs to simulate emergent
complex behaviours, but it’s delved into the theoretical underpinnings of the term and
developed a holistic review of the chronology of the term from animal behaviour to com-
puter models. The RL decision-making approach was critiqued and compared to other
traditional decision-making approaches including in the environmental criminology and
housing market domains where its contributions to the literature were discussed.

Objective Two: Develop a proof-of-concept ABM using reinforcement learning
where complex behaviours organically learnt by agents are quantified and analysed,
assessing the extent by which emergent complex behaviours are observed.

Objective Two was achieved in Chapter 3 where the predator-prey ABM was devel-
oped using RL as a behavioural framework. The chapter discusses the importance of
understanding complex adaptive behaviour of agents in complex systems and the role

of ABM in simulating such behaviours. The chapter highlights the fact that, identify-
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ing individual-level behaviour rules to embed within ABM remains a challenge. The
chapter explores how agents can learn to exhibit complex adaptive behaviours that
vary across space and time through RL. RL algorithms aim to learn how to apply an
action in a given situation by mapping situations to actions through trial-and-error
and measuring rewards. The chapter aims to evaluate the use of a new RL algo-
rithm, proximal-policy optimisation, for simulating adaptive behaviours in an ABM of
predator-prey interactions. Two experiments are designed to investigate the impact of
training duration and the presence of an unknown stimulus on task efficiency and agent
adaptation. The chapter utilises new game-engine software and packages to train and
examine the models quantitatively and qualitatively. A framework is proposed to be
used to record, analyse, and interpret real-time behaviours displayed by agents during
simulation runs.

Chapter 3 proposes an agent-based model with reinforcement learning, where the
agent population is made up of prey and predator agents. The prey agents use RL
decision-making with simple actions such as turn and move, they are rewarded if they
gather food and penalised if they get caught. The predator agent uses a production-
rule system with simple rules such as if prey in line of sight, catch prey, else move
randomly around the environment. We observe emergent complex behaviours post-
experiments where the prey agents learn to spatially avoid areas in which the predator
spends most of its time navigating, i.e., the centre of the environment space. Overall,
the results show that prey agents that train for longer, are more effective in devising
goal-oriented strategies. Moreover, prey agents that weight the risks between multiple
penalties perform sub-optimally in achieving a goal compared to agents that focus solely
on a single reward and penalty. Some qualitative behaviours that emerged were hiding,
evading, foraging, and circling. The aforementioned behaviours were learnt organically
and not hard coded in any form.

The discussion and conclusion sections of Chapter 3 evaluates the effectiveness of de-
veloping an ABM in conjunction with the PPO technique as a behavioural framework.
The research concludes that the RL technique supports agents in the behavioural evolu-
tion of complex decision making that resembles those observed in the real-world. How-
ever, the research also identifies several limitations, including the difficulty of identify-
ing appropriate training parameters and interpreting individual-level agent behaviours.

Despite these limitations, the research demonstrates that the combination of game-
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engines (Unity) and RL techniques can lead to valuable outcomes, and future research
could explore the application of these techniques to a range of fields including popula-
tion dynamics and the relationships between people and enforced rules to prevent the
spread of a contagious virus.

Objective Three: Assess whether reinforcement learning can be used to investi-
gate theoretical perspectives in social science using criminology as an example.

Objective Three was achieved in Chapter 4 where an ABM of burglary dynamics is
proposed where potential offender agents are modelled with RL decision-making.

The chapter discusses the application of RL to ABMs of environmental criminology.
The chapter explores the extent to which RL-trained offender agents behave in accor-
dance with environmental criminology theories such as the rational choice perspective
(RCP), subsequently generating crime patterns observed in empirical studies of crime.
The chapter includes a literature review of ABMs in environmental criminology, a de-
scription of the model logic and methodology, results from a series of experiments using
the model, and a discussion of findings and contributions to the field. The chapter ar-
gues that ABM in environmental criminology is still in its infancy, and the proposed
use of RL can contribute to further advances. The proposed model incorporates spa-
tial perceptions where each agent can observe the environment, and spatially there are
risks distributed which symbolises Situational Crime Prevention Interventions (SCPIs).
Through experimentation, these interventions are increased or decreased mid model-run
to increase perceived risk and observe adaptive behaviours.

The results in Chapter 4 show that using RL as a behavioural framework can
improve the accuracy of ABMs that simulate crime dynamics. The results also demon-
strate behavioural heterogeneity among offender agents and the impact of the envi-
ronment on their decision-making. Some offender agents are spatially better suited
to offending than others. The study finds that crime patterns are clustered in areas
with higher target attractiveness and that crime concentration is positively skewed.
Crime patterns in the simulations also share some characteristics with empirical crime
patterns. A crucial finding was that offenders organically learned to abide by the Ratio-
nal Choice Perspective criteria, where they learned to offend at targets where rewards
outweighed effort and risk in enacting the offence, and vice versa.

The results from Chapter 4 showed that offenders learned the following characteris-

tics of crime, such as spatial concentration of crime, the journey to crime curve, assault
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reputation, offender discouragement, and repeat victimization. The model demon-
strated that ”lack of opportunities” was more effective at reducing crime numbers
compared to the adoption of SCPIs. The chapter also discussed the limitations of the
model, such as a lack of computational capabilities and stochasticity. The chapter con-
cluded that future studies could explore how SCPIs might affect offending behaviour
in real-world cities and where crime is likely to displace.

Objective Four: Assess the capabilities of reinforcement learning agents to emu-
late the behaviours of policymakers who are tasked to make informed decisions about
the dynamics of a complex system.

Objective Four was achieved in Chapter 5 which discusses the use of ABMs in
housing market research and proposes a hybrid model that integrates RL with a housing
market ABM. The chapter presents a series of experiments to investigate if an complex
adaptive central bank agent can learn trends from a housing market in real-time and
make decisions to fulfil a goal, such as decreasing homelessness, or counteracting abrupt
interest rate hikes. To investigate whether RL can manipulate the housing market,
the chapter reproduces two identical experiments conducted in a previous study as a
comparator, and the model outputs reflect the consequences of RL decisions.

Chapter 5 presents the experiment results to achieve healthy housing market goals
in the context of a simulated shock to the market. The experiments were run for 400
simulation timesteps, and at the 200" timestep, a shock impacted key indicators to
varying extents. The results showed that the RL agent could adapt to environmental
changes in the model and adjust its behaviour accordingly. The RL agent learned to
approach the 100% LTV experiment conservatively with slight adjustments but mainly
holding interest rates, which was a response to the sensitivity of indicators of the
housing market to prevailing interest rates. The study also found that the confidence
intervals were much wider leading up to and right after the shock at timestep 200,
which meant that the RL agent had explored more state space at these crucial points
during training.

The chapter compared the RL agent’s outputs to the goal criteria for a healthy
housing market state. The results showed that the RL agent successfully ensured the
house price-to-income ratio was below seven even after the shock. However, the median-
house-price-for-sale indicator showed that RL was more effective in achieving the goal

in the 80% LTV experiment than the 100% LTV experiment. The houses-in-negative-
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equity indicator was a more complex indicator for RL to achieve the goal of < 123,
but pre- and post-shock, there was a downward trend where the number of households
in negative equity was less than 123, even achieving less than 50 near the end of the
simulation.

Overall, the chapter demonstrated that RL could achieve healthy housing market
goal criteria and alleviate the shock effect on the market in real-time. The chapter
highlights the importance of choosing appropriate goal conditions when applying RL
to complex systems such as the housing market. Finally, the chapter contributes to
the literature on ABMs and RL in housing market research and provides insights for

policymakers looking to mitigate the impact of market shocks autonomously.

6.2 Limitations of the research

This thesis has explored the emergence of complex behaviours in agent-based mod-
els using reinforcement learning algorithms. The research has successfully developed
three conceptual agent-based models to demonstrate how reinforcement learning can
enable agents to learn different behaviours and adapt to new situations. These models
were built in chronological order where the predator-prey model was a proof-of-concept
demonstrating RL’s ability to learn behaviours. The burglary model showed how theo-
retical behaviours were learnt and empirical patterns reproduced by RL agents organi-
cally and lastly the housing market model showed how RL can be utilised in a real-world
scenario where central banks make decisions to alleviate economic turmoil. However,

there are several limitations of the research which are discussed in this section.

6.2.1 Calibration and validation

Calibration and validation of ABMs are crucial steps undertaken by researchers to es-
tablish a degree of confidence in the accuracy of model outputs in representing the
real-world systems they were designed to simulate. However, in the present thesis,
calibration and validation procedures were limited in scope as the primary objective
was to demonstrate the efficacy of RL in generating emergent complex behaviours and
adapting to new situations without pre-determined agent rules or behaviours. To en-
sure that output results were measurable using contemporary data analysis techniques,

the models were kept simple in architecture, and all were proof-of-concept models with

174



6.2 Limitations of the research

some underlying theoretical foundation, as illustrated in Chapters 4 and 5. The hous-
ing market model was the only model subjected to a validation exercise, which aimed
to verify that the replicated model performed similarly to the original Netlogo ver-
sion. Given the limitations of RL algorithms described below, future calibration and
validation exercises will require more advanced computational resources.

Moving forward, the logical progression of this research is to develop more sophisti-
cated models based on empirical data and perform extensive calibration and validation
exercises to enhance confidence in the model outputs. Such exercises are essential in
establishing the effectiveness of these approaches in generating insights that represent
real-world systems accurately, making them more powerful tools for decision-making in

various fields.

6.2.2 Quantifying reinforcement learning behaviours

Traditional decision-making approaches in ABM have embedded some underlying deci-
sion constraints such as what beliefs look like in BDI frameworks or physical conditions
in the PECS framework. These behavioural constraints allow researchers to quantify
the qualitative behaviours that are produced in the model as the agent behaviours
are bounded. Conversely, RL agents can be trained to optimise complex and highly
nonlinear reward functions, which can make it difficult to understand why the agent
is behaving in a certain way. Moreover, the internal decision-making processes of the
agent can be opaque, making it challenging to identify the factors that are driving its
behaviour. In Chapters 3, 4 and 5 we discuss how these limitations can be overcome

and identify formal verification algorithms as an area of future research.

6.2.3 Overfitting

Overfitting is a common limitation of machine learning algorithms; this also includes
RL. Specifically in RL, overfitting can occur when an agent is trained for many it-
erations, resulting in the agent learning to perform well on the training environment
but failing to generalise its learnt behaviours to new, unseen environments. This can
happen when the agent learns to exploit specific features of the environment that are
unique to the training environment, but not present in other environments.

This limitation was handled by utilising the proximal-policy optimisation (PPO)

algorithm. PPO uses a surrogate objective function to update the policy (the policy in

175



6.2 Limitations of the research

PPO is represented as a neural network, where the input is the state of the environment,
and the output is a probability distribution over the possible actions), which is designed
to ensure that the policy update is not too large. This helps to prevent the policy from

overfitting to the current batch of training data.

6.2.4 The exploration vs exploitation problem

Exploration and exploitation are two important concepts in RL that refer to the trade-
off between gathering information about the environment (exploration) and using the
information that has already been gathered to maximise the reward (exploitation).
Specifically, exploitation refers to choosing actions that the agent believes will lead to
the highest reward based on its current knowledge of the environment. While explo-
ration refers to choosing actions that the agent is uncertain about in order to gain
more information about the environment. The challenge is to balance exploration and
exploitation in order to find an optimal policy that maximises the reward. If the agent
only exploits, it may miss out on better strategies that it has not yet discovered. Con-
versely, if the agent only explores, it may not maximise its reward in the short term.
The presented models deal with this limitation through the PPO algorithm, which
balances exploration and exploitation by using a clipped surrogate objective function
(refer to Appendix 4.8.2) that limits the size of policy updates, and by adjusting the
clipping parameter adaptively. This helps to prevent drastic changes in the agent’s

behaviour and promotes exploration in areas where the agent is uncertain.

6.2.5 Computational complexity

Computational complexity is a fundamental concept in computer science that measures
the amount of computational resources required to solve a given problem. The com-
plexity of a problem can depends on several factors, these include the size of the input,
the nature of the problem, and the algorithms used to solve it.

Put simply, the limitation for RL is that it can be computationally expensive to train
an agent to find an optimal policy in a complex environment. This is because the agent
must learn from experience by interacting with the environment, which can require a
large number of trials and a significant amount of time and resources. Moreover, the
computational complexity of RL can increase exponentially as the number of states

and actions in the environment increases. This can make it difficult to scale up RL
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algorithms to handle more complex tasks and environments. The models presented in
this thesis were computationally tractable, however, if these models contained empirical
fidelity such as real cities, then training millions of agents would make it less tractable.

This is an area of research that RL practitioners are focusing on.

6.3 Applicability of Reinforcement Learning

Reinforcement Learning (RL) is a powerful tool within machine learning, offering the
ability as proven in this thesis to learn optimal behaviours through trial and error.
However, the decision to utilise RL in modelling must be made judiciously, taking
into account the strengths and limitations of the approach. Here we discusses various
scenarios where the application of RL is advantageous and contexts where its use might
not be recommended based on (Sutton & Barto, 2018b).

When to use RL:

e Problem Space with Clear Reward Signals: RL is suitable for environments where
the objective can be quantified via clear reward signals. These are scenarios where

the consequences of actions can be directly linked to a numerical reward.

e Dynamic and Complex Environments: RL excels in situations that require adap-
tive behaviour in complex and dynamic settings where traditional decision-making

algorithms might fall short.

e Situations Requiring Exploration: RL is beneficial in tasks that involve a sig-
nificant amount of exploration to learn about the environment, especially when

explicit programming of all potential scenarios is unfeasible.

e Sequential Decision-Making: Scenarios that involve a sequence of decisions lead-

ing to a long-term goal align well with RL’s sequential decision-making framework.
When not to use RL:

e Simple or Static Problems: For tasks that are static or can be solved with simple
rule-based methods, RL may introduce unnecessary complexity without addi-

tional benefit.
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e Limited Computational Resources: RL can be computationally intensive, partic-
ularly in high-dimensional spaces. If computational resources are a concern, RL

may not be the most efficient approach.

e Lack of Sufficient Data: RL requires extensive interaction with the environment
or a simulation for learning. In cases where such interactions are limited or costly,

RL may not be practical.

e Environments with Poorly Defined Rewards: In situations where it is challenging
to define what 'good’ behaviour entails quantitatively, RL might struggle to learn
effectively.

The decision to utilise RL should be informed by a careful assessment of the specific
requirements and constraints of the problem at hand. The use of RL must be under-
pinned by a solid understanding of its theoretical foundation and practical implications

within the context of agent-based modelling.

6.4 Recommendations for future work

There are several avenues for potential research identified by the work in this thesis.
The most beneficial avenue for future work may be the further development of the
models produced in Chapters 4 and 5. More specifically, empirical data may be used
to calibrate the offenders and central bank agents to mimic real-world scenarios, this
could be an activity that validates the learnt behaviours of agents in a real-world context
which could make RL more powerful and realistic. Furthermore, with a calibrated and
validated RL model, new insights may be identified such as the way in which offender’s
learnt to exploit loopholes in security measures or central bank agents utilising new
monetary policy strategies previously unbeknown to economists. Another area that
can be explored for both models is to incorporate more realistic reward functions.
Reward functions are crucial in RL, as they define the objective that the agent is
trying to achieve. In social processes such as offending and banking, however, it can
be challenging to define a reward function that accurately captures the complexity of
human behaviour. Researchers could explore new methods for defining reward functions
that better capture the nuances of social processes, such as incorporating social norms

and values.
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Another area discussed on several occasions as a limitation of RL which needs to be
researched further is to improve the scalability of RL algorithms. Many reinforcement
learning algorithms are computationally expensive and require large amounts of data
to train. As such, it can be challenging to apply these algorithms to complex social
processes that involve many agents. Researchers could explore new algorithmic tech-
niques or adapt existing algorithms to improve their scalability and make them more
feasible for use in large-scale agent-based models.

Future research could focus on interpretability and transparency. RL agents can be
challenging to interpret, which can make it difficult to understand why they make the
decisions they do. Researchers could focus on developing methods for interpreting and
visualising RL models, which would improve their transparency and allow for better
insights into the underlying social processes. Furthermore, these findings can then help
evaluate the impact of RL agents on social processes. It’s important to evaluate the
impact that RL agents have on social processes, i.e., to what extent does an RL agent
impact the system positively or negatively. While these agents have the potential to
improve society, they could also have unintended consequences or exacerbate existing
social issues. Researchers could conduct simulations to evaluate the impact of RL
agents on different social processes and identify any potential issues. An example
scenario that may benefit from this, is environmental criminology. Researchers could
create an ABM where the agents represent both criminals and police officers. The
model could also include environmental factors such as lighting, landscaping, and the
layout of buildings. The researcher could then introduce RL agents to represent the
police officers. These agents would learn over time which areas of the neighbourhood are
more likely to experience crime and adjust their patrol patterns accordingly. Once the
model has been run for a sufficient number of iterations, the researcher could evaluate
the impact of the RL agents on crime rates. They could compare the crime rates in
the model with RL agents to those in a model without RL agents (similar to the work
conducted in Chapter 3). They could also evaluate the impact of different parameters
such as the number of RL agents, the amount of data they are given, and the types
of crimes they are trying to prevent. By conducting these simulations, the researcher
could identify any unintended consequences or social issues that might arise from using
RL agents in this context. For example, the RL agents might focus their patrols on

certain areas of the neighbourhood while excluding others, leading to a perception of

179



6.5 Outlook and concluding remarks

bias or unfairness. By identifying these issues, the researcher could modify the model

to mitigate their impact and create a more effective tool for reducing crime.

6.5 Outlook and concluding remarks

The findings of this study provide opportunities for future research to explore the in-
tegration of RL algorithms into hybrid-ABMs further. Firstly, future studies could
investigate how the proposed models could be refined to enhance their predictive capa-
bilities. Secondly, this research could be extended to other complex phenomena such
as social dynamics, healthcare, and environmental systems. Finally, future research
could also investigate approaches to evaluate RL algorithm’s effectiveness in modelling
accurate real-world decision-making.

In conclusion, this thesis has contributed to agent-based modelling by demonstrating
how RL algorithms can enhance the decision-making accuracy of ABMs by introducing
learning and adaptability. The proposed hybrid-ABMs were tested on three distinct
complex phenomena, and the findings indicate that the RL agents can learn complex
behaviours from their environment, adapt to previously unbeknown situations, and
perform relatively well. The contributions of this research will inform future research
that should have practical implications. Furthermore, this research highlights the po-
tential of RL algorithms for enhancing the predictive capabilities of ABMs and opens
up new avenues for future studies in this area. Overall, this thesis has advanced the
understanding of ABMs and reinforced the potential of RL algorithms for improving

complex real-world decision-making in future models.
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Peer-reviewed articles published

during collaborative research

The following publications resulted from collaborative projects conducted by like-minded
post-graduate researchers and academics from various institutions globally. None of the
materials presented henceforth are used in the main thesis; however, it showcases col-
laboration instigated by the thesis author during the PhD programme.

Article one A.1, Olmez, S.; Douglas-Mann, L.; Manley, E.; Suchak, K.; Heppenstall,
A.; Birks, D.; Whipp, A. Exploring the Impact of Driver Adherence to Speed Limits and
the Interdependence of Roadside Collisions in an Urban Environment: An Agent-Based
Modelling Approach. Appl. Sci. 2021, 11, 5336. hitps://doi.orq/10.3390/app11125336

Article two A.2, Olmez, S.; Thompson, J.; Marfleet, E.; Suchak, K.; Heppenstall,
A.; Manley, E.; Whipp, A.; Vidanaarachchi, R. An Agent-Based Model of Heteroge-
neous Driver Behaviour and Its Impact on Energy Consumption and Costs in Urban

Space. Energies 2022, 15, 4031. hitps://doi.org/10.3390/en15114031
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A.1 Exploring the Impact of Driver Adherence to Speed
Limits and the Interdependence of Roadside Colli-
sions in an Urban Environment: An Agent-Based

Modelling Approach

Authors: Sedar Olmez, Liam Douglas-Mann, Ed Manley, Keiran Suchak, Alison Hep-
penstall, Dan Birks and Annabel Whipp

Abstract: Roadside collisions are a significant problem faced by all countries. Ur-
banisation has led to an increase in traffic congestion and roadside vehicle collisions.
According to the UK Government’s Department for Transport, most vehicle collisions
occur on urban roads, with empirical evidence showing drivers are more likely to break
local and fixed speed limits in urban environments. Analysis conducted by the Depart-
ment for Transport found that the UK’s accident prevention measure’s cost is estimated
to be £33bn per year. Therefore, there is a strong motivation to investigate the causes
of roadside collisions in urban environments to better prepare traffic management, sup-
port local council policies, and ultimately reduce collision rates. This study utilises
agent-based modelling as a tool to plan, experiment and investigate the relationship
between speeding and vehicle density with collisions. The study found that higher traf-
fic density results in more vehicles travelling at a slower speed, regardless of the degree
to which drivers comply with speed restrictions. Secondly, collisions increase linearly
as speed compliance is reduced for all densities. Collisions are lowest when all vehicles
comply with speed limits for all densities. Lastly, higher global traffic densities result
in higher local traffic densities near-collision sites across all adherence levels, increasing
the likelihood of congestion around these sites. This work, when extended to real-world
applications using empirical data, can support effective road safety policies.

Keywords: agent-based model; traffic simulation; urban environment; autonomous

agents; data analysis; collisions; speed adherence

A.1.1 Introduction

A lack of adherence to speed limits can have serious consequences and pose a signifi-
cant risk to life for drivers, passengers and members of the public. According to UK
Government reports, car users account for the largest proportion of casualties across

all categories of injury. A total of 736 car passengers/drivers suffered fatal collisions
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in 2019 (Balendra, 2020; Murphy, 2020). Furthermore, on 30 mph (miles per hour)
roads, 54% of cars exceeded the speed limit in the first quarter of 2019. In addition,
6% of these cars exceeded the speed limit by over 10 mph. This increased in the second
quarter of 2019 to 56%. Similarly, 37% of fatalities among car passengers/drivers in
2019 occurred on urban roads—an increase of 1% since 2018. An additional 57% of
fatalities occurred in rural roads, down 3% since 2018. These trends are evident out-
side of the UK. According to Pammer et al. (2021), almost half of the reported driving
offences in the Northern Territory of Australia are regulatory; these include speeding
and non-adherence to road rules. In Norway, a longitudinal study conducted on 145
young drivers (up to 25 years old) found that speeding behaviour was the main factor
(80%) in causing motor vehicle collisions (Breen et al., 2020).

Driving speeds are a vital component in exploring the factors that lead to collisions.
Several empirical studies in speed and collision rates found evidence that crash rates in-
crease faster given the increase in speed in minor roads compared to major roads. Two
important factors related to collision rates are traffic density and traffic flow (Aarts &
Van Schagen, 2006). Furthermore, the authors in Szumska et al. (2020) found that
population density is a contributory factor in accident frequency. The authors suggest
that population densities in cities are higher than in rural areas; thus, people are more
exposed to vehicle collisions. Similarly, the authors in Maycock et al. (1999); Quimby
et al. (1999) collected empirical data from drivers in the form of surveys to conduct
studies in driver behaviour; this method was also adopted by (Fildes et al., 1991). These
studies found that an increase in speed led to an increase in collision rates and that
fast moving vehicles have a higher crash rate than slow moving vehicles. Maycock et al.
(1999); Quimby et al. (1999) both reported a power function to describe this relation-
ship, while the authors in (Fildes et al., 1991; Kloeden et al., 1997, 2001) reported an
exponential function. These latter three studies also found that the crash rate increases
faster with increasing speed on urban than on rural roads. Methodological differences
in the operationalisation of variables, and the influence of coincidental factors, all may
account for differences in results at a detailed level (Aarts & Van Schagen, 2006).

Self-driving cars play an important role in vehicle collision research. Emuna et al.
(2020) found that human-like driving policies are necessary to ensure the safety of pas-
sengers in these vehicles. The authors apply deep-reinforcement learning algorithms to

simulate collision avoidance in dynamic settings. By adopting human expert knowl-
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edge data and feeding these data into the model, the authors found that human-like
driving policies can be achieved. Similarly, reference Pusse & Klusch (2019) developed
a hybrid online POMDP planning and deep-reinforcement learning algorithm to enable
self-driving cars to avoid collisions, including pedestrians. The research aims to deploy
a collision-free navigation system such that vehicles are better equipped at handling
high-risk scenarios. The authors found that their hybrid solution outperforms each
applied technique, POMDP and deep-reinforcement learning on average. Moreover,
the author in Spectrum & 2016 (2016) attempts to explore how and if ethics can be
adopted in self-driving cars by comparing real-world scenarios where self-driving cars
fail to adopt human intuition to avoid a collision with a pedestrian as doing so would
result in the vehicle breaking its own intrinsic rules. The author in Spectrum & 2016
(2016) points out that self-driving cars cannot be sure that a road ahead is clear, such
that it should cross and avoid hitting a person that it may encounter. These vehicles
will estimate the confidence interval at 98 to 99 per cent, which ultimately means engi-
neers would have to decide how high the confidence interval must be. Thus, engineers
would need to consider what object is ahead, i.e., plastic bag or a person making this
an essential line of enquiry in this field of research. While most of the research in self-
driving car technologies is in its infancy, developing new technologies to handle collision
is welcomed, which could, in turn, be adopted by regular non-self-driving vehicles.
Safety intervention policies in reducing variations in speed play an essential role in
reducing collision rates. Interventions include speed humps, roundabouts, road mark-
ings, signposts and traffic lights. However, the measures that have been found to
increase speed limit adherence are those that physically prevent a vehicle from driving
faster than necessary, such as speed humps (Martens, 1997). Safety measures deployed
in vehicles have also lead to a decrease in collisions. The European Union has made
it mandatory through legislative requirements for vehicles to be fitted with advanced
emergency braking systems and other measures, which lead to a decrease of 5000 fatal
collisions on European roads per year (Moravéik & Jaskiewicz, 2018). Alternatively,
signposts that show the expected speed limit do not automatically imply that drivers
will match the indicated speed limit. The authors in (Richards & Dudek, 1986) refer to
static speed limit signposts as passive speed control. They argue that passive control
alone is generally only sufficient at sites where the hazards are obvious, and drivers

understand and accept the speed limitation (Martens, 1997). Ultimately, the authors
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in Oei & Polak (1992) found that active signalling, using dynamic signs informing a
driver that they are exceeding the speed limit, has more effect than passive control
since drivers may also interpret the signal as an indication for impending danger. In
addition, the authors in Galizio et al. (1979) found that, when comparing a signpost
with a marked police car in increasing speed adherence, the police car had a significant
effect on driving speed the drivers were in active fear of being reprimanded. According
to (Kennedy et al., 2005), features such as edge markings that visually narrow the road,
the vicinity of buildings, reduced carriageway widths, barriers in the carriageway and
pedestrian activity all tend to reduce speed.

The concepts discussed above provide insight into the literature on empirical evi-
dence of collisions in Great Britain, the impact of speeding, safety intervention policies
and road design. However, the decision to speed or comply with speed limits comes
down to the individual driver. Speeding is a major contributory factor to roadside
accidents (Peden et al., 2004). To date, the majority of research in this area has inves-
tigated an extensive range of important factors from the viewpoint of those who exceed
speed limits. This focus is understandable, given that faster vehicle speeds increase
both risks of crash involvement and severity of crash outcomes (Fildes et al., 2005).

The earlier statistics show that work needs to be done to curb the number of ac-
cidents on urban roads. This study will utilise a novel 3D Urban Traffic Agent-Based
Model (Olmez et al., 2021b) to conduct several experiments by testing multiple traffic
density and speed limit adherence parameters to illustrate how these measures impact
vehicle collisions among a heterogeneous agent population of vehicles in a simplification
of an urban environment. This study adopts the widely accepted definition of collisions,
defined by Saunier et al. (2010) as: “an observational situation in which two or more
road users approach each other in space and time to such an extent that a collision is
imminent if their movements remain unchanged”. The study ultimately aims to assess
the impact traffic density and speed limit adherence have on collision rates by utilising
a novel agent-based model to provide recommendations on reducing these rates and
inform policy.

Sub-section A.1.2 introduces the agent-based modelling methodology by describ-
ing what it is and how it has been adopted in similar research. Sub-section A.1.3
will describe the agent-based model using established protocols such as the Overview,

Design concepts and Details (ODD) (Grimm et al., 2006). This sub-section outlines
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the purpose of the model, agents and environment characteristics. Sub-section A.1.4
describes the number of experiments conducted, the rationale behind them and an
analysis of the subsequent outcomes. Lastly, Sub-section A.1.6 consists of the studies’
initial aims, which was found after experimentation, and the recommendations made

for future urban road infrastructure planning.

A.1.2 An Individual-Based Modelling Approach to Traffic Simulation

The traffic system is characterised by multiple individual actors (drivers) and a street
network made up of individual rules such as right of way and speed limits. Given the
nature of this system’s individual-level components, it is evident that these systems are
perfectly poised to be studied using individual-based modelling methods. According
to Huston et al. (1988), individual-based modelling refers to simulation models that
treat individual entities as unique and discrete components with at least one property,
for example, age, height, position and these properties change during the life cycle of
these entities. Therefore, in this study, vehicles can be thought of as individual hetero-
geneous entities with their own rules, while the urban street network is the environment
in which these vehicle entities are observed from within. The aim is to test various in-
terventions in this simplified world and collect observational data from these entities
to assess the impact of these interventions.

Agent-Based Modelling (ABM) is a tool that allows the study of emergent behaviour
of a system by simulating the actions and interactions of a collection of autonomous
agents. It is used in a wide variety of disciplines such as ecology (McLane et al., 2011),
crime (Birks et al., 2012) and sociology (Bianchi & Squazzoni, 2015). Implementing
simple rules for the agents can lead to the reproduction of complex phenomena observed
in the real world. Like all models, an agent-based model simplifies the isolated study
of the effect of particular agent behaviour. In light of these advancements, several
scholars advocate for contemporary simulation models as better suited in studying the
underlying mechanisms of crash occurrence. Furthermore, these methods represent a
richer and more detailed set of alternatives than statistical models (Davis & Morris,
2009).

Traffic in an urban space is a complex system that includes the environment (a
road network with a plethora of features like intersections, traffic lights, roundabouts,

hills and weather conditions) and drivers’ behaviour as individuals. Urban traffic man-
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agement has reached utmost importance worldwide as cities battle congestion and its
impacts on public health and fossil fuel emissions. Many computational models exist—
SUMO (Behrisch et al., 2011), AIMSUN (Casas et al., 2010), ARCHISIM (Bonte et al.,
2006) and PARAMICS (Cameron & Duncan, 1996), to name several—which aim to
simulate traffic flow and aid the design and layout of urban roads and thereby help
to minimise the impact of congestion. However, these models are typically explic-
itly collision-free; driver behaviour is formulated to prevent collisions. However, some
contemporary academic research has focused on various aspects of roadside collisions.
The authors in (Salim et al., 2007) applied data mining techniques on data captured
from intersection accidents to support real-time collision detection systems at intersec-
tions. A review of near-collision driver behaviour models by (Markkula et al., 2012)
found that most research has mainly been interested in the details of control in near-
crash and crash-phases and have thus not needed to provide an account of why these
states were reached in the first place. Furthermore, the authors in (Markkula et al.,
2012) argue that some authors have modelled reactions to collision warnings in various
ways (Exposition et al., 2002; Fitch et al., 2008; Lee et al., 2002), while none of the
models has addressed the phenomena of behavioural adaptation to long-term system
exposure. The model adopted in this study (Olmez et al., 2021b) allows for the ve-
hicle’s life-cycle to be observed at an individual level while also observing the global
patterns that emerge overtime at the street network level. The authors in (Markkula
et al., 2012) also found that almost all papers focused on a narrow set of collisions,
namely rear-end collisions. Thus, they recommend looking at a more diverse range
of pre-crash scenarios to achieve full credibility. The model adopted in this research
deploys an environment that can observe multiple vehicle behaviours while applying
the laws of physics. A variety of collisions among vehicles can then be observed. An
example of this is where vehicles tip over if a collision occurs with a heavier, faster-
moving vehicle, which ultimately captures a more realistic array of possible collisions
and repercussions. Ultimately, collisions occur and contribute to various undesirable
circumstances on roads, such as traffic jams and congestion. Furthermore, the rate,
type, and severity of these collisions are emergent properties of the system, impacted
by driver interaction, driver behaviour, and the environment.

Driver behaviour can be observed in many ways; these include surveys, camera

footage, police reports, to name but a few. A prominent method within the liter-
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ature is the Driver Behaviour Questionnaire (DBQ) introduced in 1990 by (Reason
et al., 1990). This questionnaire consists of 50 items describing various problems and
violations while driving, which members of the public can fill out. After surveying
520 drivers, the authors in (Reason et al., 1990) identified that errors are statistically
distinct from violations, indicating that different psychological mechanisms trigger er-
rors and violations. The authors in (De Winter & Dodou, 2010) found that violations
were more prevalent among young drivers compared to senior drivers. On the other
hand, errors decreased for younger drivers but remained constant with age among older
drivers. The differences between attitudes among drivers in rural areas and urban areas
reflect the significant difference among collisions in these areas. The authors in (Jones,
2007) identified that urban road network design consisted of higher lengths of road
and traffic volume, which in turn increased the collision rates. The authors in (Nord-
fjeern et al., 2010) add to this by highlighting the strongest predictors of fatality rates
due to vehicle collisions as being age and number of residents in the geographical ar-
eas. The authors in (Pantangi et al., 2019) adopted Naturalistic Driving Study (NDS)
data which contains driver, trip and vehicle specific information. These data represent
driver behaviour before, during and after the adoption of high-visibility enforcement
programs. Furthermore, the study focused specifically on aggressive driving behaviour;
these include speeding and tailgating to explore the intensity and duration of these
behavioural patterns. The study found that high-visibility enforcement programs are
likely to reduce speeding only in some instances. A survey result showed that drivers in
rural areas are more likely to drive without a seat belt on or while intoxicated with alco-
hol compared to drivers in urban areas (Author et al., 2007). The author in (Eiksund,
2009) identified two components that impact traffic risk. These are system risk and risk
culture. The latter consists of factors independent of the driver, such as vehicle condi-
tion, weather and road plans. The former are human factors such as norms, feelings,
attitudes and perceptions of risk. Adding to this, the authors in (Zhou et al., 2021)
attempted to analyse taxi driver speeding behaviours captured by GPS trajectory data.
These data captured the hourly speeding frequency and average speeding severity of
each driver. Their study concludes that aggressive driver behaviour among taxi drivers
are linked to longer trips, short delivery time, high monetary value, driving at night,
and, lastly, forced low-speed limits. Given all of the above, the authors in (Nordfjeern

et al., 2010) highlight the impact physical changes to road networks can have by enforc-
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ing slower speeds such as road humps, while also indicating that driver behaviour may
also be altered indirectly by influencing the public’s attitudes and norms which links
to the literature on “self-explaining” roads (Fildes & Jarvis, 1994) mentioned earlier in
the Introduction sub-section.

Accident reduction is a crucial aim of transport management. It has been hypoth-
esised that higher congestion leads to fewer road fatalities (Shefer, 1994) as congestion
leads to lower overall speeds, and therefore collisions are less likely to occur. While some
evidence of this relationship has been found in some scenarios such as on single-carriage
rural roads in the UK (Baruya, 1998), results are much less conclusive in other scenarios
such as in cities such as London (Noland & Quddus, 2005) or on highways such as the
M25 motorway around London (Wang et al., 2009). Furthermore, it has been argued
that, in many empirical studies, congestion is evaluated using proxy variables such
as volume over capacity ratio or employment density (Wang et al., 2013) and that, to
fully understand the impact of congestion, data with high levels of spatial and temporal
resolution are needed (Retallack & Ostendorf, 2019). Microscopic traffic simulations
track all vehicles’ positions and velocity in the simulated road network in small time
steps, allowing traffic dynamics to be observed in high spatial and temporal resolution.
These simulations could complement empirical investigations and yield further insight
into the interactions between road environment, speed, traffic density, congestion and
accidents, adding to the debate regarding the impact of vehicular congestion on the
frequency of road accidents (Cabrera-Arnau et al., 2020).

The ABM described in this study has been designed to investigate the relationship
between driver adherence to speed limits and the subsequent impact on the number of
collisions. Unlike the previously described models, it utilises a physics engine provided
by the Unity development platform. This feature allows physical collisions to occur
between vehicles. The interaction between traffic density, adherence level and collisions
can be studied by increasing the number of agents. The study will ultimately aim to
argue for various policy interventions such as reducing or increasing density to reduce
collision rates and regulate speeding in dense road networks and, by utilising the agent-

based model, show the extent to which these interventions impact the system as a whole.
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A.1.3 Model Description

This section describes the agent-based model adopted for this study. A general descrip-
tion of the model can be found at (Olmez et al., 2021b). The model description includes
the purpose of the model, the parameters that can be selected, the output variables
from the model post simulation run, overview of the model workflow, and, lastly, a
detailed description of the vehicle agents and environment. The Overview Design and

Details (ODD) protocol will be utilised to explain the model (Grimm et al., 2006).

Purpose

The agent-based model used in this research is the 3D Urban Traffic Simulator in
Unity (Olmez et al., 2021b), this includes the data produced during model experiments,
found in the Supplementary Materials. The model was designed to provide researchers
with the ability to simulate hypothetical vehicle drive—cycle activity scenarios in a 3D
urban environment. The model utilises heterogeneous autonomous vehicle agents with
granular control parameters such as vehicle mass, velocity, traction and downforce to
name but a few. Similarly, the street network is developed around a built-up urban
environment that contains the foundations of a dense urban street network with varying

road speed limits and intersection rules.

Variables

The model requires input variables to run an experiment and output results that can
later be analysed. The parameters that can be modified are listed in Table A.1.
The model consists of two entities: the vehicle agents and model environment. The

vehicle parameters are:

e The vehicle mass parameter, each vehicle can weigh up to 7500 kg; the model
distributes vehicles arbitrarily across the environment with varying weights, from
small cars to large goods vehicles (LGVs) to capture heterogeneity, every vehicle
must have a mass of at least one such that the laws of gravity apply during the
simulation experiment. Mass only becomes significant when collision severity is

of importance; however, all collisions are considered in this study.

e The top speed measure is between 30 and 45 mph, and is only applied to vehicles

that do not adhere to speed limits (break speed limit rules), for example, vehicles
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Entity Parameter Values
Vehicle Mass [1, 7500] (kg)
Top Speed (30, 45] (mph)
Ray-cast Length | [1, 20] (m)
Environment | N. Of Vehicles [1, 500]
Speed Adherence | [0, N]
Roads 1295
Intersections 354

Table A.1: Model entities and parameter values, where [X, Y] are a random uniform

distribution of values (inclusive) (Olmez et al., 2021D).

that are driving on a 20 mph road can bypass the speed limit and drive at 45
mph which is more than double the speed limit. This measure is applied only if
Speed Adherence is >1 (source (Balendra, 2020)).

The ray-cast length parameter can be between 1 to 20. The variable assigns a

distance between two vehicles in meters (source (Driving, 2022)).

The environment specific parameters are:

The number of vehicles in the model, N; this can be between 1 and 500.

The speed adherence variable can be between 0 < x < N. This assigns the
proportion of vehicles that will not adhere to the speed limits (vehicles that
break the local and fixed speed limits) applied to the road which they are driving

on during simulation.

The urban road network consists of 1295 roads which vehicles drive on and 354
intersections which consist of right of way rules. The street network has been

developed to depict a small urban town.

The parameters mentioned above, once selected, are used to initialise the experiment

(model-run) which lead to output variables. These variables observe data points every

step

of the simulation experiment. Table A.2 describes the output variables that the

model produces.
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The model outputs thirteen variables (refer to Table A.2). The agent ID variable
allows for a micro-level analysis of the agent behaviours during model execution at the
street level, and this helps identify specific agents in the environment. The collisions
variable is a cumulative number that increases each time the vehicle collides with an-
other; this includes contact made between two or more vehicles on all road types and
intersections. Top speed is the speed limit associated with the road that the vehicle is
currently on, and the vehicle is trying to match the speed; however, in scenarios where
some vehicles do not adhere to speed limits, the top speed for those vehicles would be
a value between 30 and 45 mph ultimately breaking the speed limit. The current speed
variable is the vehicle’s speed at the current time of the simulation run. The distance of
travel is in meters which tracks the vehicle’s distance from the starting position on the
road network up until the current simulation step. The ray-cast length variable is the
distance the vehicle can identify objects ahead, for example, other vehicles. Traction
control is either 1 (on) or 0 (off). If the traction control is on, the vehicle has full
traction capability such that each wheel can adapt to the surface; however, it is not
utilised for this study as not all vehicles have access to traction control. The velocity
magnitude is a scalar value demonstrating the rate of motion at a specific time. The
vehicleMass variable assigns a weight to the vehicle between 1 to 7500 in kilograms
to capture heterogeneity. The physics engine in Unity requires that every object has
a mass assigned to it to ensure gravity is applied. Downforce coefficient is between
0.1 and 10; for this research, it is left at 0.1 to have no impact. Lastly, date-time
stamps are included in each row of data recorded such that time-series analysis can be
applied (Olmez et al., 2021Db).

Model Overview

The agent-based model was developed using Unity. Unity is a 3D software develop-
ment platform consisting of a rendering and physics engine and graphical user interface.
Unity has received wide-spread acceptance in several industries, including gaming, au-
tomotive and film (Juliani et al., 2018).

The following workflow diagram describes the processes that the model (Olmez
et al., 2021b) undergoes during run-time.

The Urban Traffic Simulator (Olmez et al., 2021b) workflow (refer to Figure A.1.1)

takes input values for the five variables described earlier (refer to Table A.1). The
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Variable Output Type | Example Value
AgentID Integer —38,572
xAxisPos Float 75.94560
zAxisPos Float 20.1927
collisions Integer 12
topSpeed(mph) Float 20.0
currentSpeed (mph) Float 18.0
distanceOfTravel(meters) | Float 13.0
raycastLength Integer 6
tractionControl Integer 0
velocityMagnitude(BETA) | Float 0.195808
vehicleMass Integer 1500

downforce Float 0.1

date-time DateTime 18 January 2021 13:05:40

Table A.2: Model output variables, source (Olmez et al., 2021b).

software then resets all parameters to start the simulation scene, producing the agents
and environment. Once the model has reset, the model produces all agents, starting
locations, and environment parameters before the simulation starts. Now, the model
runs each frame, and every change that occurs is stored with a time-stamp. Fixed Up-
date is used to compute any physics elements such as vehicle wheels, mass and velocity.
The Update method computes variables in each frame. The model utilises Fixed Up-
date due to the number of physics components used; therefore, multiple changes occur
during simulation run-time for each frame, and these changes are captured to output
the thirteen variables’ (Table A.2) post-simulation run; once this is done, the model is

stopped (destroyed).

Agent

The vehicles are classed as autonomous agents; the vehicle population is heterogeneous
(every vehicle has distinguishable characteristics). These agents apply similar charac-
teristics to real-world motor vehicles; they have four wheels, steering angle, traction,
mass, and drag. Each vehicle agent applies the following set of rules during its drive

cycle, refer to Algorithm 2.
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Figure A.1.1: Workflow diagram depicting processes that the Urban Traffic Simulator

undergoes during run-time.

The rules described in Algorithm 2 allow vehicle agents to navigate the environment
and collect data. Each vehicle follows the same rules. However, the features vary and
depend on the input values from Table A.1. These vehicle agents are a simplification
of real vehicles. Therefore, it is not expected to perfectly simulate real-world vehicles
but includes the fundamental features that all vehicles retain.

If a vehicle is not adhering to speed limits, it can increase its speed between 30 to
45 mph. If vehicle X is ahead of Y, Y given the rules in Algorithm 2 should decrease
speed to match vehicle X’s speed. When a vehicle arrives at an intersection, if it has
the right of way, i.e., on a horizontal lane and no vehicles are at the intersection, it
reduces its speed to 10 mph and drives through the intersection. If the vehicle is at the
intersection and does not have the right of way, it should wait until the intersection
is cleared. If the vehicle is at an intersection, it does not have the right of way, and
there are no vehicles at the intersection, the vehicle is free to reduce speed to 10 mph
and drive through the intersection. Lastly, all vehicles that adhere to the speed limit

increase or decrease speed to match the road’s speed limit (Olmez et al., 2021D).
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Algorithm 2: Vehicle agent rules in pseudocode.

while Model running do
Drive;

if not_adherence == true then
| accelerate to top speed [30, 45];

else
| accelerate matching road speed limit;

end

if vehicle_ahead == true then
| match speed of that vehicle;

else
| continue at current speed;

end
if at_intersection == true AND wvehicle_present == false AND right_of way

== true then
| reduce speed and drive out of intersection;

else if at_intersection == true AND wvehicle_present == true AND

right_of-way == false then
| halt till intersection_clear == true;

else if at_intersection == true AND wvehicle_present == false AND

right_of way == false then
| reduce speed and drive out of intersection;

else
| halt till intersection_clear == true;

end
end

Environment

The vehicle agents described earlier require an environment to function within. The
model (Olmez et al., 2021b) deploys an urban street network that is described as a
T-type network (Han et al., 2020). This street network contains similar characteristics
to downtown Philidelphia (Boeing, 2020) and San Francisco (Porta et al., 2006). T-
network patterns are like grid-shaped networks but include t-junctions. Several added
features such as eight-lane intersections described in (Filocamo et al., 2020) are also

utilised to add complexity. The street network contains 1295 roads and 354 intersec-
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tions, which were arbitrarily generated to cover a small town. The individual roads,

speed limits and intersection rules are described in the following Figure A.1.2.

|

(D) (E)

Figure A.1.2: Urban Street Network roads and intersections, A: two-way local road, B:
two-way corner road, C: two-way fixed road, D: eight-way intersection and E: two-way

T-junction.

The environment contains three road types with varying fixed and local speed limits
and intersections with right of way rules. The environment is a simplification of the
real world. Therefore, it does not utilise all intersection types. Moreover, overtaking is
not utilised in the model as passing-lanes (overtaking lanes) do not exist in the street
network and are commonly found in motorways or multi-lane highways (Clarke et al.,
1998). However, it does contain the basic features of an urban street network which
have also been observed in several cities across the United States (Boeing, 2020; Porta
et al., 2006). The following list describes each road, intersection and the speed limits

assigned to these roads from Figure A.1.2:

e (A) Two-way local road with a speed limit rule of 20 mph.
e (B) Two-way corner road with a speed limit rule of 10 mph.
e (C) Two-way fixed road with a speed limit rule of 30 mph.

e (D) Eight-way intersection, where right of way is for traffic on horizontal lanes,

speed limit rule of 10 mph.
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e (E) Two-way T-junction, right of way is for horizontal lanes, speed limit rule of
10 mph.

The speed limits for the three road types (Figure A.1.2A-C) were derived from UK
government sources such as (Balendra, 2020), where urban streets consist of local 20
mph and fixed 30 mph zones; however, corner roads sometimes require lower speeds
such as 10 mph as vehicles require more room to turn. A UK Government report
identifies roads in built-up areas as having a fixed speed limit of 30 mph. However, for
dense areas—usually city centres—this may be designated 20 mph by local councils to
keep pedestrians safe from collisions (Department for Transport, 2006).

For comparison, the urban street network in the Urban Traffic Simulator (Olmez
et al., 2021b) is roughly the same size as the town of Morley, UK (refer to Figure A.1.3).

Morley has 1526 roads compared to 1295, which the urban street network possesses.
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Figure A.1.3: Urban Street Network of Morley, UK (data source: (Survey, 2021)).

Summary

The model description section describes the rules vehicle agents follow for every road
type and intersection it encounters. Five rules govern the vehicle’s behaviour; these
broadly involve increased or reduce speed depending on road or speed adherence, inter-
acting with intersections in a safe way to reduce the risks of collisions. The environment
comprises three road types and two intersections, with varying local and fixed speed

limits taken from empirical data via UK government sources. Lastly, the town of Mor-
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ley, UK happens to be very similar in size to the urban street network applied in the
model; this provides a realistic snapshot of the global scale of the street network in-
volved. In the next section, the model is used to run nine hypothetical scenarios. The

output data from these scenarios will be quantitatively analysed in several ways.

A.1.4 Experimental Results

As mentioned previously, this study aims to quantify the relationship between speed
limit adherence within different population sizes and the subsequent impact on colli-
sions. The experiments will conduct multiple model execution scenarios under nine
conditions, refer to Table A.3. The goal is to quantitatively identify the best and
worst-case scenarios concerning the number of collisions in an urban street network.
More specifically, low, mid and full adherence to speed limits will be compared across
low, mid and high traffic density (number of vehicles); these are identified as the inde-
pendent variables, while the dependent variable is the number of collisions. All other
parameters will remain constant to ensure a heterogeneous population of vehicles across
all experiments. The model is still in its infancy and can be thought of as a proof of
concept. Thus, factors such as weather and time of day have not yet been implemented
but will be considered for future extensions. The main variables of interest at this
current time for this study are adherence to speed limit, vehicle density and collisions.

As described in the background section, the relationship between collision rate and
traffic density has been theorised but not empirically verified. Since collisions in the
real world can be caused by many factors, we will focus on collisions caused by speeding.
Our question is: do higher traffic densities suppress the higher collision rates caused by

speeding in an urban environment?

‘ Independent Variable Measure ‘ Low Adherence ‘ Mid Adherence ‘ High Adherence ‘
‘ Low traffic density ‘ 50 vehicles (25%) and 15 adherence (30%) ‘ 50 vehicles (25%) and 30 adherence (60%) ‘ 50 vehicles (25%) and 50 adherence (100%) ‘
| Mid traffic density | 100 vehicles (50%) and 30 adherence (30%) | 100 vehicles (50%) and 60 adherence (60%) | 100 vehicles (50%) and 100 adherence (100%) |
| High traffic density | 200 vehicles (100%) and 60 adherence (30%) | 200 vehicles (100%) and 120 adherence (60%) | 200 vehicles (100%) and 200 adherence (100%) |

Table A.3: Experiment conditions.

Each experiment ran five times with different random seeds for five minutes due to
the computational demand required to render 3D agents. Final collision values were
averaged across runs and normalised by the number of vehicles, with the standard

deviation displayed in the error bars. The results are shown in Figure A.1.4.

198



A.1 Exploring the Impact of Driver Adherence to Speed Limits and the
Interdependence of Roadside Collisions in an Urban Environment: An
Agent-Based Modelling Approach

e 50 vehicles
n 1.41 e 100 vehicles
o | e 200 vehicles

= -
5 Pt
S 1.0 L.

=

-
-
-

o =7
4 -
z04y 1 ==
4”
-

0 10 20 30 40 50 60 70
Percentage of non-adherence
Figure A.1.4: Number of collisions (normalised by number of vehicles) against the
percentage of non-adherence to speed limits, refer to Supplementary Materials for data

used.

Firstly, it is important to note the size of the error. While some variance in model
runs is expected, the extent of the overlap between scenarios makes drawing firm con-
clusions from these experimental results difficult. However, in future studies, this will
be taken into account.

While keeping account of this variance, it is still clear that there is a greater dif-
ference in collision rates between 50 and 100 vehicles than between 100 and 200. This
suggests that there exists a critical density at which the number of collisions begins
to scale linearly with traffic density; prior to this critical point, an increase in vehicles
results in a disproportionately large increase in collisions. Similar patterns were found
in empirical data collected in the subsequent studies (Fildes et al., 1991; Maycock et al.,
1999; Quimby et al., 1999). In Figure A.1.4, we see little evidence of reduction (either
proportional or absolute) in the number of collisions as traffic density increases. Higher
traffic density also does not appear to suppress the effects of low-speed limit adherence
on collisions. As can be seen from the trend lines in Figure A.1.4, collisions increase at
a near-identical rate as a function of the percentage of non-adherence. Higher traffic
densities also appear to loosely correlate with greater variance in collisions between
runs.

While collision prevention is a primary goal of traffic management, the prevention
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of congestion—and its impact on public health and COy emissions—is equally cru-
cial (Frey et al., 2001; Mohandas et al., 2009). As described in the background, it has
been suggested that these goals could conflict (Retallack & Ostendorf, 2019; Shefer,
1994).

There is no single definition of congestion—several different definitions have been
developed for different congestion scenarios (Vickrey, 1969) or for identifying congestion
from the available data (Wan et al., 2017). In this study, congestion will be understood
both as a decrease in the overall traffic speed in the system and as an increase in the
number of vehicles with speeds under 5 mph at a given time. Local traffic density (the
number of vehicles in a particular area of the network) will also be considered under
the assumption that this correlates with congestion and being of interest in its own
right.

To compare traffic flow for the different scenarios, the average speed of all vehicles
was calculated. The results are shown in Figure A.1.5. Lower adherence to speed limits
leads to higher average speed for systems of varying density. However, the average speed
of systems with low adherence is impacted more by increasing the density. For example,
when increasing the number of vehicles from 50 to 200 for 100% speed limit adherence,
the average speed decreases by 3.6%. When increasing the number of vehicles from 50
to 200 for 30% speed limit adherence, the average speed decreases by 13.3%; therefore,

as density increases, the average speed of vehicles decreases.
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Figure A.1.5: Average speed of vehicles against number of vehicles for each adherence

scenario, refer to Supplementary Materials for data used.
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While the average speed of traffic is an essential factor for considering the overall
efficiency of the system (at least concerning average journey times), it does not commu-
nicate the distribution of speeds (for example, some vehicles may enjoy short journey
times while others are stuck in congestion) or how these are spatially located.

The average agents’ speed, the spread of agents’ speed, and the percentage of vehi-
cles below 5 mph at the final time step of each scenario are presented in Table A.4. The
spread of speed, which is the standard deviation of all agents’ speeds, increases with
lower adherence by a factor of more than 1.6 from 100% adherence to 30% adherence
for all traffic densities. This increase is expected since non-adhering drivers can access
a broader range of speeds up to 45 mph while adhering drivers cannot exceed 30 mph.
The fraction of vehicles below 5 mph includes vehicles that have collided and cannot
move, including vehicles stuck behind these collisions. There is an increase in this frac-
tion for 100 and 200 vehicles as adherence decreases. This increase is not evident for
50 vehicles.

Scenario ‘ Speed (mph) ‘ Spread (mph) ‘ Vehicles under 5 mph (%) ‘
50 v, ad 30% 13.49 5.69 7.6

50 v, ad 60% 11.74 5.8 12.0

50 v, ad 100% | 9.96 3.34 6.0

100 v, ad 30% 12.24 6.93 17.0

100 v, ad 60% 11.21 5.84 13.4

100 v, ad 100% | 9.9 3.56 6.2

200 v, ad 30% 11.59 6.85 20.6

200 v, ad 60% 11.17 5.52 12.7

200 v, ad 100% | 9.42 4.08 11.1

Table A.4: Average speed, spread of speeds, and fraction of vehicles moving below 5

mph for each scenario (where v = vehicles and ad = adherence percentage).

The above Table A.4 shows that higher traffic densities and lower speed adherence
result in a greater fraction of vehicles travelling at very low speeds at any given point in
time, even though the average speed is higher. Similarly, low-speed adherence with low
traffic densities increases the average speed without increasing the fraction of vehicles

at very low speeds.
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This study is concerned with the spatio-temporal analysis of the whole urban street
network. However, Figure A.1.6 shows that local micro-level phenomena can also be
observed. We hope to conduct a comprehensive analysis of micro-level interactions

between density, congestion and collisions for future studies.

50v_30pc

50v_60pc

0.6
0.5
204
i
3 0.3
0.2
0.1
0.0

0 1 2 3 4 5 6 7
Number of other vehicles in 30m radius

(a) 50 vehicles, 30% speed

limit adherence

100v_30pc

0 1 2 3 4 5 6 7
Number of other vehicles in 30m radius

(d) 100 vehicles, 30% speed
limit adherence

200v_30pc

0.6
05
204
a
§os3
02
01
0.0

0 1 2 3 4 5 6 7
Number of other vehicles in 30m radius

(b) 50 vehicles, 60% speed

limit adherence

100v_60pc

0 1 2 3 4 5 6 7
Number of other vehicles in 30m radius

(e) 100 vehicles, 60% speed
limit adherence

200v_60pc

0 1 2 3 4 5 6 7
Number of other vehicles in 30m radius

(g) 200 vehicles, 30% speed

limit adherence

0 1 2 3 4 5 6 7
Number of other vehicles in 30m radius

(h) 200 vehicles, 60% speed

limit adherence

50v_100pc

0.6
0.5
204

@

g 0.3
0.2
0.1
0.0

0 1 2 3 4 5 6 7
Number of other vehicles in 30m radius

(c) 50 vehicles, 100% speed

limit adherence

100v_100pc

0 1 2 3 4 5 6 7
Number of other vehicles in 30m radius

(f) 100 vehicles, 100% speed
limit adherence

200v_100pc

0 1 2 3 4 5 6 7
Number of other vehicles in 30m radius

(i) 200 vehicles, 100% speed

limit adherence

Figure A.1.6: Distribution of number of additional vehicles involved in simulated col-
lisions based on number of vehicles in system and proportion of vehicles adhering to

speed limits.

The local traffic densities within 30 metres of a collision site, one second before the

collision takes place, is shown in Figure A.1.6. Higher global traffic densities result
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in higher local traffic densities near-collision sites across all adherence levels. This is
highlighted when comparing Figure A.1.6¢,f,i, where the modal value of the number of
additional vehicles present near a collision increases from 0 to 1; that is to say that,
for lower global vehicle densities, we typically observe that no additional vehicles are
present at a collision site. Whilst for a large population of 200 vehicles, we observed that
it is common for at least one other vehicle to be present. Furthermore, lower adherence
results in higher local traffic densities near collision sites for 100 vehicles (Figure A.1.6d—
f) and 200 vehicles (Figure A.1.6g—1) but not 50 vehicles (Figure A.1.6a—c).

Collisions, when they occur, appear to be more likely to take place in the presence
of other vehicles both when global traffic density is increased and when adherence level
is lowered. However, an increase in local traffic density alone does not appear to cause
an increase in collisions; a similar pattern was observed in (Clark, 2003). This can be
seen by comparing local traffic density results for 100 vehicles and 200 vehicles, which
Figure A.1.4 shows to have a near-equal collision rate despite Figure A.1.6 showing
that 200 vehicles have a higher local traffic density near collision sites.

However, according to Figure A.1.6, there is also an increase in local traffic density
as adherence decreases, which always results in more collisions. This indicates that
local traffic density may have a contributory effect towards collisions when combined

with low adherence to speed limits, a higher average speed, or greater speed variance.

A.1.5 Summary

To conclude, the experiments found that a higher traffic density results in more vehicles
travelling at lower speeds through space and time. This is the case even when 70%
of vehicles do not adhere to speed limit rules, i.e., driving between 30 to 45 mph.
Furthermore, collisions increase linearly as the non-adherence measure is increased.
This is the case for all traffic densities; however, lower densities lead to fewer collisions.
Lastly, collisions are at their lowest amount when all vehicles comply with speed limits
for all densities.

In the next section, an overview of the results is provided. Furthermore, the findings
from the paper will be validated by comparing the results with empirical findings.
Additionally, recommendations for reducing collisions will be made, and, lastly, future

avenues for research will be discussed.
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A.1.6 Discussion

The goal of this study was to understand the relationship between traffic density and
the number of collisions. Moreover, the paper aimed to look at the concept of higher
traffic density serving to suppress collisions by regulating driver speed, especially if
drivers were not adhering to prescribed speed limits. Previous studies indicate that
higher levels of congestion can result in fewer road accidents. This theory was the case
for a single highway segment in Detroit (Zhou & Sisiopiku, 1997). Similarly, the authors
in (Dickerson et al., 2000) found this to be the case on two to three-lane motorways
in France. However, this is not true at intersections (Retallack & Ostendorf, 2020), or
on urban roads in London (Dickerson et al., 2000; Noland & Quddus, 2005), where the
number of accidents was found to increase linearly at low to mid-levels of traffic and
nonlinearly at high levels of traffic.

This study found that higher levels of traffic density do not reduce the frequency
of collisions. Furthermore, higher traffic levels do not suppress the increased collision
rates caused by non-adherence to speed limits. Empirical findings found that traffic
congestion has little or no impact on the frequency of road accidents; however, it should
be noted that the results are constrained to the M25 London motorway (Wang et al.,
2009). The author in (Jones, 2007) found that an increase in collision rates resulted
from the road network design of urban roads, which consisted of higher lengths of
road and high traffic density. This study aims to contribute to the ongoing debate as
to whether traffic congestion impacts the frequency of road accidents (Cabrera-Arnau
et al., 2020).

This study found that high-density systems are affected to the same degree as low-
density systems and provide no protective effect. This would suggest that the traffic
management goals of congestion-reduction and accident-reduction are not in conflict
for urban road networks.

This study also suggests that lower traffic density on average leads to fewer collisions
regardless of adherence levels, as was observed in (Retallack & Ostendorf, 2020). How-
ever, as adherence decreases, this leads to increased collisions relative to the number
of vehicles in the urban environment. These findings were also observed in (Vickrey,
1968).

Empirical evidence from UK government sources in 2019 shows that, on average,

55% of vehicles in 2019 exceeded the speed limit on urban roads. During this time,
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63% of all collisions occurred on these urban roads (Balendra, 2020; Murphy, 2020).
This study also shows that increases in collisions are more likely as more vehicles break
speed limit rules.

This study’s results do not reflect the same linear-to-nonlinear relationship between
accidents and traffic levels as (Dickerson et al., 2000; Retallack & Ostendorf, 2020).
At low to mid traffic densities, collisions increase disproportionately as traffic density
increases. Collisions begin to increase proportionately at a critical point in density, so an
individual vehicle’s risk of colliding does not increase as traffic increases. However, the
results reflect the global number of collisions against an urban road network’s global
traffic density rather than studying micro-level intersections or specific urban roads.
The study also attempted to provide a micro-level analysis to supplement the findings
of the research. The analysis observed the distribution of the number of additional
vehicles involved in collisions based on the global number of vehicles and the proportion
of vehicles adhering to speed limits. We found that higher global traffic density resulted
in higher local traffic density near collision sites. Furthermore, we found that lower
adherence results in higher local traffic densities near collision sites for 100 to 200
vehicles; this is not the case for 50 vehicles. This indicates that local traffic density
may contribute to collisions when combined with low adherence to speed limits, a
higher average speed, or greater speed variance. Lastly, this micro-level analysis shows
that additional vehicles are present within 30 m of a collision, ultimately leading to
congestion at the local level.

The results in this study do show that higher traffic density results in higher levels
of congestion. Even when maximum adherence is achieved, increased density resulted
in reduced average vehicle speed, and this effect was greater for systems with lower
adherence. Therefore, with high density, non-adhering vehicles are more likely to reduce
their speeds more often as they find slower-moving vehicles ahead of them.

It should also be noted that conclusions drawn from this study are from the tested
traffic densities. Studying a greater range of densities may reveal a more complex
relationship. Conducting this study with a greater number of model runs per scenario
may yield more precise insights into the relationship between collisions, traffic density,
speed adherence, and speed distribution.

Since non-adherence to speed limits was found to increase collision rates for all traffic

densities, this study recommends implementing measures to increase adherence to speed
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limits on all roads regardless of their traffic level. This may include the introduction
of more speed cameras, which have been found to reduce speeding significantly (Bener
& Alwash, 2002). Feedback signs which broadcast the percentage of drivers who have
stayed within the speed limit of an area have also been found to be effective at reducing
speeding and resulting accidents (Van Houten et al., 1985).

Another important finding from this study suggests that, if fewer vehicles occupy a
street network, the total number of collisions is reduced. The most dramatic reduction
in collisions may be areas that shift from medium traffic density to low traffic density.
These findings support pedestrianisation policies, as these policies should reduce col-
lision rates among vehicles in these urban environments and reduce CO9 exposure. A
report titled “The effect of pedestrianisation and bicycles on local business” published
in 2017 found that: According to the 2012 Economic Impact Study, pedestrian activity
has risen by 11%, with 35% fewer accidents with pedestrians and 63% fewer traffic
accidents in New York Times Square (Pere, 2017).

A.1.7 Conclusion

This study aimed to explore the relationship between vehicle density and adherence to
speed limits with collision rates through agent-based modelling. This area of research
is still in its infancy but has shown that agent-based modelling is a powerful method
that can provide the means to simulate hypothetical yet realistic properties of the real
world and produce insight into these properties that can be empirically validated. Thus,
this study will allow traffic practitioners and safety scientists to test their hypotheses
through agent-based modelling in a safe, low-cost way prior to advising real-world
policies.

In this study, the severity of collisions is not quantified. Since each vehicle’s
momentum is recorded in the model, this is a potential avenue for further study.
Quantifying collision severity would allow future studies to categorise severe collisions
(life-threatening) to mild collisions (dent in a vehicle), thus providing a more real-
istic snapshot of collision types. Some past studies have tried to quantify collision
severity using alternate means such as the ordered logit model and the ordered probit
model (O’Donnell & Connor, 1996). Similarly, empirical research found that mild col-
lisions such as those that are not fatal were more likely to occur in cities across the

UK (Cabrera-Arnau et al., 2020); this can be a future avenue to explore using ABMs.
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Another avenue to explore would be to incorporate changing weather into the agent-
based model. Weather plays a significant role in having an impact on driver behaviour,
which can, in turn, lead to higher collision rates, i.e., vehicles are more likely to collide
during snowy conditions (Andrey et al., 2003; Malin et al., 2019; Qiu & Nixon, 2008).
Given the ABMs drag, traction control and downforce parameters, the phenomena

mentioned above can be modelled in future studies.
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Abstract: By 2020, over 100 countries had expanded electric and plug-in hybrid
electric vehicle (EV/PHEV) technologies, with global sales surpassing 7 million units.
Governments are adopting cleaner vehicle technologies due to the proven environmental
and health implications of internal combustion engine vehicles (ICEVs), as evidenced
by the recent COP26 meeting. This article proposes an agent-based model of vehicle ac-
tivity as a tool for quantifying energy consumption by simulating a fleet of EV/PHEVs
within an urban street network at various spatio-temporal resolutions. Driver behaviour
plays a significant role in energy consumption; thus, simulating various levels of indi-
vidual behaviour and enhancing heterogeneity should provide more accurate results of
potential energy demand in cities. The study found that (1) energy consumption is
lowest when speed limit adherence increases (low variance in behaviour) and is highest
when acceleration/deceleration patterns vary (high variance in behaviour); (2) vehicles
that travel for shorter distances while abiding by speed limit rules are more energy effi-
cient compared to those that speed and travel for longer; and (3) on average, for tested
vehicles, EV/PHEVs were £233.13 cheaper to run than ICEVs across all experiment
conditions. The difference in the average fuel costs (electricity and petrol) shrinks at
the vehicle level as driver behaviour is less varied (more homogeneous). This research
should allow policymakers to quantify the demand for energy and subsequent fuel costs
in cities.

Keywords: agent-based model; electric vehicles; traffic simulation; energy intake;

urban environment; fuel costs; public policy

A.2.1 Introduction

According to Bretzke (2013), by 2050, 70% of the world’s population will live in urban
areas, accounting for roughly 6.3 billion people. Battery-powered electric vehicle sales
increased from 5.3 million sales in 2019 and are projected to reach over 39.9 million units

by 2030 (Dhakal & Min, 2021). Given that the majority of people live in urban areas
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and infrastructure development is targeted at these areas (LondonAssembly, 2021), it
could be assumed that the majority of electric vehicles (EVs) will be driven in these
areas. An environmental benefit that EVs present is the ability to consume energy
from renewable energy sources (e.g., wind turbines and solar). Furthermore, the total
energy use among KEVs is 3.4 times lower than ICEVs that rely on petroleum, diesel
or gas, which emit COs that is harmful for the environment. During a well-to-wheel
(WTW) analysis of ICEV and EV efficiency, Albatayneh et al. (2020) found that EVs,
when using renewable energy, can reach an efficiency level of 40 to 70% depending
on the location and environmental factors. In contrast, gasoline- and diesel-powered
ICEVs had an WTW energy efficiency of 11-27% and 25-37%, respectively. Almost all
vehicle manufacturing companies have started building and testing EV/PHEVSs for the
commercial market (Sarlioglu et al., 2017; Sierzchula et al., 2012). Governments are
facilitating benefits to persuade people to replace ICEVs with EVs through economic
incentives or legislation. However, not all countries have renewable technology to power
these vehicles; some countries, such as China, still depend on coal to power the majority
of their electric grid infrastructure (Tan et al., 2018; Wang & Ke, 2018). In Australia,
only 24% of electricity is generated from renewable sources (Angus, 2021). In their
review of EVs and their impact on the climate, Hawkins et al. (2012) found that
vehicles using electricity from sources with lower global warming potentials (GWP)
(Yang et al., 2021) are better than ICEVs. In contrast, Hawkins et al. (2013) found it
was counterproductive to promote EV uptake in countries where electricity is produced
from fossil fuels. The statistics mentioned above reaffirm the need to explore the impact
these technologies have on future cities.

This study demonstrates how agent-based modelling (ABM) can be harnessed to
quantify energy demand in cities from electric-powered vehicles at various spatio-
temporal resolutions. To test the model, two variables are configured across multiple
test scenarios to demonstrate the subtle differences in outcomes. These variables are
the speeding behaviour (known as adherence to speed limits) and the number of vehicles
on the street network (density of vehicles). Through experimentation, we show that
individual vehicle behaviours and the number of vehicles on the street network impact
the total energy usage (the amount of energy required by the vehicles to complete their
drive cycle in kWh). Drive cycle is defined as a series of data points representing the

speed of a vehicle versus time.
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This article contributes an energy calculation extension (Figure A.2.1) which can
be used in conjunction with the agent-based model (Olmez et al., 2021b) to quan-
tify EV energy usage. While the focus is centred around electric-powered vehicles,
to demonstrate the effectiveness of the model, we illustrate how ICEV vehicles can also
be incorporated by converting energy to petrol (L/km), allowing a direct comparison
between individual-level behaviours/patterns using two types of vehicles and their rel-
ative impact on costs and efficiency. The novelty of this article is three-fold. Firstly,
an agent-based method for quantifying energy demand from vehicle behaviour at the
individual level is presented. Secondly, heterogeneity among driver behaviour and road
characteristics is included, directly impacting the energy required, which is the case
in the real world. Finally, the proposed model enables practitioners to quantify the
potential energy costs these vehicles incur and compare scenarios such as high traffic to
low traffic densities. For clarity, driver behaviour is defined as the interactions of the
human driver and the impact those interactions have on the vehicle being driven. This
includes, for example, the driver’s foot dynamics and its impact on acceleration (Xing
et al., 2020b). This is represented as the speed limit adherence and non-speed limit

adherence behaviours, enhancing heterogeneity.

A.2.2 Background

A traffic system is characterised by multiple individual actors (e.g., drivers) and a street
network made up of individual rules characterised by (for example) traffic lights and
posted speed limits. Given this system’s individual-level components, it is amenable to
being studied using individual-based modelling methods. According to Huston et al.
(1988), individual-based modelling refers to simulation models that treat individual
entities as unique and discrete elements with at least one property (e.g., age, height,
speed), and these properties change during the life cycle of the entities. Therefore,
in this study, vehicles can be thought of as individual heterogeneous entities with their
properties and rules, while the urban street network is the environment within which
these vehicle entities are observed.

Agent-based modelling (ABM) is an individual-based modelling method. It pro-
vides the means to plan, design and experiment with micro-heterogeneous agents in an
artificial, computational environment. ABMs have been utilised in various domains to

explain complex phenomena such as those that occur in crime (Birks et al., 2012; Malle-
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son et al., 2010), ecology (Filatova et al., 2013; Heckbert et al., 2010; McLane et al.,
2011), economics (Dawid & Neugart, 2011; Olner et al., 2015), sociology (Bianchi &
Squazzoni, 2015; Squazzoni, 2012), geography (Crooks, 2015; Heppenstall et al., 2012)
and transportation (Olmez et al., 2021a; Thompson et al., 2020a). One advantage of
using ABMs is that they are able to represent a richer and more detailed set of indi-
vidual actors leading to potential policy alternatives and outcomes compared to the
alternative, statistical models (Davis & Morris, 2009).

Several agent-based models have focused on electric vehicle research. Kangur et al.
(2017) developed an agent-based model that measured consumer needs and decision
strategies by policymakers to shift from ICEVs to EVs. They found that effective
policy requires a long-lasting implementation of a combination of monetary, structural
and informational measures. Similarly, Eppstein et al. (2011) developed a spatially
explicit agent-based vehicle consumer choice model to identify the various influences
that can affect the uptake of PHEVs. The study found that providing consumers
with ready estimates of expected lifetime fuel costs associated with other vehicle types,
including the rise of petrol costs, can generate preferences for purchasing EV/PHEVs
over ICEVs.

Several studies have also explored the total cost of ownership between EVs and
ICEVs from a consumer perspective to quantify the economic differences in ownership
between vehicle types. Findings differ geographically due to international differences
in the price of petrol, diesel, and electricity. In a study focused on New Zealand, Hasan
et al. (2021) estimated that the per-kilometre cost of ownership (PCO) for a used EV
was twelve percent lower than that of a used petrol-powered car over twelve years
(25.5 NZ cents and 31.5 NZ cents for petrol vehicles). Although this study primarily
focused on the differences in fuel costs, others have included additional factors such as
insurance, vehicle depreciation and maintenance. Palmer et al. (2018) analysed these
factors between 1995 and 2015 and found that in the UK, USA and Japan, owners of
both mid-size battery EVs (BEVs) and hybrid EVs (HEVs) incurred lower costs than
owners of ICEVs during the same period.

Fuel and electricity prices need to be estimated beyond the current year to provide
insight into the future costs in ownership between EVs and ICEVs. This is difficult given
the inherent fluctuation in oil and electricity markets. However, when investigating the

relationship between oil and electricity prices, Bencivenga et al. (2010) found that
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the Engle-Granger co-integration method identified a short-term relationship between
these fuel types. Hasan et al. (2021), on the other hand, assumed that changes in fuel
prices would follow the past decade trends, which exhibit a 1.4% per year increase for
petrol and a 1.1% increase for electricity. Their findings for New Zealand, therefore,
cannot be easily transferred to an international context because user-end electricity
costs differ drastically between countries, with higher household electricity costs in
Germany, Denmark and Italy and lower costs in Mexico, Korea, and Turkey (Iea, 2020).
Such discrepancies in findings are reflected in international studies (Letmathe & Suares,
2017), which found that without subsidies, limited models of BEVs and HEVs incurred
lower running costs than ICEVs at the time. Given the complexities mentioned above
of integrating fluctuating costs of petrol and electricity into our analyses, we will use
the most recent cost of electricity kWh per km and petrol per L /km in the UK.

As the discussion above indicates, EV modelling is a relatively new area of research.
Prior studies also focused on a narrow set of issues such as market penetration and
charging infrastructure, which may ultimately be driven by price considerations made
by individual prospective owners. We, therefore, contend that planning and developing
forecasts of electric energy consumption alongside pricing in urban street networks is

of critical importance because electricity demand and pricing will influence uptake.

A.2.3 Model Description

This section describes the agent-based model adopted for this study. The overview de-
sign and details (ODD) protocol will be utilised to explain all aspects of the model (Grimm
et al., 2006).

Purpose

The agent-based model used in this research is the 3D Urban Traffic Simulator (UTS)
in Unity (Olmez et al., 2021b). The model was developed to allow researchers to simu-
late hypothetical vehicle drive cycle scenarios in a 3D urban environment. The model
delivers heterogeneous autonomous vehicle agents with granular features such as mass,
velocity and traction control. Similarly, the road network is designed around a built-up
environment that contains all the characteristics of a dense urban street network with
varying speed limits and intersection rules adopted from the UK Speed Limits (High-
way Code, 2022). Lastly, the model was used by researchers looking at how driver
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behaviour impacts collision rates (Olmez et al., 2021a).

Variables

The model requires input parameters to run an experiment and produces output results

for later analysis. The parameters that can be tuned are listed in Table A.5.

Entity Parameter ‘ Values ‘

Vehicle Mass 1000, 3000] (kg)
30, 45] (mph), [48, 72] (km/h)

[
[
Gap acceptance | [1, 10] (m)
[
[0,

Top speed

Environment | N. of vehicles 1, 500]
Speed adherence N]
Roads 1295
Intersections 354

Table A.5: Model entities and parameter values (source: (Olmez et al., 2021a)).

The model has two entities: the vehicle agents and the model environment in which

these agents are based. The vehicle parameters are:

e The vehicle mass parameter, drawn from a random uniform distribution between
1000 and 3000 kg (inclusive), allows the model to simulate a wider variety of
vehicle types, from sedans to SUVs and hatchback. The rationale behind this
distribution was to try intersect the EV and ICEV vehicle types, which larger
vehicles such as vans or trucks are not part of; the model distributes vehicles

arbitrarily across the environment with varying weights (source (Sellén, 2022)).

e The top speed measure is between 30 and 45 mph (48, 72 km/h) and is only
applied to vehicles that do not adhere to speed limits. This measure is applied
only if Speed Adherence is >1 (source (Balendra, 2020)).

e The gap acceptance parameter can be between 1 to 10 for each vehicle. The vari-
able assigns a distance between two vehicles in meters. This ensures a wider
variety of visual impairment is captured as some people with healthier eyes keep
a fair distance from vehicles in front usually adhering to the 2-s rule compared
to people with worse vision. Furthermore, the distance had to be relative to the

average road distance in the model.

213



A.2 An Agent-Based Model of Heterogeneous Driver Behaviour and Its
Impact on Energy Consumption and Costs in Urban Space

The environment-specific parameters are:

e The number of vehicles generated in the model, N. This can be between 1 and
500. However, this can be adjusted depending on the compute power accessible.
The hardware accessible at the time of writing this article could only efficiently
simulate up to 500 vehicles in 3D space while yielding valid results (refer to the

Conclusions section for more on this limitation).

e The speed adherence variable can be between 0 < x < N. This quantifies the
proportion of vehicles that will not adhere to the speed limits applied to the road

they are driving on.

e The urban road network consists of 1295 roads which vehicles drive on and 354 in-
tersections which consist of traffic rules (Algorithm 1, (Olmez et al., 2021a)).

The road network has been designed to depict a small urban town.

The parameters above are used to produce output variables that observe various
data points at every step of the simulation run, collecting individual-level data from
each vehicle. Table A.6 describes the output variables that the model produces.

The ABM outputs thirteen variables that can be used for analysis (refer to Ta-
ble A.6). As the agent ID variable is present, a micro-level analysis of the agent
behaviours during model execution (e.g., observing individual drive cycles) can be ex-
plored. The collisions variable tracks the number of times a vehicle has collided with
another. Top speed is the speed limit associated with the road that the vehicle is driv-
ing on, which the vehicle tries to match. However, in scenarios where some vehicles
do not adhere to speed limits, this would be a value between 30 and 45 mph (48, 72
km/h). The current speed value is the vehicle’s speed at the current time step of the
model. The distance of travel tracks the vehicle’s distance from the starting position
on the road network at each time step in metres. The gap acceptance length is the
distance the vehicle keeps from vehicles ahead. The velocity magnitude is a scalar
value indicating the rate of motion at that specific time step. The vehicle mass vari-
able assigns a weight to the vehicle between 1000 to 3000 in kilograms. The physics
engine requires that every object have a mass assigned to it to ensure gravity is ap-
plied. The downforce coefficient is set to 0.1; for this research, it is left at 0.1 to have
no impact on the vehicles. Lastly, date-time stamps are included in each row of data

recorded such that time-series analysis can be applied. These output data are then
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used as input to the energy calculation extension, which calculates energy intake and

outputs energy-specific data, as seen in Table A.10.

Variable Output Type
AgentID Integer
xAxisPos Float
zAxisPos Float
collisions Integer
topSpeed(mph) Float
currentSpeed(mph) Float
distanceOfTravel (meters) Float
gapAcceptance (raycastLength) | Integer
tractionControl Bool
velocityMagnitude Float
vehicleMass Integer
downforce Float
date-time DateTime

Table A.6: Model output variables.

Model Overview

The agent-based model was developed using the Unity development stack. Unity is
a 3D game engine consisting of a rendering and physics system and a graphical user
interface. The primary programming language is C#. Unity has received widespread
adoption in several industries, including gaming, automotive, and film (Juliani et al.,
2018).

The following workflow diagram (Figure A.2.1) describes the processes that the
model (Olmez et al., 2021b) undergoes during run-time. In addition, the energy con-
sumption calculation extension is also depicted.

The UTS (Olmez et al., 2021b) workflow (Figure A.2.1) starts by taking input val-
ues for the five variables described in Table A.5. The software then resets all settings
to launch the simulation scene to render the agents and environment. Once the reset
process is complete, the model processes all agents, their starting locations and en-
vironment parameters. Next, the model can run each frame, and every change that
occurs is captured and stored with a time-stamp in a CSV file. Fixed Update is used

to compute physics elements such as vehicle wheels, mass, velocity. Update, on the
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other hand, computes variables for each frame. The model uses Fixed Update due to
the sheer number of physics components involved; these variables are tracked multiple
times each frame. Once the user stops the model, the sixteen output variables are saved
in a directory, and the model is destroyed (stopped). The output dataset is then used
as input to an energy calculation notebook (Figure A.2.1), which uses the outputs to
calculate F' from Equation (A.2.3), with vehicle parameters from Tables A.7 and A.9.
The output from this calculation is then used to calculate Equations (A.2.6) and (A.2.7)
(Section A.2.4).

Vehicle

Urban Traffic AgentiD Energy Calculation
Agent-Based Model _- Extension

E_out(kWh)
—-l Collisions ,— ‘ F
Top Speed —'| topSpeed(mph) ]— E_in(kWh)
Uni
Tr:,':iyc |_{currentSpeed(mph)
N. Vehicles i OfTr l
|
E— [ aycestcongin_H
ﬂf"e_] tractionControl
(‘onEnable ] | {—{ velocityMagnitude |

—-| downforce ’—

Fixed Update l
OnDisable

Figure A.2.1: Workflow diagram depicting processes the UTS undergoes during run-

time including the Energy Calculation Extension.

Agent

The vehicles in the model are classed as autonomous agents; the vehicle population is
heterogeneous, meaning every vehicle will have varying features. These agents inherit
similar characteristics as real-world vehicles; they have four wheels, a steering angle,
traction, mass and drag. Each agent applies a set of rules outlined in the article (Olmez
et al., 2021a).
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The rules described in (Olmez et al., 2021a) allow autonomous vehicle agents to
navigate the environment and act as data collectors. Each vehicle follows the same
condition-action rules. However, the parameters vary and depend on the input values
from Table A.5. These vehicle agents are a simplification of real-world vehicles. There-
fore, they are not expected to mimic the actions and behaviours of real-world vehicles
perfectly, but they do include the essential behaviours that all vehicles demonstrate,
such as stop/start and give-way behaviour.

If a vehicle is not adhering to the speed limits, it can increase its speed between
30 and 45 mph (48, 72 km/h). If vehicle A is ahead of B, B should decrease speed to
match vehicle A’s speed. When a vehicle arrives at an intersection, if it has the right of
way (i.e., on a horizontal lane and no vehicles are on the intersection), it drives through
the intersection at 10 mph (16 km/h). If the vehicle is at the intersection and does not
have the right of way, it should wait until the intersection is cleared. If the vehicle is
at an intersection and does not have the right of way, and there are no other vehicles
at the intersection, the vehicle is free to reduce speed to 10 mph (16 km/h) and drive
through the intersection. Lastly, all vehicles that adhere to the speed limit increase or

decrease speed to match the road’s speed limit.

Environment

The agents described in the last sub-section require an environment to function within.
The UTS (Olmez et al., 2021b) deploys an urban street network that is described as a
T-type network pattern in (Han ef al., 2020) which contains similar characteristics as
downtown Philadelphia, PA (Boeing, 2020) and San Francisco (Porta et al., 2006). T-
network patterns are like grid-shaped networks but include t-junctions. Several added
features such as the eight-lane intersections described in (Filocamo et al., 2020) also
exist. The street network contains 1295 roads and 354 intersections, arbitrarily gener-
ated to cover a small town. The individual roads, speed limits and intersection rules
are described in the following Figure A.2.2.

The environment consists of three road types with varying speed limits and inter-
sections with right-of-way rules. The model environment is a simplification of the real
world. Therefore, it does not capture all intersection types. However, it does contain
the basic characteristics of an urban street network which have also been observed in

several cities across the United States (Boeing, 2020; Porta et al., 2006; Thompson
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Figure A.2.2: Urban Street Network roads and intersections (source: (Olmez et al.,
2021a)).

et al., 2020b). The vehicles also adhere to stop-go rules (conceptualisation of traffic
lights) enforced at junctions. These rules are present in the vehicle’s decision-making
algorithm (Olmez et al., 2021a). The following list describes each road and intersection
in Figure A.2.2:

e (A) A two-way local road with a speed limit of 20 mph (32 km/h);

(B) A two-way corner road with a speed limit of 10 mph (16 km/h);

(C) A two-way fixed road with a speed limit of 30 mph (48 km/h);

(D) An eight-way intersection. Right-of-way is for traffic on horizontal lanes, and
the speed limit is 10 mph (16 km/h);

(E) A two-way t-junction. Right-of-way is for horizontal lanes, and the speed
limit is 10 mph (16 km/h).

The speed limits for the three types of roads (Figure A.2.2A-C) were derived from
UK government sources such as (Balendra, 2020), where urban street networks consist
of local 20 mph (32 km/h) and fixed 30 mph (48 km/h) zones; however, corner roads

sometimes require lower speeds such as 10 mph (16 km/h) as vehicles require more room
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to turn. The ‘setting local speed limits’ report by the UK Government’s Department
for Transport outlines that most urban streets (roads in built-up areas) have a fixed
speed limit of 30 mph (48 km/h). However, for dense areas—usually city centres—this
may be designated 20 mph (32 km/h) by local councils to keep pedestrians safe from
collisions (Department for Transport, 2006; Olmez et al., 2021a).

A.2.4 Results

This section will analyse the experiments designed to quantify electric energy con-
sumption across multiple vehicle densities and adherence levels. Once this is achieved,
the model will quantify fuel consumption by simulating an ICEV drive cycle as a di-
rect comparator between PHEV/EV and ICEV fuel consumption. The aforementioned
comparator experiment will present novel insight by comparing drive cycle, fuel con-
sumption and costs of ICEV and compare these patterns to the alternative PHEV /EV
outputs. The output data from the energy calculation extension notebook can be found
in Table A.10.

Before running the experiments and analysing outputs, the model must be tested
against either (1) empirical data, which entails vehicle drive cycle and energy consump-
tion in kWh over km travelled, or (2) model outputs from a different model utilised in
research by the research community. Without a baseline comparator, there is no way
in knowing if the model utilised in this research, namely (Olmez et al., 2021b), outputs
energy consumption accurately. Almost all agent-based models are validated using the
former or latter processes (Benenson et al., 2008; Heppenstall et al., 2006; Kothari
et al., 2014; Malleson et al., 2010; Olmez et al., 2021a; Sert et al., 2020; Thompson
et al., 2019).

The data used to compare model outputs were adopted in the following study (Gaete-
Morales et al., 2020). This study utilised German automotive statistics from empirical
sources to generate drive cycles of EV journeys using a mathematical model. The vari-
ables of interest are kilowatt-hour over distance travelled in kilometres. The specific
dataset used contains the drive cycle of 200 vehicles, where input parameters are de-
rived from the statistics mentioned above and the physical properties of vehicles used

in Germany (Gaete-Morales, 2021). The main drawbacks of this model are:

e That it produces outputs at a time resolution of 15 min; our model, on the other

hand, has a time resolution of 1 s. This way, we can capture finer detail such
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as the impact of traffic lights on acceleration/deceleration and momentary traffic

congestion;

e That it only captures trips that are split into commuters and non-commuters.
Thus, the modelled scenarios revolve around two profiles of drivers. Our model
manipulates the entire system from the street network to traffic rules and vehicles;
thus, no single driver profile is modelled, but a heterogeneous set of behaviours

are captured.

These factors play an essential role in the electric energy consumption post-simulation
run. The main strength of (Gaete-Morales et al., 2020) is that variables such as heat
transfer, weather, road condition and slope are all introduced as parameters to produce
more robust energy consumption results. In our study, we make some basic assump-
tions, such as: our road surfaces are flat, and no weather parameters are introduced;
these variables add complexity to the agent-based model and can hamper computation
which, in turn, can affect outputs. We have, however, introduced rolling resistance
(Equation (A.2.1)) and braking energy recovery (Figure A.2.11) which both impact
electric intake. Adding additional levels of complexity is an area for future develop-

ment.

Electric Energy Consumption Calculation

As the vehicle agents are not configured to mimic a specific vehicle, the goal is to adopt
parameters from empirical statistics to ensure our findings are consistent with those
within the UK given the environmental parameters adopted, such as local and fixed
speed limits (Figure A.2.2). Currently, the most popular EV/PHEV in the UK is the
Mitsubishi Outlander (source (Lilly, 2021)), with over 46,400 units sold as of June 2020.
Therefore, this is the chosen vehicle in our analyses. However, the model can be readily
adapted to other vehicles and can replicate a heterogeneous fleet.

Equations (A.2.3), (A.2.6) and (A.2.7) were applied to the model outputs to calcu-

late electricity intake:

e For Equation (A.2.3), F is calculated by using the following parameter variables:
0 = 0 as the surface area is flat, Cp = 0.33, A = 3.078 m (where height = 1.71

!The official engine efficiency statistic is not provided by the vehicle manufacturer; therefore, an av-

erage engine efficiency for PHEVs was acquired from the cited academic source.
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‘ Parameter ‘ Value ‘

Height (m) | 1.71
Width (m) | 1.80

k 65% (source (Brslica, 2011)) !
m (kg) 1925
Cp 0.33

Table A.7: Vehicle parameters (PHEV).

m, width = 1.80 m), m = 1925 kg (Table A.7), a = %, where Av is the velocity
change over time period At, and lastly, v = velocityMagnitude (Table A.6).

e For Equation (A.2.6), Eyy is calculated by multiplying the output from Equa-
tion (A.2.3) with total_distance (d) travelled in meters per second for each agent;
see Table A.6.

e Lastly, Equation (A.2.7) is calculated by multiplying the output from Equa-
tion (A.2.3) (F) with the distance travelled d divided by the engine efficiency
k = 0.65. E;, is then divided by 3.6 x 1076 to convert from joules to kilowatt-
hours (kWh).

To compare both emobpy (Gaete-Morales, 2021) with UTS (Olmez et al., 2021b),
we ran UTS for one hour, where fifteen vehicles were present. To add complexity, we
set five of these vehicles to break speed limits; this allows us to capture the subtle
differences between rule followers and rule breakers and their relative energy efficiency
and energy consumption over a drive cycle. In comparison, fifteen vehicles were taken
from emobpy and plotted against our model outputs.

We aggregated the fifteen vehicles from (Olmez et al., 2021b) to five gradient colours
to simplify the legend in Figure A.2.3.

Figure A.2.3 distinguishes between the rule followers and rule breakers. We can see
the clustered lines at the bottom of the graph; these are vehicles that fully adhere to
speed limits. On average, these vehicles consumed roughly 0.15-0.25 kWh/km. The five
vehicles that broke speed limit rules travelled further as they were speeding and, on av-
erage, consumed more energy and were less energy-efficient, as expected. Furthermore,
the urban environment has impacted the distances these vehicles could cover (differ-

ences in distance travelled). The furthest a vehicle has travelled is 28 km. We also
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Figure A.2.3: Model output comparison: electric energy consumption (kWh) against
distance travelled (km), with 15 vehicles over a 1 h drive cycle (5 vehicles break speed

limits).

found that the least energy efficient vehicle was consuming roughly 0.50 kWh/km. It
is evident that the model outputs from emobpy and UTS are in agreement, where the
longer and faster a vehicle drives the less efficient it becomes. These characteristics
of energy efficiency and consumption are evident in empirical literature (Moriarty &
Wang, 2017; Wager et al., 2016).

This small sample shows that the confidence intervals for emobpy are small. This
means that vehicles are likely to follow similar drive cycle patterns and configurations,
leading to similar energy consumption outputs. However, due to heterogeneity, our
model captures a more diverse range of outputs from the same environment, which is
a strength of the ABM approach over standard mathematical models.

The energy consumption (kWh/km) patterns are similar for both emobpy and UTS;
see Figure A.2.4. These preliminary results are promising as they show that UTS
is capable of producing behaviours of realistic drive cycles of electric vehicle energy
consumption that have also been observed in a completely different model (Gaete-
Morales et al., 2020). Now that we have shown that UTS produces valid estimates

of electric energy consumption, we can devise experiments to quantify the effects of

222



A.2 An Agent-Based Model of Heterogeneous Driver Behaviour and Its
Impact on Energy Consumption and Costs in Urban Space

speed limit adherence and vehicle density on electric energy (kWh/km) and petrol

consumption (L/km).
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Figure A.2.4:
UTS (model) (Olmez et al., 2021b) and emobpy (Gaete-Morales, 2021).

Model Output comparison: electric energy consumption (kWh) for both

Experiments

Due to the computational processes required to render 3D vehicles through space and
time (Olmez et al., 2021b) and the hardware capacity at hand, nine computationally
cheaper experiments were designed. The independent variables were density and ad-

herence to speed limits. These experiments are formally described in Table A.8.

‘ Variable ‘ Low Adherence ‘ Medium Adherence ‘ High Adherence
Low Density | Condition 1, 10 vehicles, 10 non-adherence Condition 2, 10 vehicles, 5 non-adherence Condition 3, 10 vehicles, 0 non-adherence
Mid Density | Condition 4, 50 vehicles, 50 non-adherence Condition 5, 50 vehicles, 25 non-adherence | Condition 6, 50 vehicles, 0 non-adherence

High Density

Condition 7, 100 vehicles, 100 non-adherence

Condition 8, 100 vehicles, 50 non-adherence

Condition 9, 100 vehicles, 0 non-adherence

Table A.8: Experiment conditions.

These experiments should, in theory, allow us to explore energy consumption in
different environmental and behavioural scenarios. The experimental conditions should
yield an array of patterns that quantify energy consumption under these conditions.

To explore these data, we produce several visualisations and later interpret outcomes.
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As more vehicles adhere to speed limits, we see that the cumulative energy con-
sumption is at its lowest 0.1-2 kWh (Figure A.2.5¢,f;i). On the contrary, as more
vehicles break speed limits, we see cumulative energy consumption at its highest (Fig-
ure A.2.5a,d,g). As density increases, the cumulative energy consumed also increases
(Figure A.2.5g,h,i) regardless of speed limit adherence.

As adherence to the speed limit increases, it was observed that the overall distance
travelled by vehicles was smaller; thus, energy consumption decreased Figure A.2.6.

According to official Mitsubishi statistics Outlander (2021), the range of the Out-
lander (kWh/km) is 0.169. To compare, the outputs in Figure A.2.6 show that as
adherence increases (Experiment Conditions 3, 6, 9), the cumulative energy consumed
is closer to the manufacturer’s statistics. The similarity in high adherence cases and
energy consumption compared to official statistics can be explained because these statis-
tics were based on fixed/local speed limits in urban environments and do not account
for speeding behaviour or consumption levels resulting from motorway speeds. Fur-
thermore, energy efficiency increases as driver behaviour becomes more homogeneous
(high adherence), which is what we would expect to see. These data show that the
Energy Calculation Extension notebook seen in Figure A.2.1 enables the UTS (Olmez
et al., 2021b) to quantify the electric energy consumption, so long as the parameters

outlined in Table A.7 are provided.
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Figure A.2.5: Distribution of the cumulative energy consumption (kWh) for each exper-
iment condition: (a) 10 vehicles, 10 non-adherence; (b) 10 vehicles, 5 non-adherence; (c)
10 vehicles, 0 non-adherence; (d) 50 vehicles, 50 non-adherence; (e) 50 vehicles, 25 non-
adherence; (f) 50 vehicles, 0 non-adherence; (g) 100 vehicles, 100 non-adherence; (h)

100 vehicles, 50 non-adherence; (i) 100 vehicles, 0 non-adherence.

To recap, the previous Section A.2.4 developed experiments comparing outputs
from the UTS (Olmez et al., 2021b) to a mathematical model of energy fuel intake,
emobpy (Gaete-Morales et al., 2020), for validation. We found the UTS and Energy Cal-
culation Extension notebook Figure A.2.1 produced results consistent with the mathe-
matical model of driver behaviour (Gaete-Morales et al., 2020); see Figures A.2.3 and
A.2.4. The subsequent section, across nine experimental conditions, compared the effect
that adherence to speed limits and vehicle density had on electric energy consumption

by modelling a specific vehicle type (Table A.7) and subsequent results (Figures A.2.5
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Figure A.2.6: Box plots of energy consumption per kilometer (kWh/km) across all

experiment conditions
and A.2.6).

Fuel Consumption of Internal Combustion Engine Vehicle Fleet

Following the aims set out in Section A.2.1, to produce estimates of petrol consumption
(L/km), an ICEV must be modelled. This process is straightforward, as the UTS is
not vehicle-specific; other fuel types such as petrol and diesel can be modelled using
the formulae from Section A.2.8.

As previously discussed in Section A.2.4, a specific type of vehicle must be identified
to model energy consumption. From January 2020 to December 2020, the Ford Fiesta
ST was purchased (registered) 49,174 times in the UK, making it the most-purchased
ICEV according to Crooks (2020); therefore, it was the chosen ICEV. The vehicle

parameters can be observed in Table A.9.

‘ Parameter ‘ Value ‘

Height (m) | 1.469
Width (m) | 1.941

k 0.33% ((Automotive, 2022)) !
m (kg) 1635
Cb 0.341

Table A.9: Vehicle parameters (source (Thomasen, 2018)) (ICEV).
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Equations (A.2.3), (A.2.6) and (A.2.7) were applied to the model outputs to calcu-

late petrol intake:

e For Equation (A.2.3), F' is calculated by using the following parameter variables:
0 = 0 as the surface area is flat, Cp = 0.341, A = 2.851 m (where height = 1.469
m, width = 1.941 m), m = 1635 kg (Table A.9), a = % where Av is the velocity
change over time period At, and lastly, v = velocityMagnitude (Table A.6).

e For Equation (A.2.6), Ey is calculated by multiplying the output from Equa-
tion (A.2.3) with total_distance (d) travelled in meters per second for each agent;
see Table A.6.

e Lastly, Equation (A.2.7) is calculated by multiplying the output from Equa-
tion (A.2.3) (F) with the distance travelled d divided by the engine efficiency
k = 0.47. E;, is then multiplied by 2.923 to convert joule to gasoline/petrol (L).

To ensure comparability, the experiment conditions in Table A.8 will be re-run using
the vehicle-specific parameters from Table A.9.

As engine efficiency for ICEVs is relatively low compared to EV/PHEVs, the amount
of petrol converted to power that moves the vehicle is also low. Roughly 70% of energy
is lost during this process (Automotive, 2022). Given the aforementioned, it is likely
that the fuel consumption outputs seen in Figure A.2.7 deviate from the true value by
some margin.

As expected, the energy calculation extension notebook used in conjunction with
UTS (Olmez et al., 2021b) produced outputs for the nine experimental conditions in
Table A.8 with a different fuel type (Table A.9). The drive cycle patterns for the ICEV
scenario (Figure A.2.7) are similar to those of the PHEV scenario (Figure A.2.6). At an
individual level, the outliers for both conditions (Figures A.2.6 and A.2.7) could be due
to traffic congestion, vehicle weight and routes travelled. According to the vehicle’s
technical specification, (Thomasen, 2018), in extra-urban environments, the vehicle is
claimed to do 5.1 L/100 km. Therefore, on average, the expected fuel consumption
would be roughly 0.05 litres per kilometer (19.608 km/L), as described in the PHEV
case, as adherence increases and driver behaviour is more compliant with rules. The en-

ergy consumption patterns are closer to the manufacturers’ specification in Figure A.2.7

!The official engine efficiency statistic is not provided by the vehicle manufacturer; therefore, an av-

erage engine efficiency for ICEVs was acquired from the cited source.
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for Experiment Conditions 3, 6 and 9. However, as adherence decreases, distance trav-
elled increases, and the fuel consumption levels deviate from the vehicle manufacturer’s
technical specifications. This would be an expected behaviour as every vehicle is driving
at various speeds (heterogenous driver behaviour), which is an unrealistic observation
of driver behaviour. The vehicle manufacturer may not have considered this when es-
timating fuel consumption. It could be that the tests carried out to measure the fuel
economy are conducted using specific drive cycles such as high adherence.

Two examples of simulated fuel types have been quantified with a reasonable degree
of accuracy. This has resulted in enough data to quantify the costs of running these

vehicles in the hypothetical urban street network.
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Figure A.2.7: Box plots of energy consumption per kilometer (L/km) across all exper-

iment conditions.

Monetary Costs of Fuel and Electric Consumption

The domestic cost of fuel per litre (L) and electricity per kilowatt-hour (kWh) fluctuates
over time. The price for each varies, depending on vehicle fuel efficiency, distance
travelled, weight and the fuel price (Shafiei et al., 2017). Therefore, to quantify the
cost in Great British Pounds (GBP), the current cost of petrol and electricity is adopted.
These are GBP 1.43 (per L/km) (Petrol Prices, 2021) and GBP 0.17 (per kWh/km)
(Point, 2021), respectively.

To calculate the cost of petrol, the amount of petrol intake calculated for each vehicle

was multiplied by 1.428, while the amount of electric energy intake was multiplied by
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0.17. This produced a rough estimate of the fuel costs per car for each experiment

condition for the UK.
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Figure A.2.8: The total sum of petrol/electric costs (GBP) for each experiment condi-

tion across all vehicles.

The total cost of electric and petrol across all experiment conditions were £248.76
and £481.89, respectively (These costs are merely estimates produced from the vehicle-
specific parameters seen in Tables A.7 and A.9 and drive cycle scenarios from Ta-
ble A.8 in an urban street network. These costs will not be the same in different
types of street networks such as highways, motorways and rural roads). Overall, it
is £233.13 cheaper to run PHEVs over ICEVs. As engine efficiency is greater for EV
technologies (Prud’homme & Koning, 2012), it is likely that these vehicles would be
more fuel-efficient and thus cost less than both PHEVs and ICEVs. In Figure A.2.8,
a pattern emerges, where as driver adherence decreases (speeding increases) the cost
of electricity and petrol increases (experiment conditions 1, 4 and 7) relative to vehicle
density. Furthermore, as adherence increases, the difference in price between the fuel
types shrinks (experiment conditions 3, 6 and 9) as vehicles have travelled roughly the
same distances Figures A.2.6 and A.2.7. Similarly, these trends are broken down in
the average cost per km in Table A.11. Overall, we observe that PHEVs on average
are cheaper per kilometer travelled than ICEVs. Furthermore, when the total cost of

each model condition results are compared, we see a clear distinction between costs,

229



A.2 An Agent-Based Model of Heterogeneous Driver Behaviour and Its
Impact on Energy Consumption and Costs in Urban Space

and overall, PHEVs are cheaper (Figure A.2.8).

A core strength of ABMs over mathematical models, as specified earlier, is the
spatio-temporal resolution variability of data. For instance, individual-level (vehicle-
level) data are attained and should provide a more enhanced snapshot of the impact
behaviour had on fuel costs.

An individual-level break-down of the fuel expenditure costs across all vehicles
and types are discerned in Figures A.2.9 and A.2.10 and in Appendix A.2.10, Fig-
ures A.2.12-A.2.15. These results re-enforce our earlier made suppositions. For in-
stance, as more vehicles regulate speed, the difference in average costs decreases, as
seen in Figures A.2.9C and A.2.10C. Despite these trends, it could be argued that
as variability amongst acceleration/deceleration increases (heterogeneity), PHEV own-
ers will save more money compared to ICEV owners. The net benefits may not be
substantial sums of money, but the environmental benefits (which have not been mod-
elled) could be a bonus for consumers. Furthermore, as empirical evidence indicates,
autonomous electric vehicles (AEVs) are more efficient than PHEVs/ICEVs (Lee &
Kockelman, 2019). Consequently, we could expect a greater extent of financial savings
and environmental benefits for owners of AEVs.

To conclude, when vehicle fleet is heterogeneous (more variability among speeds),
this leads to greater savings in adopting PHEVs over ICEVs as the engine efficiency
is greater. Consequently, more energy is converted to power than ICEVs (Experiment
Conditions 4, 7). In contrast, as speeds become more regulated and similar, the av-
erage monetary costs between the two vehicle types reduce, as seen in Figures A.2.9C
and A.2.10C. Furthermore, these findings are consistent for all fleet sizes, as seen in

Figures A.2.12F, A.2.14F, A.2.131 and A.2.151.

A.2.5 Discussion

This article set out to quantify the energy consumption by a fleet of vehicles in an
urban street network using agent-based modelling. Given the current global agenda on
climate change through various institutions and policies (i.e., COP 26, Paris Climate
Accord 2015, Organisation for Economic Co-operation and Development, Green Eco-
nomic Recovery (UK)), political discourse worldwide has shifted focus to green agendas,
particularly renewable technologies, to facilitate a reduction of carbon emissions. The

work conducted in this article plays a significant role in aiding national governments
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Figure A.2.9: The total sum of electric costs (GBP) for each PHEV, model conditions
1 to 3. Where (A): 10 vehicles, 10 non-adherence, (B): 10 vehicles, 5 non-adherence

and (C): 10 vehicles, 0 non-adherence.

in modelling the potential landscape of energy consumption by EV/PHEVs. Previous
literature has focused on mathematical models; however, this method is limited. Agent-
based models are better suited to modelling individual-level drive cycle behaviours than
mathematical models. The former typically provides an aggregated average of energy
expenditure, while the latter provides a finer spatio-temporal resolution of individual-
level energy consumption, highlighting the immediate environment’s impact on a vehi-
cle’s drive cycle, which affects energy consumption and efficiency. The model presented
has demonstrated vehicle energy efficiency patterns that have been identified in em-
pirical literature (Moriarty & Wang, 2017; Wager et al., 2016), namely that the longer
distances travelled at speed reduces battery/engine efficiency, and conversely, vehicles
that abide by rules in the long-term are more efficient. Another crucial finding was that
as speed adherence increased, the energy consumption per kilometer better reflected
vehicle manufacturer statistics for consumption; this was the case for both PHEV and
ICEV tests, suggesting that vehicle manufacturers might be testing their vehicles at
constant, more regulated speeds. Finally, we found that PHEVs overall are cheaper

vehicles to run compared to ICEVs. This is due to several reasons, but primarily that
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Figure A.2.10: The total sum of petrol costs (GBP) for each ICEV, model conditions 1
to 3. Where (A): 10 vehicles, 10 non-adherence, (B): 10 vehicles, 5 non-adherence and

(C): 10 vehicles, 0 non-adherence.

PHEVs are more engine-efficient compared to ICEVs.

This work makes a novel methodological contribution to the modelling of vehicle
energy consumption using agent-based modelling. While several attempts to model
vehicle activity to quantify energy have been made, the majority of these models have
hard-coded driver behaviour, which is bounded by constant speeds (Butler et al., 1999;
Gaete-Morales, 2021). This, we believe, is not informative of energy consumption
in urban spaces, where the stochastic environment plays a more significant role in
affecting energy intake, such as urban speed limits, stop-go rules, and other vehicles in
the street network.

Another vehicle technology that is beginning to gain traction is autonomous vehicles
(AVs). UK Government projections show a net gain of 823,000 jobs and over £82
billion from the manufacturing and shipping of AVs (Places Catapult, 2019). AVs are
likely to be electric, so their ascendance may also be considered in relation to electric
energy usage of vehicles of the future. Lee & Kockelman (2019) outlines how AVs and
electric vehicles may reduce energy consumption due to their connected environment,

as route choice can be optimised to avoid congestion, undertake routes with fewer
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stops and ensure multiple passengers are catered to at once due to dynamic ride-sharing
capabilities. Additionally, AVs may be able to drive in an optimally efficient manner due
to the incorporation of traffic conditions received through communication and sensors.
Lee & Kockelman (2019) estimates the energy consumption from these smoother driving
cycles would decrease current energy use by between —10% and —20%.

In more revolutionary scenarios in which proportions of fully autonomous vehicles
outweigh human-operated vehicles, vehicle-to-vehicle (V2V) communication could en-
able velocity synchronisation and shorter spaces between vehicles (i.e., platooning). Li
et al. (2017); Talebpour & Mahmassani (2016) outline how this can improve string sta-
bility and increase network capacity as vehicles will operate with decreased acceleration
noise and maintain closer distances to nearby vehicles, thus reducing aerodynamic drag.
Lee & Kockelman (2019) outlines the energy and emissions reduction from autonomous
vehicle platooning to be between 7% and 35%. Although sophisticated autonomous
fleets (levels 4 and 5) are yet to be technologically perfected, as currently, the highest
level of autonomy achieved in vehicles on sale is level 3 (Innovation, 2020), these find-
ings provide insight into the combined benefits of electric autonomous vehicle (EAV)

fleets in the future.

A.2.6 Conclusions

A future avenue to explore would be to extend the model environment to cater for
AVs. This should be achievable as the model can currently model specific vehicles and
adherence levels. By modelling AVs, the variation of energy consumption scenarios of
typical EVs and AVs can be compared. Furthermore, this could allow policymakers to
model charging infrastructure in cities to test how these different vehicles can adapt
optimally to these environmental changes.

A significant limitation of this work is computational tractability. The compute
demand exponentially grows as we increase the number of vehicles or induce complex
environmental settings. This can prevent users from simulating a greater capacity of
vehicles or more complex cities. Secondly, we assume the world to be a flat plane in
the model. However, this diverges from the real world. This assumption was due to
computational demand, and we tried to configure the most simple environmental setting
to ensure computation was not hampered. However, as cloud computing technologies

become mainstream, this problem can be overcome.
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Another limitation of this article is that it utilises an urban road typology only.
While necessary, as most EV infrastructure is focused on cities, this does not necessarily
imply that energy consumption from urban street networks would remain identical to
other road typologies (e.g., motorways, dual-carriageways, rural roads). Therefore,
in the future, the model can be extended by analysing vehicle behaviours and their
subsequent impact on energy consumption in various road typologies.

This study highlights the importance of individual-based modelling methods such
as ABMs in investigating future transport systems in cities. As some of the most impor-
tant global policy agendas focus on the diffusion of low carbon-emitting technologies,

this research is well-timed and crucial in planning for the future city.

A.2.7 Open-Source Code and Data

(1) the datasets for both PHEV and ICEV can be accessed at the following source (Olmez
& Heppenstall, 2021); (2) the Urban Traffic Simulator Agent-Based Model can be ac-
cessed at the following link click here (accessed on 20 May 2022); (3) the Energy
Calculation Extension can be found at the following link click here (accessed on 30
May 2022).

A.2.8 Energy Calculation

To calculate the electricity energy consumption required to move the vehicles, the ap-
plication of classical mechanics (Kibble & Berkshire, 2004) including the drag equation
from fluid dynamics (Batchelor & Batchelor, 2000) were adopted for this article.

When a vehicle is moving at a constant velocity, its forces are balanced (i.e.,
the forces driving it forward are equal to those resisting). However, vehicle velocity
is not constant when driver behaviour changes over the drive cycle period (e.g., halting
at traffic lights, matching the speed of vehicles ahead). Therefore, we assume velocity
v is not constant in this model. A vehicle travelling at a non-constant speed results
from an imbalance in the forces acting on it, i.e., the net force acting on the vehicle
is non-zero. Considering the drive force from the engine, the force of gravity, the drag
force and rolling resistance opposing motion, the net (or total) force acting on a vehicle,
Fiotal, can be calculated as:

drag

drive gravity A rollingresistance
~~ —— 1 , ———
Fiotet = F —mg x sin(f) — §pCDAU — Cyrrmg % cos(0), (A.2.1)
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where:

e Fis the force provided by the engine driving the vehicle forward (N);

m is the mass of the vehicle (kg);

g is the gravitational acceleration (m/s?);

0 is the angle of the surface on which the vehicle is driving on;

p is the density of air (1.225 kg/m?);

Cp is the drag coefficient;

A is the reference area of the vehicle (m?) (width x height);

v is the velocity (m/s), and;
e (., is the coeflicient of rolling resistance.

For this investigation, the value of the coefficient of rolling resistance is taken to be
0.012 based on the assumption that all vehicles in the system are passenger vehicles
and the road surfaces are made of smooth asphalt (Palasz et al., 2019). The total force
acting on the vehicle can be expressed as the product of the vehicle’s mass and its

acceleration, i.e., Fiyq = ma, and consequently, we can write Equation (A.2.1) as:
1
ma = F —mg x sin() — §pCDAv2 — Crpmg X cos(0) (A.2.2)

In this investigation, we are concerned with the force produced by the engine, F,
and the associated energy expended to produce this force. As a consequence, we may

wish to rearrange Equation (A.2.2) as:
1
F =ma+ mg x sin(0) + i,o(Z'DAv2 — Crrmg x cos(6). (A.2.3)

In the scenario where the road surface is flat, i.e., the vehicle is not travelling uphill
or downhill, # = 0. This results in the gravitational aspect of the forces resisting
motion being zero, i.e., mgsin(f) = 0; it also results in the rolling resistance being

Crrmg % cos(8) = Crpmyg. Equation (A.2.3) therefore becomes:

1
F =ma+ ipCDAv2 + Crrmyg, (A.2.4)
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which returns the force output by the car’s engine to accelerate at rate a. In cases

when the vehicle is travelling at a constant speed, Equation (A.2.4) simplifies to:
1
F= §pCDAv2 + Crrmyg. (A.2.5)

Once the force exerted by the engine, F', and the distance of travel over which it
is being exerted d are both known, the energy expended by the engine, E,,, can be
calculated:

Eou = F x d. (A.2.6)

In this case, E,yt is the energy output by the engine. To find the energy provided
to the engine in the form of fuel, the engine efficiency, k, is needed. Assuming that the
efficiency of the engine is constant, i.e., that it has the same efficiency for all scenarios,

the energy that needs to be provided to the engine can be found using the following

equation:
d
EZTL - F X %, (A27)
A.2.9 Tables
Variable Output Type
VelocityChange Float
Acceleration Float
Deceleration Float
Braking Energy (kWh) ! Float
Drag_Force Float
Acceleration_Force Float
Total_Force Float
Drag_Work Float
Acceleration_Work Float
Total_Work Float
Energy Input (kWh) Float
Energy_Input_Sum (kWh) | Float

Table A.10: Energy Calculation Extension notebook output data (EV/PHEV example).

'An amount of energy is generated every time a vehicle brakes (decelerates), also known as re-
generative braking. This is accounted for in the notebook using the braking energy formula from the

following source: (Ram, 2020).
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MC | PHEV | ICEV
1 0.60 0.92
2 0.43 0.56
3 0.22 0.34
4 1.93 4.42
) 1.50 2.25
6 0.67 1.22
7 2.79 5.66
8 1.72 3.71
9 1.12 1.98

Table A.11: Average cost (£) per km for both vehicle types.

A.2.10 Figures
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Figure A.2.11: Box plots of braking energy recovered in kWh for each experiment con-

dition.
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Figure A.2.12: The total sum of electric costs (GBP) for each PHEV, model conditions
4 to 6. Where (D): 50 vehicles, 50 non-adherence, (E): 50 vehicles, 25 non-adherence

and (F): 50 vehicles, 0 non-adherence.
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Figure A.2.13: The total sum of electric costs (GBP) for each PHEV, model conditions
7t09. Where (G): 100 vehicles, 100 non-adherence, (H): 100 vehicles, 50 non-adherence

and (I): 100 vehicles, 0 non-adherence
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Figure A.2.14: The total sum of petrol costs (GBP) for each ICEV, model conditions
4 to 6. Where (D): 50 vehicles, 50 non-adherence, (E): 50 vehicles, 25 non-adherence

and (F): 50 vehicles, 0 non-adherence.
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Figure A.2.15: The total sum of petrol costs (GBP) for each ICEV, model conditions 7
to 9. Where (G): 100 vehicles, 100 non-adherence, (H): 100 vehicles, 50 non-adherence

and (I): 100 vehicles, 0 non-adherence
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