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Abstract

The main research objective of this thesis was to fill the gap in micro-level behavioural data,
that is missing to improve agent-based models. Furthermore, it aimed to enhance an
evacuation model with a dynamic smoke environment. The dynamic smoke model was
implemented to a static evacuation model, and the behaviour of the agents was adapted. New
variables were introduced to the agents, so that they could perceive risk and cope with these
risks. The micro-level behaviour data was collected by performing experiments in Virtual
Reality. The experiments focussed on three elements: general behaviour when encountering
smoke, smoke density and the location of the smoke. In the experiments, a mixed 5x2 design
was used. Each participant went through five VR simulations, which were built in Unity3D,
with either a low density or a high density. By conducting experiments with the evacuation
model, the results of the VR experiments were compared to the model. Results were similar
on average, however, differences in the environments made it difficult to compare. Future
research should be focussed on a more realistic smoke model, a more realistic VR environment
that matches the evacuation model better and a larger sample size in the experiments.
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1. Introduction

Over the last decade, the use of agent-based modelling to simulate the dynamics of
geographical systems has seen a considerable increase (Crooks & Heppenstall, 2012). Agent
Based Models (ABMs) can be very useful, as they provide the opportunity to disaggregate a
system into individual components, where each component can have its own set of rules and
characteristics (Crooks & Heppenstall, 2012).

ABMs represent systems at a high level of detail and variety. They are much more detailed
than their predecessors. ABMs consist of agents to represent entities in these systems. Agents
have a set of attributes and interact with each other and their environment. This means that,
as the number of agents increases, the level of representation also increases (Heppenstall,
Crooks, See, & Batty, 2012). The behaviour of the agents is based on a set of rules. These rules
can be based on interviews, questionnaires, map exercises and, in the case of an evacuation
model, on analysis of emergencies in the past (Rippel & Schatz, 2011).

It is impossible to test an evacuation, for example, in case of fire, in an actual burning building
(Rippel & Schatz, 2011). This means that the behavioural data on how agents react in an
evacuation when encountering fire or smoke can never be completely right. Data can be based
on test evacuations, but under the influence of stress of an actual fire or smoke situation,
people can act differently. In the past, the focus of data collection was, for example, on
mobility parameters such as movement speed. Nowadays, these parameters are not sufficient
“to describe the complex process of decision making of people during an evacuation” (Ruppel
& Schatz, 2011). That the input behavioural data in a model has to be accurate, is quite
important. According to (CBS, 2018), there were 76020 reports at the fire department in the
Netherlands. In the same year, 1050 people were hospitalized and 52 persons died because
of a fire or inhalation of smoke (CBS, 2018). These statistics show the importance of
evacuation planning.

The question of whether the data is accurate enough or not is brought up in other researches.
Santos & Aguirre (2004) claim that the ability to simulate human behaviour in an evacuation
accurately is missing from evacuation models. Kuligowski & Gwynne (2008) identified several
behavioural facts of people in an evacuation and suggest developing a complete and
comprehensive model, to understand why these behaviours occur.

Lately, new types of data collection for the development of ABMs have been introduced.
These include serious gaming and Virtual Reality (VR). Serious gaming and VR immerse the
user in a computer-simulated environment with real-time interaction (Javan et al., 2020).
According to Fleming et al. (2016), serious games are: “interventions that are games, or that
utilize elements of gaming, as an integral and primary method for achieving a serious purpose,
such as a health or educational goal.” According to Bishop & Gimblett (2000), VR is a virtual
environment where the user feels present, while still being in the real world. Riippel & Schatz
(2011) claim that both VR and serious gaming could offer new possibilities in data collection.

As stated before, it is impossible to test run a real evacuation without having to put humans
at risk. Thus, to get accurate data on evacuation behaviour, a simulation in which people can
be present could be useful. When using an immersive VR, the user feels present in a simulated



emergency evacuation, making the person act like he would in an actual emergency. This way,
micro-level behavioural data can be collected. As Shendarkar, Vasudevan, Lee, & Son (2008)
state: “As VR is the next best thing to reality, the perceived values derived from these
experiments are the closest approximations that can be obtained without actually emulating
a real emergency.” Shendarkar et al. (2008) combined ABMs and VR to extract crowd
behaviour data. They created a simulation in VR of an evacuation of an intersection after an
explosion.

These new types of data collection are especially suitable when we are not trying to collect
behavioural data on past or present situations, but, when we are dealing with non-existing or
future situations. For example, in a building that has never been on fire, a fire or smoke
situation would be a future situation. In cases like this, micro-level behavioural data could be
very useful. This thesis focussed on collecting micro-level behavioural data for a smoke
situation. Smoke is not static; it moves through an environment instead of being located in
the same space. Therefore, it could be considered a dynamic environment. Not many ABMs
consist of a dynamic environment. In this thesis a static evacuation model is enhanced with a
dynamic smoke environment.



2. Research objectives

The main research objective of this thesis is to fill the gap in micro-level behavioural data, that
is missing to improve agent-based models. Furthermore, it aims to enhance an evacuation
model with a dynamic smoke environment. This leads to the following main objective:

How can Virtual Reality be used to collect behavioural data to enhance agent-based models?
This objective is to be fulfilled by dividing it into three sub-objectives.

e The first sub-objective is to add a smoke model to the ABM, by creating a dynamic
environment.

- How can the environment, the agents and the processes of the current evacuation
model be described? (1)
- How can a dynamic environment (fire — smoke) be integrated into the ABM? (2)

e The second sub-objective is to let test persons walk through the VR environment to
gather behavioural data in an evacuation situation. To conduct these experiments, it
is important to know which data needs to be collected. For example, how do agents
react when encountering smoke, will they go through it, or walk away and find another
exit? Furthermore, the objective is to create a realistic VR environment for the
experiments.

- Which data is needed to implement agent — environment interactions and how can
a realistic VR environment for the experiments be created that matches the
available ABM? (3)

e The third objective is to see how the data of the VR experiments can be integrated into
the ABM and how the data from the VR experiments differ from experiments with the
ABM.

- How can the agent-based model be improved by adding micro-level behavioural
data and how do the VR and ABM experiments compare to each other? (4)

2.1.Scope
In this thesis, the focus is on using VR experiments to collect micro-level behavioural data to
be used in an evacuation ABM. Important here is that this research does not try to collect all
the data that is relevant to evacuation models. The focus is on gaining experience in the
creation of the VR environment and in using VR in combination with ABM. It is necessary to
make choices to collect the most important data.

Additionally, this research is an exploration into collecting micro-level behavioural data.
Behavioural data can be used directly to steer agent behaviour, via Machine Learning (ML)
algorithms. However, implementing such an algorithm is not part of this thesis.



3. Theoretical framework

3.1. Agent-based modelling

In the late 1940s, digital computers appeared. The scientific applications of digital computers
involved, from the beginning, spatial and temporal problems. The field of digital computation
advanced rapidly, and by the mid-1950s, this led to computable problems involving spatial
systems, such as cities and transportation (Batty, 2012). Digital computers lighted the spark
for mathematical theories on spatial systems, leading to the first traffic flow models in 1955.
In these models, the traffic flow was implemented in a digital environment in the Chicago Area
Transportation Study (Plummer, 2007).

Since then, models changed from being aggregate, cross-sectional, comparative, and static to
dynamic and disaggregate models. Agent-based modelling (ABM) is one of the types of
modelling that came onto the horizon (Batty, 2012). The progression has mainly been possible
because of the rise of automata approaches. An automaton is a processing mechanism with,
over time, changing characteristics based on its internal characteristics, rules and external
input (Crooks & Heppenstall, 2012).

According to Macal & North (2007), agent-based modelling (ABM) is: “a new approach to
modelling systems comprised of autonomous, interacting agents". Macal & North (2007) also
state that ABM promises to have far-reaching effects on businesses. Models could change the
way businesses and researchers respectively use computers to support decision-making and
electronic laboratories to support their research. Some researchers even claim ABM “is a third
way of doing science”, next to deductive and inductive reasoning (Axelrod, 1997). Marshall
(2017) argued that ABM has two advantages over mathematical techniques: first, because of
the nature of the time change in the model, the behaviour becomes miscellaneous, adjusting
and intricate; second, the communication of agents results in “dynamic networks” and
modelling such connections allows the investigation of the outcomes that are hard to
represent using other models employing mathematical representation.

3.1.1. Agents
An ABM consists of agents that interact with each other and with an environment. Agents are
part of a program, and they represent social actors, for example, persons, political parties or
even nations. Based on a set of rules, they are programmed to react to an environment in
which they are located. This environment is a model of the real environment in which the
social actors operate (Abdou, Hamill, & Gilbert, 2012).

In Figure 1, a simple model of two agents interacting with each other and the environment
can be seen. Agents derive information from the environment. This information determines
the perception that they have about the state of the environment. Based on the set of rules
that are programmed, agents decide on which actions to perform, and these actions affect
the environment. The agents can interact indirectly, for example, by affecting a common
resource or directly by communication. This communication can be used to exchange
information about possible strategies, knowledge about the resource and agreements on how
to solve collective action problems (Janssen, 2005). In the case of a fire or smoke model, the
arrow that goes from the agent to the environment is not always in place. For example, when



an agent encounters a smoke field, and the agent chooses to turn back, the smoke is, and thus
the environment, not affected.

Agent A Agent B

Reasonmg
Percepwm Act’//ercepmn

Environment

Figure 1: a model of two agents interacting with an environment (Janssen, 2005).

As stated before, agents act based on a set of rules. These rules affect the behaviour and the
interactions, and relationships of agents with other agents or the environment in which they
operate (Chen & Zhan, 2008). Rules are usually based on literature, expert knowledge or data
analysis (Crooks & Heppenstall, 2012). More detailed information on how data can be
collected, can be found in the 'behavioural data' section.

3.1.2. Evacuation modelling

As this thesis uses an evacuation model, this section explores the world of evacuation
modelling. According to Kasereka et al. (2018), evacuating people from a building that is on
fire is quite difficult. The main reason for it being difficult is that an evacuation scenario
influences the behaviour of humans. Other reasons are different types of people; everyone
responds differently and the configuration of the place that is to be evacuated (Kasereka et
al., 2018). Joo et al. (2013) also stress the difficulty in evacuation situations. They claim that
"predicting human behaviour in complex and uncertain environments like emergency
evacuation is considered almost impossible" (Joo et al., 2013). Thus, it is essential to research
the process behind evacuations further. Over the years, several evacuation models have been
proposed. Joo et al. (2013) proposed a model based on affordance. Gibson (1986) defined
affordance as: “a property of the environment that provides an action opportunity offered to
an animal (human), either for its good or ill.” The objective of Joo et al. (2013) was to develop
and verify an ABM that is based on affordance, to model human behaviour in emergency
evacuation situations. In their research, human behaviour is limited to individual based
decision-making. More complex behaviour involving interactions and communication with
other agents was left out.

More recently, Kasereka et al. (2018) proposed an intelligent ABM that focuses on a better
way of evaluation. Where most models focus on defining the number of survivors as a key
parameter for evaluation, this model proposes four parameters. The four parameters are the
number of people alive after the evacuation, the number of deaths, the average potency
(potency starts between 50 and 100, then decreases when affected by fire or smoke, when it
reaches 0, the person is dead) and the average time it takes to reach an exit. Their model is
based on a set of eleven hypotheses and the movement of the agents is based on a Dijkstra
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algorithm to determine the shortest path. However, Kasereka et al. (2018) do not take several
behavioural factors, like emotion and stress, into account. Furthermore, the model uses both
a simulation for fire and smoke, which are both modelled as agents, with their own set of rules
(Kasereka et al., 2018). Based on these rules, the smoke and fire spread through the
environment, affecting the evacuees. As one of the objectives of this current research is to
implement a fire or smoke situation into the evacuation model, the fire and smoke models
used by Kasereka et al. (2018) could prove useful.

Corréa, Bicho, & Adamatti (2019) also propose a new model that simulates the dispersion of
smoke in a nightclub. The smoke is simulated using the concept of potential fields in
combination with cellular automata. Potential fields are usually for models that describe agent
movement. To model the dispersion of smoke in a closed environment, the authors made
some changes to the equations that calculated the potential field. The modifications enabled
the model to have a single obstacle, the fire, and several possible targets, the doors. The
obstacle generates a repulsive force, and each target generates an attraction force. Thus, the
model’s potential field is defined by its attractive points, which are the exit doors, and a
repulsive point, which is where the fire originates. The smoke is generated from the repulsive
point, then moving according to the vectors generated by the potential fields (Corréa et al.,
2019). In Figure 11, in section 5.2, the steps according to which the smoke disperses can be
seen.

As Corréa et al. (2019) state, the results of the experiments showed that their smoke
dispersion model represents a good approximation of what would happen in a real-life smoke
evacuation situation. This model could be used to implement a dynamic environment for the
evacuation ABM.

To use an ABM for an evacuation, the agents need to behave like real human beings. What
seems to be missing in the current evacuation models is micro-level behavioural data.
Collecting micro-level behavioural data is hard, as it is impossible to test-run a fire or smoke
situation. In the next section, an overview of the literature on behavioural data is given.

3.2. Behavioural data

As stated earlier, several models on evacuation already exist. However, there is a lack of micro-
level behavioural data to base the behaviour of the individual agents on. Conventional crowd
simulations are often based on the assumption that behaviour should be modelled through
homogeneous parameters and is assigned to each individual beforehand (Shendarkar et al.,
2008). Simulating a flock of birds or fish is quite simple, but modelling a human being requires
the interaction of more heterogeneous features of psychological and physical attributes
(Hamagami & Hirata, 2003). Thus, Shendarkar et al. (2008) use bottom-up modelling to define
the behaviour of an active entity at the individual level.

Other research also states that differences between recommended, modelled behaviour and
real-life actions exist and these differences increase the chances of casualties in evacuation
situations (Bernardini, Lovreglio, & Quagliarini, 2019).

A lack of micro-level, bottom-up evacuation behavioural data does not mean there is no
behavioural data at all. Kuligowski & Gwynne (2008) have come up with a list of behavioural
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‘facts’, on which most models base their simulation. These ‘facts’ are obtained from a variety
of incidents:

The first instinct of people is to feel safe in their environment

People will engage in actions that lead to information

People act rationally and altruistically

People will most likely engage in preparation activities before beginning to evacuate
People will move to their familiar exit, even though it is not the closest exit

vk wN e

More recent research also provides insight into behavioural data in an evacuation situation.
Bernardini et al. (2019) studied the behaviour of people during the evacuation in case of an
earthquake. Of course, this thesis focusses on a fire or smoke situation, but some behaviours
are general evacuation dynamics (Helbing & Johansson, 2010). That people show herding
behaviour is one of the findings in the research of Bernardini et al. (2019). Herding behaviour
is defined as individuals aligning their thoughts in a group (a herd) by interacting in this group
(Raafat, Chater, & Frith, 2009). In the case of Bernardini et al. (2019) this was shown by people
joining each other in the evacuation to exchange information. People also activate their
information-seeking behaviour both before the evacuation and during their motion towards
an evacuation target (Bernardini et al., 2019). Another type of behaviour is attachment to
personal things. This behaviour is also stated by Bangate, Dugdale, Adam, & Beck (2017), who
studied the influence of social attachment on mobility during a crisis. In about 30% of the
cases, people mainly collect electronic devices, such as smartphones and laptops, before
starting to evacuate (Bernardini et al., 2019).

In the case of the ABM that is used in this thesis, it is important to know what people would
do in a fire or smoke situation. Familiarity is an important factor in the progress of an
evacuation. Familiarity means that a person understands the structure of the building. This
could be a good thing, so occupants know where to go in a fire or smoke situation, but it can
also be a bad thing. People who are familiar with the structure of a building do not always go
to the nearest exit. Instead, they go to an exit with which they have had previous experience,
which is not always the nearest exit (Gwynne, Galea, Lawrence, & Filippidis, 2001).

In his experiments involving volunteers moving through smoke-filled corridors, Jin (1997) finds
several behavioural characteristics when people encounter a smoke situation. Firstly, the
travel speeds were reduced as a response to the conditions. Secondly, participants tended to
stagger around their ideal path rather than moving directly to their target. This was because
of the difficulty to determine the present direction caused by the visual conditions. Thirdly,
participants were seen moving towards the walls to obtain guidance in their way to their
target (Jin, 1997).

When facing a smoke barrier, the strategic options people choose from can be categorized as
follows (Gwynne et al., 2001):

e People maintain the current course and pass through the smoke.
e People redirect their course away from the smoke barrier and head towards another
exit.
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Proulx (1998) found in his research, based on a fire in a high-rise building, that: “the response
when encountering smoke ... was to 'keep going down' for 34%, another 31% 'reversed
direction and went upstairs', 11% indicated 'sought refuge' and 10% 'changed stairs, and
reached outside by alternate exit stair'.” Gwynne et al. (2001) provide insight into the
percentage of people that retreat from smoke and choose a different direction, stated against

the visibility distance. This can be seen in table 1.

Visibility distance (feet) The percentage of people
that retreat from smoke
0-2 29.0
3-6 37.0
7-12 25.0
13-30 6.0
31-36 0.5
37-45 1.0
46-50 0.5
>60 1.0
Number of occupants 570

Table 1: the percentage of people that retreat from smoke stated against the visibility distance
(Gwynne et al., 2001).

Research (Zheng, Jia, Li, & Zhu, 2011) about fire density and fire spread rate shows that the
larger the fire and the larger the fire spread rate, the more difficult the evacuation and the
longer it takes. Also, the location of the fire matters, in combination with the structure of the
room. A designer of a room or building should take into account the configuration of the room.
In Figure 2, three examples of the configuration of a room are given. The open spaces in the
walls represent doors, through which occupants may escape. It is easier for occupants of the
room to escape from configuration 2 (top right in Figure 2) than 3 (bottom in Figure 2) (Zheng
et al.,, 2011).
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Figure 2: room configuration of three rooms (Zheng et al., 2011).
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3.3. Risk Assessment
The previous part is about what people do in an evacuation situation. This phenomenon can
also be explained from a more general perspective. This section is about risk assessment and
coping with these risks. When facing risks, people go through a complex process of collecting
information, deciding what actions to take and communicating with others to determine the
effectiveness of their actions (Abdulkareem, Augustijn, Filatova, Musial, & Mustafa, 2020).

Abdulkareem, Augustijn, Mustafa, & Filatova (2018) and Abdulkareem et al. (2020) developed
a theoretical model for risk perception and coping with these risks based on the Protection
Motivation Theory (PMT). PMT is one of the dominating approaches in the domain of
explaining, measuring and assessing risk perception. PMT has been applied to study health-
protective behaviour (Bassett & Ginis, 2011) and was originally proposed by Rogers (1983).
According to the PMT, a person goes through two steps when facing a risk:

e Threat appraisal; during the threat appraisal the perceptions of risk are formed. In this
stage, an agent assesses the probability and the consequences of a risky event
occurring. The purpose of this stage is to determine whether a risk is at an acceptable
level or not.

e Coping appraisal; when the risk perception is high, the agent goes through the coping
appraisal phase. In this stage, the agent considers several protective behaviours. The
stage consists of two main parts: adaptation-efficacy and self-efficacy. Adaptation-
efficacy is about the belief of a person that the recommended behaviour will protect
them. Self-efficacy measures the ability of the agent to perform the recommended
behaviour.

The model consists of two Bayesian Networks (BN). The goal of BN1 is to answer the question:
"is there a risk?". If the risk is present and at an unacceptable level, agents continue to BN2.
This stage answers the question: "what to do?" (Abdulkareem et al., 2018). In Figure 3, the
cognitive process of an agent encountering a disease can be seen.

Risk Perception (RP)

- Perceived Probability

Information Sources - Perceived Severity Actions
- Own Experience 3 - Use river water
- Communication with others Bayes'an Networks - Walk to find cleaner water

- Change in Spatial Environment Coping Appraisal (CA) - Boil water

- Buy bottled water
- Perceived Adaptation Efficacy

- Perceived Self- Efficacy
- Perceived Cost

Figure 3: the cognitive process of an agent when encountering a disease (Abdulkareem et al., 2018).

In the case of the evacuation model of this thesis, this risk assessment model would be
initiated when encountering smoke. Upon encountering, the agent would need to determine
whether the risk is acceptable or not. This assessment can be based on the visibility distance,
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as is suggested by Gwynne et al. (2001), see table 1. When finding the visibility distance
unacceptable, the agent can decide to continue to BN2, where he decides what to do. In the
case of the smoke situation, the agent will redirect their course and look for another exit
(Gwynne et al., 2001).

3.4.Virtual Reality
Virtual reality (VR) could be a possible way of collecting micro-level behavioural data. VR has
three characteristics: response to human interaction, real-time 3D graphics and immersion.
The first two characteristics are quite clear, but immersion needs some clarification.
Immersion means that either the point of view of the user or some part of the body of the
user is contained within the simulated environment (Earnshaw & Vince, 1995). Shendarkar et
al. (2008) define immersive VR as follows: “the use of various computer graphic systems in
combination with various display and interface devices to provide the effect of immersion in
an interactive 3D computer-generated environment in which the 3D objects have a spatial
presence.” By using an immersive VR it is possible to simulate an evacuation situation, without
putting anyone to risk.

Shendarkar, Vasudevan, Lee, & Son (2008) already experimented with VR to extract micro-
level behavioural data. Their experiment focused on an intersection, while in the current
study, the experiment area is a closed environment. Nevertheless, their research could be
useful in setting up the experiment and processing the collected data to improve the ABM.
For their experiment, they used the Cave Automatics Virtual Environment (CAVE). The
immersive effect is created by using stereoscopic glasses to create the illusion of 3D. To model
the graphics in the VR environment, OpenGL Performer was used, while the programming was
done with Visual ++. Essential modules of the VR scene are the crowd that is generated from
replicated 3D models of humans, the smoke and fire, which was modelled by using multiple
translucent planes that move continuously, re-orienting themselves based on the user's view,
to create the smog effect and the intersection, including policemen and exit signs.

The combination of modelling agents in an environment and virtual reality (VR) has been
researched before. As done by Shendarkar, Vasudevan, Lee & Son (2008), the VR experience
was used to gather data to create a model. In the current study, the purpose is to let a test
person walk through a VR environment to gather data to enhance an existing model. Even in
earlier studies, the VR possibilities were explored, but the aim was to develop a model, not
improve it (Bishop & Gimblett, 2000). However, the way these studies built the virtual
environment could be useful for this study.

Rippel & Schatz (2011) provide new insights into the combination of VR and evacuation
modelling. Their research focused on having a test person play a game that simulates an
evacuation, instead of following the movements and actions of an agent, as is proposed in the
current study. Their study makes use of serious gaming. Riippel & Schatz (2011) define serious
gaming as follows: “[serious gaming] combines fun methods and concepts as well as game
technology with other information and communication technologies (e.g., sensors, computer
graphics, multimedia, artificial technology) and sciences (e.g., computer science, design,
psychology, pedagogy) in “serious fields of applications”, beyond the pure entertainment
use”. In their research, Rippel & Schatz (2011) introduce a new serious game, based on the
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Building Information Model (BIM). However, currently, the BIM, in combination with the
serious game approach, lacks some vital information for generating realistic game scenarios.
BIM tools provide the possibility to exchange data between content creation tools for creating
game objects. But, as Rippel & Schatz (2011) state: "the definition of dynamic game objects
for a realistic and immersive real-time simulation of building-related game scenarios is still
associated with a major effort." Serious gaming is based on scoring points. The goal of this
study is to collect behavioural data; people could react differently when making it a 'race’,
instead of having the main focus on surviving. This makes going through the major effort of
creating dynamic game objects not worth the time. However, aspects of the BIM could provide
useful information for creating a virtual environment for this study.

3.5. User Study

3.5.1. Experimental design

To collect data via a VR simulation, experiments need to be set up. A classical experimental
design is often referred to as a randomized experiment (Bryman, 2012). In such an
experiment, two groups are established. The group that receives the experimental treatment
is the experimental group. The group that does not get the experimental treatment is the
control group. An important aspect of an experimental design is the use of random assignment
of the sample to the experimental and control groups. Because of this, experiments tend to
be very strong in terms of internal validity (Bryman, 2012).

Nazemi et al. (2021) used a mixed 5x2 experiment in their study. They researched the
perceived safety of bicyclists using a bicycle simulator combined with immersive virtual reality.
In their study, five different environments are used as within-subject factor, and the different
conditions, in their case the level of traffic, was used as between-subject factor. The
environments were presented to the participants in two sequences to account for ordering
and learning effects. Another VR experiment is performed by Wang, Chardonnet, & Merienne
(2021). In their study they tested a speed protector to optimize user experience in virtual
environments. In their experiments, the participants had to go through a selection of three
environments with different conditions in a random order.

As is done by several other studies (Wu, Cai, Luo, Liu, & Zhang, 2021);(Jennett et al., 2008),
the participants are divided into two groups. One group performed a non-immersive test,
while the other group performed the test in an immersive VR environment. After the
experiments, participants of both groups filled in a questionnaire, to measure the level of
immersion. Jennett et al. (2008) created a questionnaire and refined this questionnaire based
on three different experiments.

3.5.2. User experience
When researching user experience, a wide range of methods exists. In order to decide which
method to use best, a three-dimensional framework was made (Nielsen Norman group,
2014). The three axes of this framework are:

- Attitudinal versus behavioural
- Qualitative versus quantitative
- Context of use
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The context of use is not applicable for this thesis, as it focusses on how a product is used,
and this thesis is not about a product.

3.5.3. Attitudinal versus behavioural

The distinction between attitudinal and behavioural is mainly based on what people say versus
what people do. Usability studies often lie in the middle of these two sides. These studies use
a mixture of self-reported and behavioural data. A usability study leaning more towards the
behavioural side is often recommended. This means that it focuses more on the actions of
people, rather than on what participants say. According to the Nielsen Norman group (2014),
usability mainly focusses on assessing how easy a product is to use. This in itself seems not
interesting to this thesis, as this thesis does not aim to produce a product. However, to
improve usability, user testing is a useful method that is also used in the VR experiments. User
testing consists of three components: gathering representative users, letting them perform
representative tasks, and observing what they do, where they succeed and where difficulties
lie.

3.5.4. Qualitative versus quantitative
When doing usability studies, qualitative ways of researching involve directly observing how
people use technology. This allows the researcher to ask questions during or after the study.
Asking questions about why the user chooses to do certain things, helps to answer the “what
people say” (Nielsen Norman group, 2014).

In contrast, quantitative ways of researching involve deriving insights from mathematical
analysis. The instrument of data collection, for example a web-server tool, captures large
amounts of data, making mathematical analysis possible. The quantitative data is used to
determine the behavioural data.

The differences between the qualitative and quantitative ways of doing a usability study are
shown in figure 4.

QUESTIONS ANSWERED BY RESEARCH METHODS ACROSS THE LANDSCAPE

BEHAVIDRAL WHAT PEOPLE DO

WHY & How MANY &
How TO Fix ”  How MUCH

L]
WHAT PEOPLE SAY

ATTITUDINAL

QUALITATIVE (DIRECT] 14 Grissan s QUANTITATIVE (INDIRECT)

Figure 4: questions that are answered by research methods across the landscape (Nielsen Norman
group, 2014).

3.5.5. Sampling
When gathering representative users, the question arises whether to work with samples or to
include the whole population. The population is the universe of units from which the sample
is to be selected (Bryman, 2012). When this set is too large, the choice can be made to go for
a sample. This sample is a subset of participants drawn from the entire population (Martinez-
Mesa, Alejandro Gonzalez-Chica, Pereira Duquia, Rangel Bonamigo, & Luiz Bastos, 2016).
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Deciding on the sample size is not always easy. When the sample does not reach the required
size but representativeness is preserved, statistical interference may be compromised.
However, samples without representativeness may not be reliable enough to say something
about the population, even if the sample is large enough (Martinez-Mesa et al., 2016).
Samples in studies related to VR experiments differ in size. Some studies have samples as large
as 150 (Nazemi et al., 2021), while another study only works with a sample of twelve (Zhang,
Ban, Kim, Byun, & Kim, 2021). A study regarding VR stimuli performed by Bulagang,
Mountstephens, & Teo (2021) consists of a sample of twenty participants.

3.6. Summary
All in all, when modelling an emergency evacuation, it is necessary to think about both the
behaviour of the agents and the environment. Several evacuation models already exist; Joo et
al. (2013) propose a model based on affordance, and Kasereka et al. (2018) propose an
intelligent ABM that focusses on a better way of evaluation. More recently, Corréa, Bicho, &
Adamatti (2019) propose a model that simulates the dispersion of smoke in a nightclub. This
model provides a good way to implement a fire and smoke model in an ABM.

Studies about the behaviour of agents show that people show herding behaviour and
attachment to personal belongings during evacuations (Bernardini et al., 2019). Abdulkareem
et al. (2018) developed a model to assess risk, based on the PMT. This model uses both risk
appraisal and coping appraisal, to guide the agents’ decision making process. In a smoke
situation, evacuees must determine the risk, and then cope with the risk. Translated to
behaviour this gives people two strategic options: maintaining the current course and passing
through the smoke (in case of finding the risk acceptable) and retreating from the smoke and
choosing another exit (in case the risk is unacceptable) (Gwynne et al., 2001). Other important
behaviour is that people base their strategy on the visibility distance through the smoke
(Gwynne et al., 2001). This can be translated to smoke density: the higher the density, the
more people retreat and the lower the density, the more people go through.

Furthermore, the location of the smoke atter, in combination with the structure of the building
or room (Zheng et al., 2011).

Regarding VR and experiments, Shendarkar et al. (2008) experimented with the combination
between VR and ABMs. This study provides good information to set up a VR experiment.

The most important behavioural elements are collected and shown in table 2.

Risk perception Coping Appraisal
No Risk Risk General Smoke
Feeling Safe in the
Environment

People will engage | People will engage
in actions that lead | in actions that lead
to information to information

People act rationally
and altruistically
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Engage in preparation
activities

Herding behavior

Collecting of personal
belongings

Move through smoke:
Reduce speed

Move through smoke:
stagger around their
ideal path

Move through smoke:
move towards walls

Head towards another
exit, based on
visibility/density

19

Table 2: the most important elements from the theoretical framework.




4. Methodology

This section discusses the methodology that is applied in this thesis. By describing each step
of this research in detail, the study remains transparent, making it replicable (Bryman, 2012).

4.1. Research approach
Based on the previous sections, the following conceptual model is created.

e e p— ™

Literature Building VR Testing VR
’ Review l ’ Simulation “| Simulation
Theoretical Theoretical [ Modelling
Phase Framework \  Phase

Problem Creating Integrating
™| statement ™| smoke Model ™| Smoke Model
o J o
4 N\ 4
Comparing VR Conducting VR
and ABM experiments
Analysis Experimental
Phase Phase =
\
Integrating data Conducting ABM
to ABM experiments
N J N\ J

Figure 5: Phases of the research

In Figure 5, all the steps of this research are visualized. As can be seen, the research consists
of four phases. The first phase is the theoretical phase. In this phase, the problem is stated
based on a review of the literature on the topic. The problem statement leads to the
theoretical framework, in which the important literature on the topic is discussed. Based on
information from the literature, the modelling phase starts. The modelling phase is split in two
parts: the ABM and VR modelling. In the first part, an evacuation ABM is improved by creating
and implementing a smoke model. The way the agents interact with this dynamic environment
is also programmed into the model by adding behavioural data. In this phase, sub-questions 1
and 2 are answered. In the second part, a VR simulation is built. In this part, sub-question 3 is
answered. After the VR simulation is build, the simulation is tested. With a tested simulation,
the experimental phase starts. In this phase, sub-question 4 is answered and the VR
experiments are conducted. Then the analysis phase starts, where the data from the VR
experiments is integrated into the ABM. After integrating the data, the second part of the
experimental phase starts, with the ABM experiments. After the experiments, the research
switches back to the analysis phase, and the results from both experiments are compared.
After this, sub-question 5 is answered.
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Now that the structure of this research is presented, the methods applied for each sub-
objective, as established in chapter 2, are explained.

4.1.1. Sub-objective a

The current evacuation model is static; the environment is the same every run. This kind of
model could provide useful information when simulating a test-evacuation. However, fire and
smoke spread through the environment, thus creating different situations during an
evacuation. In case there is smoke in a building, the environment could be considered
dynamic. The agents need to adapt to changing situation. For example, an exit could be
blocked off during one run, while in another run the exit can still be accessible. Thus, the first
sub-objective is to find out how the agent-based model can be adjusted to integrate a dynamic
environment. This way, a fire or smoke situation could be implemented. To fulfil this objective,
an overview of the evacuation model prior to the implementation is given, as formulated in
the following sub-question:

How can the environment, the agents and the processes of the current evacuation model be
described? (1)

The agent-based model that is used in this thesis is an evacuation model of the ITC building in
Enschede. This model was built in Netlogo to test the influence of variation in pre-evacuation
time and exit choice on evacuation time (Augustijn-Beckers, Flacke, & Retsios, 2010). The
environment that is used in the model, can be seen in Figure 6. The three exit that are available
to the agents, are visible as well (marked in yellow). The one on the bottom is the main exit,
while the two on top are the emergency exits. The agents in the model are students and staff
members.

Figure 6: floorplan of the ITC-building with its three exits, which is used in the ABM.

To answer this first question, the model needs to be described. ABMs can be hard to
understand and replicate, as there is no standard protocol for describing them (Grimm et al.,
2006). Furthermore, ABMs are harder to analyse and communicate than analytical models, as
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they are more complex in structure (Grimm, Wyszomirski, Aikman, & Uchmanski, 1999). To
make the understanding and analysis of ABMs easier, Grimm et al. (2006) proposed a standard
protocol, the ODD-protocol.

The idea of the protocol is to always structure the information about an ABM in the same way.
To do this, it consists of seven elements, split into three blocks: overview, design concepts,
and details, as can be seen in figure 10. For this thesis, only the overview is discussed. After
completing the overview, readers should be able to describe the models' objects (classes), the
entities (the agents and the environments) and the scheduling of the models' processes
(Grimm et al., 2006).

When it is clear how the evacuation model works, it can be enhanced by adding a smoke
model. As stated before, the current model is static. In order to add the smoke model, changes
to the model need to be made. This leads to the following sub-question:

How can a dynamic environment (smoke) be integrated into the ABM? (2)

To answer this question, a model that simulates fire or smoke can either be created or
integrated. Corréa, Bicho, & Adamatti (2019) introduce a new model that simulates the
dispersion of smoke in a closed environment and tested this model in a night club. The model
uses cellular automata associated with the concept of potential fields and modelling an
evacuation situation using agent-based simulation. An adaptation of this model is used in this
thesis to integrate smoke into the ABM. The conceptual model in Figure 7 shows how the
smoke model is build.

Potential field

Random location

Y
Spread to neighboring
cells

\/

No wall?

\J
Identify neighbour

with highest et Y
potential field value

Figure 7: the conceptual model of the smoke model.
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In short, the smoke is generated in a random location and a potential field is calculated. From
the starting point the smoke spreads to its eight neighbouring patches (Moore’s
Neighbourhood). Then the regular spreading starts. The diffusion is based on the potential
field: each smoke patch identifies his neighbouring patch with the highest potential field value,
to which the smoke spreads. This process is repeated, until the smoke reaches 20000 patches.
The smoke density can also differ, which is regulated by a global variable.

After a dynamic environment is added to the model, the behaviour of the agents also needs
to change. The way they interact with both the other agents and the environment differs from
when the model is static. The way the agents react to encountering smoke needs to be
programmed in, as well as what they do after. This not only matters for the students and the
staff in the building, but also the evacuation officers. It is important to know what they will do
when they encounter smoke. The behaviour of the agents is changed in such a way, so that
they can perceive risk and make a decision on what to do. A conceptual model that shows
these choices can be seen in Figure 8.

|

Perceive smoke

no risk?

\ risk?

Turn back

|

Identify other exit

Walk Normally

Figure 8: conceptual model of the Risk Perception and Coping Behaviour

The risk perception is based on the smoke density. The smoke density is modelled by a global
variable that determines the density of the smoke. According to Gwynne et al. (2001), when
the smoke is more dense, the visibility distance is lower, and more people turn around. In the
model this is done by introducing an acceptable smoke level. For each agent the acceptable
smoke density differs. If the smoke density is higher than the acceptance level of the agent,
he will turn around. If it is lower, the agent chooses to walk through.

4.1.2. Sub-objective b
The second sub-objective is to find out how behavioural data can be collected using virtual
reality based on a simulated environment.

The fourth sub-question is as follows:
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Which data is needed to implement agent — environment interactions and how can a realistic
VR environment for the experiments be created that matches the available ABM? (3)

After the ABM is enhanced with a smoke model, it is important to gather behavioural data. In
this thesis, data is collected by performing VR experiments. Based on the theoretical
framework, the experiments are focussed on the coping appraisal when encountering smoke.
Gwynne et al. (2001) showed the percentage of people moving away from smoke based on
different visibility levels. In this research the smoke density can either be high or low, and the
exit can be visible or not visible (indicated by the exit signs). Furthermore, Zheng et al. (2011)
show that the location of the smoke matters. Thus, the following elements are checked in
these experiments:

- General smoke behaviour
o How many people will turn around and how many will go through?
- Smoke density
o Do people go through smoke when the density is low and do people not go
through smoke when the density is high?
- Location of the smoke
o Does the location of the smoke matter when choosing to go through or not?

VR and serious gaming are upcoming ways of collecting behavioural data. As stated before in
section 3.5, a serious game is not the way to go for this research. In this thesis a simulation
was built. The simulation can be built in several ways. This part of the study focusses on
building this simulation. One of the possibilities is to use a game engine. According to Huang
et al. (2018) the most predominant software in the market is Unity3D, Unreal Engine4 and
Autodesk Stingray. Unity3D might be less powerful regarding the visualization authenticity
and suitability to specific software, but is, according to Huang et al. (2018): “overall more
suitable for testing early-stage architectural and urban design scenarios due to the accessible
workflow, better correlation with ABM and the wider user communities.”

With the Unity3D software, five simulations are build. Each simulation has a different layout
and the location of the smoke differs. An alarm and a voice over the speaker tell the
participants to start evacuating. The participant encounters smoke inside a building and has
to find a way out. This can either be by going through the smoke, or by looking for another
exit. Exits are indicated by exit signs, which are visible with low density, but invisible with high
density. The simulation takes place indoors, as the agent-based model is indoors as well.

Now that it is clear which elements from the theoretical framework are important and how a
VR simulation can be build, VR experiments can be set up.

4.1.2.1. Experimental design
In this thesis, a mixed 5x2 design is used, as was done by Nazemi et al. (2021). Five different
environments are used, where the length and the look of the hallway where the smoke is
varies. Each participant goes through all five simulations, with either low smoke intensity or
high smoke intensity. There are environments with multiple exits, but also environments
where all exits are blocked off by smoke to test the impact of the location of the smoke. The
within-subject factor is in this thesis the environment; each participant tests all the different
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environments. The between-subject factor is in this thesis the smoke intensity; each intensity
is tested by different participants. In other words, one participant goes through five runs,
where each run is in a different environment, with either low or high smoke intensity. The
sample is randomly divided into two groups. One group does the experiment in a non-
immersive setting, while the other group performs the experiment in an immersive VR
environment. Within both groups, the smoke density is randomly assigned to either high or
low. The results of the experiments in VR are used as input data for the evacuation model. The
experiments in the non-VR settings are used to determine the level of immersion of the VR
experiments.

4.1.2.2. Subjects
For the experiments, twenty participants, 13 male and 7 female, were selected. The sample
consisted of a random selection of people, who could either be students or staff. The people
who could be students were randomly selected through social media. The staff were selected
through email and social media. The age of the participants varied between 20 and 63 (Mean
= 38,2, SD = 15,8), the age distribution of the participants can be seen in Figure 9.

Age distribution
70
60
50
40
30

20
10

Figure 9: the age distribution of all the participants.

Some of the participants had previous experience with VR, and some had none. The division
into two groups was not based on this previous experience. The participants were of different
backgrounds, such as physiotherapy, assistant professor, GIS researcher, sustainable energy
technology, ICT and coastal management.

4.1.2.3. Experimental equipment
The experiments took place in a virtual reality laboratory. Group 1 performed the experiment
on the computer, with a mouse and keyboard. The computer was equipped with a 2.5 GHz
Intel Core i5 CPU, 8 GB memory and a GeForce GTX 1050 video card.

For the experiment of group 2, a head-mounted display (HMD) was used in combination with
two controllers, which are rendered as hands in the simulation. The HMD that was used is the
HTC Vive. In order to render the VR simulation, a PC with the following hardware was used:
4.0 GHz Intel Core i7 CPU, 16 GB memory and a GeForce GTX 1080.

4.1.2.4. Test procedure
As is done by Wu, Cai, Luo, Liu, & Zhang (2021), a preliminary test was run prior to the actual
experiments. For this test, three professors were asked to participate. The goal of this test was
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to get feedback on the immersion and the VR equipment, the procedure of the experiments
and the layout of the environments. Based on this input, the test procedure was revised to
ensure success and effectiveness of the actual experiments. The received feedback during
these sessions mainly focussed on the visibility. The exit signs were too bright, meaning that
they could be seen as light through the smoke even if the density was high. This resulted in
test persons going through the dense smoke, because they could see where the exit was. This
was edited before the final experiments took place. Furthermore, the immersion
guestionnaire was slightly revised, to make some questions more clear.

For the experiment, 20 participants were invited, and they were divided into two groups of
ten. Before the testing started, they were introduced to the background and the procedure of
the experiments. The participants in group 2 also got to get familiar with the VR experience
by using a test scene. In this test scene, they were able to move around by using the controllers
and to throw balls, shoot with a bow, to get the hang of the equipment. Lastly, they were
asked to read and sign an informed consent form.

After the experiments were concluded, the participants of the VR group were asked to fill in
two questionnaires. The non-VR group only filled in one questionnaire. The first questionnaire
contained questions regarding the immersion and the realism of the simulation and was filled
in by both groups. The questions on immersion were adopted from the immersion scale of
Jennett et al. (2008). These questions can be found in Appendix 1.1. The questionnaire consists
of 32 questions and leads to an immersion score of 1 for strongly disagree to a score of 5 for
strongly agree. This score is appropriately adjusted for positive and negative questions, which
is added to avoid wording effects (Jennett et al., 2008). The highest possible score is 75,
however, the results of the scores are relative, to compare between both groups. The purpose
of the questionnaire is to see if the VR experiment is significantly more immersive than the
non-VR experiment.

The second questionnaire contained questions about the choices made during the simulation
and was only filled in by the VR group. It focused on the actions when encountering the smoke.
The movement of the participants is stored in a video-output file, but the why behind these
movements is also important. This questionnaire can help in understanding the process of the
risk perception of the evacuees. The questionnaire can be found in Appendix 1.2.

Analysing the behaviour of the participants when encountering smoke, is done by video
recording each simulation in the Unity3D editor. The editor provides a built-in recorder, which
allows the user to record a play run. When starting a simulation, the play button is pressed.
The recorder then captures the screen during the run. This recording results in a video file,
which was used to watch each session back and analyse each choice made by the participants.
Different choices that can be made are turning back from the smoke or going through the
smoke.

4.1.2.5. Analysis
The results from the immersion score questionnaires from both groups are analysed using the
SPSS software by IBM. This is done by performing an independent samples test. This test
results in a t-value, which is useful when comparing the means of two groups, which was done
in this case. The result from this test tells if the immersion scores from the VR experiments are
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significantly higher than the scores from the computer experiments or not. The relationship
between the scores and age of the participants is also tested. This is done by performing a
Pearson correlation test, which is a suitable test when measuring two quantitative variables.

Another test is run to see if the choice to go through the smoke or to turn back is influenced
by the density of the smoke. To test this, a chi-square test is performed. This is a useful test to
determine statistical independence or association between two or more categorical variables
(“SPSS tutorials: chi-square test of independence,” n.d.).

The second questionnaire, regarding the explanation behind the choices made in the
simulations, is analysed by using a frequency analysis. This is possible after quantifying the
answers from the participants. A coding system is created, in order to be able to get
standardized results. For this, the QDA Miner software is used.

The VR experiments will lead to a number of observations:

- How many people will turn around to reach an alternative exit and how many people
will continue to reach their original exit.
o This is measured by analysing the video output from the Unity3D editor
- Theinfluence of the smoke density on the risk perception and coping appraisal
o If the smoke density is high, does this lead to a higher risk perception?
o If the smoke density is high, do more people turn around, thus change their
behaviour?
- The influence of the location of the smoke on the behaviour
o Does the percentage of participants that go through or turn back differ per
simulation?

4.1.3. Sub-question c
The third objective is to find out how to use the data from the experiments to improve the
ABM. The last sub-question is as follows:

How do the VR and ABM compare to each other and how can the agent-based
model be improved by adding micro-level behavioural data? (4)

Before implementing the data from the VR experiments into the ABM, experiments with the
ABM are conducted. The goal of these experiments is to compare the data from the VR to the
ABM. There are three important aspects that are tested in the VR experiments and can be
linked to the ABM by conducting experiments. These are general smoke behaviour, smoke
density and the location of the smoke. Each of the experiments are discussed below.

4.1.3.1. General smoke behaviour
In these experiments it is checked how many agents walk through the smoke and how many
agents turn around. The model is run ten times, with a different location of the smoke and a
smoke density of 50. The sum of leavers that encounter smoke is counted as well as the
amount of leavers that walk through and the amount that turn back. Simulated values are
compared to the VR experiment data.
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4.1.3.2. Smoke density
In this experiment, a number of test runs are done, to see how many agents walk through the
smoke when the density of the smoke differs. Two sets of tests are done:

- Low density: smoke density is set to 25
- High density: smoke density is set to 75

Each set is run five times and the amount of leavers that walk through and that turn around
are counted. The simulated values are again compared to the results of the VR experiment.

4.1.3.3. Location of the smoke
As the environments used in the VR simulation are different than the environment in the ABM,
this is difficult. However, in the VR experiments the smoke was located on the emergency exit
each time. To compare the percentage of evacuees that go through the smoke and the
percentage of evacuees that turn back from the smoke when the smoke is located on or
around the emergency exit, the following experiment is set up:

- The smoke is generated on one of the emergency exit, instead of on a random location.
- Two sets of 5 runs are done:
o In one set the smoke is on the left emergency exit, in the other set the smoke
is on the right emergency exit.
- The percentage of leavers that go through the smoke is calculated, as well as the
percentage that turns back.

Result from these experiments are compared to the results of the VR experiments.

4.1.3.4. Data integration
Data from the VR experiments can be integrated in different ways:

- By directly driving agent-behaviour from data via Machine Learning
- By statistical analysis of the results of the VR tests leading to an adjustment in agent
behaviour

Steering agent behaviour directly from data is not possible in this case as the dataset derived
from the VR experiments is too small for machine learning. This is why the statistical approach
is taken. After comparing the results of the aforementioned ABM experiments to the data
from the VR experiments, the data can be integrated. In case the results are similar, there is
no need to change anything. However, if the results differ from each other, the ABM needs to
be adapted.
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5. Results

5.1. Sub-objective a

How can the environment, the agents and the processes of the current evacuation model be
described? (1)

As stated before, describing an ABM can be difficult, however, Grimm et al., (2006) created a
standard protocol to make understanding and analysing easier. This protocol is called the
ODD-protocol, as can be seen in Figure 10. In this thesis, only the overview is discussed to
enable readers to describe the models’ classes, the agents and environments and the
scheduling of the models’ processes.

Purpose

Overview State variables and scales

Process overview and scheduling

Design concepts Design concepts

Initialization

Details Input

Submodels

Figure 10: the ODD-protocol (Grimm et al., 2006).

The first element is to describe the purpose of the model. The ABM model used in this thesis
is an evacuation model, built with Netlogo, of the ITC building in Enschede. The model was
used to simulate evacuation behaviour. The goal of the study was to test the influence of
variation in pre-evacuation time and exit choice on evacuation time.

This model contains three different types of agents (leavers, followers and officers). Each of
these have their own behaviour. The model also contains five different types of environments:
a network following the centrelines of the corridor, the walls and walkable space (indicating
where agents can /cannot move), emergency exits, and a set of raster cost distance layers that
will guide the leavers and officers to the emergency exits. The individuals are characterized by
the state variables: student or staff, pre-evacuation time, walking speed, person size,
interaction time and exit choice.

In the evacuation model, there are three kinds of agents: leavers, followers and officers. The
leavers, representing students and staff members, will evacuate on their own. Important
behavioural variables to the leavers are pre-evacuation time and exit choice. The leavers wait
until their pre-evacuation time is over, they select an exit, and then follow the raster
environment corresponding to this exit to bring them to the emergency exit. They do this by
checking the raster value of their current location, comparing it to the neighbouring values,
and moving to the lowest value. As emergency exits have the value zero, they automatically
move to the exit. The movement model used for the agents differs for each agent type. The
movement of the leavers is based on a free-space model. The leavers avoid collision with
obstacles and other agents. They will move towards their destination, this can either be the
nearest exit or another exit as indicated in their exit preference, based on a cost-distance input
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file. The exits have a value of 0, while the other patches have a value that is gradually getting
higher the further away from an exit. By seeking out the patch with the lowest value each tick,
the leavers move towards one of the exits. This exit is based on their preference, which can
either be the main exit or the nearest exit. The nearest exit can be any of the three exits and
is dependent on the leavers’ location.

Followers represent the staff or students that are not able to evacuate on their own. The
followers can only evacuate by following a leaver or an officer, if that leaver or officer is in the
direct vicinity, or when they are close to an exit. Followers do not have a preferred exit or pre-
evacuation time. The movement of the followers is dependent on the distance to the nearest
exit. If the follower is within eye distance of an exit, it will act as a leaver and evacuates itself.
If a follower is not within eye distance of an exit, it shows random movement until it is picked
up by an officer or a leaver. The follower then follows the officer or leaver until they reached
an exit.

The officers are staff members who had a professional evacuation training and are responsible
for the evacuation. Their main behaviour is to clear the building, by going through each room.
The movement for the officers is steered by two aspects: the centre line network model of the
corridors and rooms and the location of other officers in the building. The officers work in
pairs, so each officer takes either the left or the right side of the network. The movement of
the officers is interrupted upon encountering a follower, then the officer stops moving. The
officer enters every room as far as needed to fully view each wall and corner. The movement
of the officer continues until the whole floor is secured, then the officer will evacuate himself.
The evacuation is the same as the way the leavers move but the officers only move towards
the nearest exit. There are four officers in the evacuation and they start clearing the floor and
the central staircase. They split into two groups of two officers, one group going left and the
other going to the right. Officers navigate via the network. This network leads them into rooms
when the network was a line to the side. One officer will check the rooms on the right side of
the network, the other will check the rooms at the left hand side. When an officer encounters
a leaver or follower that has not yet started evacuating, they will prompt them to evacuate.
This is represented by the interaction time.

Third, the scales should be discussed. The pre-evacuation time is taken from literature.
According to Gwynne, Galea, Parke, & Hickson (2003) the pre-evacuation time for staff varies
between 0 and 246 seconds, with a mean of 70.8 seconds. For students it varies between 8
and 200 seconds, with a mean of 73.7 seconds (Gwynne et al., 2003). The walking speed for
all agents is between 1.2 m/s and 1.8 m/s. The person size is set to 0.3 by 0.3 meters. The
agents cannot occupy the same space at the same time. The interaction time is 10 seconds.
The exit choice can either be the nearest exit or the main exit.

The third element is to describe the spatial and temporal extent of the model. In the model,
20 ticks equal one second. The total temporal duration of one run is equal to one evacuation
and will be around 6 minutes or 7000 ticks. The simulation automatically stops after the last
officer has evacuated. Spatially, the model represents the ITC building, visible in Figure 6. The
raster layers have a resolution of 879 by 740 pixels.
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Now that it is clear how the original evacuation model works, a smoke model can be added to
it. This is done by answering the next sub-question.

How can a dynamic environment (fire — smoke) be integrated into the ABM? (2)

The existing evacuation model focusses on the behaviour of the agents upon hearing that they
need to evacuate. On their way to the exits, they do not encounter anything that can make
change their behaviour. In this section of this thesis, a smoke model was added to the
evacuation model. As stated in the theoretical framework, Corréa et al. (2019) propose a
smoke dispersion model, based on the potential field approach. Figure 11 shows the steps
their model takes to disperse the smoke. The first step is to let the model randomly select a
starting point, from which the smoke will disperse. In the second step, the smoke spreads 1/8t"
of its intensity to its neighbours, according to Moore’s Neighbourhood. In the third step, the
smoke spreads half of its intensity to the patch to which the potential field vector points.

1st step 2nd step 3rd step

Each tick generates the smoke at the Smoke spreads 1/8 of its ~ Smoke disperses half (1/2) of its
starting point of the fire (black intensity to its neighbors intensity to the patch that its
patch), which is defined by the (Moore's Neighborhood). potential field vector is pointing to.

user.

Iy YUY s
| A ﬂA\A Al A AlAlALA AL A Al

Figure 11: steps of how the smoke disperses (Corréa et al., 2019)

In this thesis, the smoke is placed in a random patch on the map, with the colour black, as is
illustrated in figure 12. In the second step, the smoke is spread by turning the neighbouring
(Moore’s Neighbourhood) patches grey, see Figure 13. The third step is modelled differently
in this thesis. The smoke spreads based on the value of the potential field, instead of on the
direction of the vector. This potential field is calculated based on the following equation:

V =Vg *exp (—lambda * Xg) 1

In this equation Vg is the potential field at the location of the target, from where the potential
is generated. The distance from the target is expressed in Xg. In Netlogo this is done by using
the “distancexy”-command. The x and y coordinates that are used in this command, are the
coordinates of the location of the exits in the evacuation model. Netlogo then calculates for
each patch the potential field value, based on how many patches away it is from the target.
The smoke spreads to its neighbour patches with the highest field values and a certain colour
(in the example below green). Thus, it moves away from the starting point in the direction of
the doors. This step is visualized in Figure 14.
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Figures 12, 13 and 14: screenshots of the three steps of the spreading of the smoke (source: Netlogo).

To implement the smoke model into the evacuation mode, the smoke needs to be aware of
its surroundings. The ITC building consists of rooms and corridors, separated by walls. The
smoke cannot go through the walls, but can only spread through the open doors. In the
example above, the smoke could only spread to a neighbouring patch that is green. An
example of how the smoke reacts to a wall, can be seen in Figures 15, 16 and 17.

Figures 15, 16 and 17: screenshots of the smoke spreading around a wall (source: Netlogo).

This mechanism is also used in the evacuation model. The smoke spreads only to those
patches that are light grey (pcolor = 8). As the walls are visualized as black (pcolor = 0), the
smoke does not recognize these patches as neighbouring patch.

The end result of the smoke model implemented in the evacuation model can be seen in
figures 18 and 19. The smoke is located respectively on the bottom of the model and in the
upper right corner.
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Figure 18 (on the left side) and figure 19 (on the right side): the smoke model implemented in the
evacuation model; with the smoke on the bottom of figure 18 and on the top right side of figure 189.
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For the smoke model to work in combination with the evacuation model, both models are run
separately. First, the smoke model is run until it covers 20000 patches. Second, the evacuation
model starts.

In the model, agents move patch by patch, based on cost-distance values. These values are
calculated by creating a cost-distance raster in the ArcMap software, using a raster of the walls
of the ITC-building and point-files of the exits. The cost-distance rasters can be seen in figure
20 and 21.

Cost-distance of the nearest exits

Cost-distance value
:I 0-582

- 16,6 - 174,7
- 174,8-2331
[

233,2-281,2

- 2081,3-3485

407,8 - 466,1
466,2-524,2

524,3-5825

Figure 20: cost-distance map raster with the nearest exits as input, indicated with dots.
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Cost-distance of the main exit

Cost-distance value

Cl 0-1182
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Figure 21: cost-distance raster with the main exit as input, indicated with a dot.

For exitchoice = 0, all three exits are used as input. The cost-distance raster is converted to an
ASClI-file, which is loaded into Netlogo. The values for the patches are stored in a variable
called distance_nearest_exit, which results in a cost-distance value for each patch. The farther
away from an exit, the higher the value. The exit, which was used as input point, has the value
“0”. For exitchoice = 1, the same procedure is done, but only the main exit is used as input and
the values are stored in the variable distance_main_exit.

When the model starts, the agents move towards their preferred exit, by following the
variable minpatch. This variable calls the values of the patches around the agent (Moore’s
Neighbourhood) in either distance_nearest_exit or distance_main_exit and chooses the
lowest value. This results in agents moving towards the patch with the lowest value each time,
leading them to an exit.

The density of the smoke is not modelled explicitly (the raster layer is binary smoke -non
smoke) and does not include a density value, but a global variable is introduced that will
indicate the smoke density. This density is homogenous (all smoke has the same density). By
running the model several times with different density values, the impact of density on the
evacuation behaviour can be modelled. The density value is expressed in percentages ( 1-
100).

Besides the introduction of the smoke, the behaviour of agents needs to change to respond
to this smoke. This has to be done for both leavers and officers. Adjustment of the behaviour
of followers is not needed because they will follow leavers/officers. The change in behaviour
is split into two aspects: sensing the smoke and deciding what to do (walk through the smoke
or turn around and find an alternative exit). This is where the risk assessment, see section 3.4,
comes in. The leavers and officers start to evacuate and constantly assess the risk. It works
slightly different for the leavers and the officers.
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First, the risk assessment of the leavers is discussed. A diagram of their behaviour can be seen
in Figure 22. The leaver starts by walking according to their normal regular behaviour, which
was described in sub-question 1. Each step, they check if they reached an exit (then their
minpathc = 0). If this is the case, they have evacuated and die (which is a way to write an agent
out of the simulation).

Die

T yes

Reached an exit
ho
\

no
Smoke e ——————

yes
4 low

Compare SDAL ———p

high

Y
Turn Around

l

Identify Alternative
Exit Raster

Walk Normally

Figure 22: UML diagram of the behavioural process of the leavers.

They also check each step if they encountered smoke. This is done by checking the colour of
their minpatch. If the minpatch of a leaver is white, there is no risk and they continue
according to their normal behaviour. However, if their minpatch is grey (meaning a smoke
filled patch), they assess the risk to check whether it is acceptable or unacceptable. This is
done by introducing the smoke density acceptance level (SDAL). This variable is a random
value on a scale 0-100. The value indicates when an agent will walk through the smoke, and
when this agent will turn around. For example, when a leaver has an SDAL of 60, and the global
smoke density value is set to 80, the density of the smoke is greater than the acceptance level
of the leaver, and he will turn around. When the agent has an SDAL of 82, the agent will walk
through the smoke. In case the SDAL is higher than the smoke density value, nothing changes
in the behaviour of the leaver. If the SDAL is lower than the smoke density, the agent turns
around and looks for another exit. To turn around and be able to look for another exit, these
leavers must change their exitchoice variable and the input for their minpatch-variable. To do
this, the agents have three options:

- Set exitchoice to “1” and minpatch to the main exit based on the already existing
distance_main_exit.

- Set exitchoice to “2” and minpatch to the emergency exit in the upper right corner
based on distance_upperright_exit

- Set exitchoice to “3” and minpatch to the emergency exit in the upper left corner
based on distance_upperleft_exit
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After changing their exitchoice and minpatch input, they check if their new minpatch is white.
If this is not the case, they continue to the next option and check again.

For the second and third option, two new cost-distance rasters were generated. A cost-
distance analysis calculates a value for each cell based on how much it costs to get from that
cell to a certain point. In this case, that point was either the upper left exit or the upper right
exit. A raster of the walls of the ITC-building was created, where the walls had the value
NoData and the space between the walls had the value 1. This raster was used as cost input
for the cost-distance, so the farther away from the exit, the higher the cost to re