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ARTICLE INFO ABSTRACT

Keywords: Disaster events cause detrimental impacts for communities across the globe, ranging from large numbers of

Agent-based fatalities and injuries, to the loss of homes and devastating financial impacts. Emergency professionals are faced

]S;mulan'on with the challenge of providing sustainable solutions to mitigate these consequences and require tools to aid the
vacuation

assessment of potential impacts. Current modelling tools have either focused on modelling either the microscale
(e.g. individual confined spaces such as buildings or stadiums) or the macroscale (e.g. city scale). The aim of this
research is to create microscale agent-based modelling (ABM) tools, incorporating a realistic representation of
human behaviours, which will help management professionals assess and improve their contingency plans for
emergency scenarios. The focus has been on creating a microscale agent-based model of a pedestrian pavement
and crossroads, to include overtaking and giving way, alongside the inclusion of varied population character-
istics. This research has found that by improving pedestrian interactions (e.g. overtaking and giving way in-
teractions) on pavements and at crossroads more robust travel time estimates can be achieved. To produce more
realistic behaviour traits, microscale models should consider: (1) varied walking speed, (2) population density,
(3) patience level and (4) an exit split percentage for crossroads. Comparisons to 1.34 m/s (3mph) models
without additional variables show the travel times may be misrepresentative by up to 78% in pavements and
305% in crossroads for some population types. This has the potential to cause cascading effects such as a sig-
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nificant increase in fatalities or injuries as communities cannot reach safety in the anticipated time.

1. Introduction

Natural disasters affect communities across the globe, causing fa-
talities and injuries to many, significant economic impact, and loss of
homes for communities (CRED, 2015). The prevalence of natural di-
sasters is not increasing; however, the impacts of these events are
(CRED, 2015). Therefore, there is a need to plan and prepare, to mini-
mise the potential consequences and to provide solutions which are
sustainable. Not all communities have the same ability to deal with
events (Barnes, et al., 2019, Cutter, 2016, Aka, et al., 2017, Singh-
Peterson, et al., 2015), leaving many in the developing world with
ineffective solutions. In contrast to the developed world which has the
resources to spend time and money on solutions, such as: risk registers
(Glavovic, et al., 2010, Markovic, et al., 2016), early warning systems
(Perera, et al., 2020, Becker, et al., 2020, Wenzel, et al., 2001, Durage,
et al.,, 2013, Glade & Nadim, 2014), and emergency communication
methods (Miao, et al., 2013, Lu & Xu, 2014). Imperative to all of this is
the need to make appropriate decisions, which can be aided by the
advancement of tools for emergency managers to help assess the con-
sequences and to provide sustainable solutions.
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There has been a focus previously on either creating modelling tools
to assess the impacts on individual buildings or facilities such as sta-
diums to understand the movements of a crowd within a confined space
(Shi, etal., 2009, Poulos, et al., 2018, Tan et al., 2015) or alternatively to
look at the macroscale such as city scale modelling (Barnes, et al., 2021,
Madireddy, et al., 2011, Liu & Lim, 2018, Mostafizi, et al., 2019, Loscos,
et al., 2003). Both approaches have produced evacuation models to aid
emergency professionals, however in both cases it can be argued that the
representation of human behaviour has been poor and does not consider
a wider enough range of behaviours, instead reducing individuals to
crowds exhibiting the same behaviours with high levels of compliance.
Barnes et al (2021) has demonstrated the merits of including additional
population characteristics in macroscale city evacuation models, which
showed evacuation times, that did not consider individual characteris-
tics, were potentially misleading; meaning that the numbers of fatalities
and injuries may be significantly underestimated due to the inability to
evacuate in anticipated timings. Therefore, it is argued that if there are
benefits of improving the representation of human behaviour at the
macroscale, there are likely to also be benefits at the microscale.
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2. Literature review
2.1. Existing microscale models

There are many previous studies on simulating crowd behaviour
available (Korhonen, et al., 2010, Low, 2000, Mehran, et al., 2009,
Loscos, et al., 2003, Zaharia, et al., 2009, Akopov & Beklaryan, 2012).
These studies show that the dynamics of a large crowd are important and
result in the comfort and security of individuals, especially during
stressful situations such as evacuations. When a crowd is particularly
large there can be an increased risk of injury or loss of life due to the
pressures that can be exerted by the crowd, such as crushing, trampling,
and panic. Therefore, there is a need to be able to understand the likely
movements of any crowd, to minimise the risks to individuals. Some
previous models have focused on treating crowds like fluids (i.e. the
crowd moves as one continuous mass), resulting in the crowd becoming
“identical unthinking elements” (Low, 2000). In reality, this is untrue as
crowds can experience fear, panic, different directions of travel, stum-
bles or falls. Hence, there is a need to improve modelling so that crowds
are made up of individuals who can think and react to events.

Within this study by Low (2000), a model created by Helbing et al
(2000) is introduced. This model introduces the idea of individuals
within a crowd, particularly during episodes of panic. The model shows
that when panic is prevalent in a smoke-filled room, individuals will
speed up and herd, this results in the blocking of an exit. If a “normal”
walking speed was assumed this exit could be easily passed. Also, if this
scenario had been modelled as a fluid, it would have predicted an equal
use of both exits, as the actions of individuals were not captured. Hence,
a fluid model would not have reproduced the real behaviour of the
crowd. The model also explored the idea of widening corridors, but
again found this slowed the flow of the crowd, which is not what would
be assumed (Low, 2000, Helbing, et al., 2000). This is believed to be due
to the pedestrians who tried to overtake, which then must move back
into the main flow at the end of the widening. It is studies such as this
that highlight the importance of reproducing realistic human behaviours
on the microscale in buildings or walkways, for example. This is mostly
in the form of congestion and capacity, which allows for the overtaking
and giving way of agents as well as the ability to force agents to wait
behind slower agents when space is unavailable. It can be argued that
previous attempts at this have not fully captured these types of
behaviours.

Existing microscale simulation software and simulations of pedes-
trians have often focused on transport interchanges or building envi-
ronments and even within these models the representation of human
behaviour has at times been standardised to eliminate intricate human
traits such as giving way and overtaking (PTV Group, 2021; Simwalk,
2021; Oasys, 2021). Where evacuation simulations do exist these focus
on the risk of fire and explosion, which are of greater risk in transport
interchanges but not necessarily appropriate hazards for modelling
evacuations of street environments. Graphically the standard of these
simulations can be akin to that of gaming software and is visually
appealing to users. However, if the fundamental rulesets guiding the
human behaviour traits are flawed or misrepresentative then the simu-
lations will not provide realistic and robust travel time estimates. For
example. a simulation produced using software from SIMWALK,
demonstrated a fire hazard in a bus interchange, the agents exhibited
high levels of compliance (e.g. waiting at an appropriate crossing loca-
tion and for a green light to cross roads even in a hazard scenario), were
unaware of other agent’s space (e.g. bumping into each other to force
changes in direction), lacked distinction in walking speeds and agents
travelled into the hazards pathway (Simwalk, 2012). It can be argued
that these are not the typical behaviours expected during an evacuation
simulation and that improvements need to be made to capture more
realistic behaviour traits. Another simulation example, produced by the
PTV Group in their Viswalk software of a transport interchange
demonstrated the excellent graphics available but highlighted agent’s
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movements were very rigid, conforming to walking in straight lines and
that agents were unable to effectively manoeuvre around other agents to
avoid congestion (PTV Group Traffic, 2012). This again demonstrates
that human behaviour traits are not representative and there may be a
need to improve these to enhance the simulation of evacuations.

To evaluate the impact of enhancing the representation of human
behaviour traits relating to intricate human behaviours such as giving
way and overtaking, two agent-based microscale models will be devel-
oped in this paper, one of a pavement and the second of a crossroads.
Both models will focus on including more robust representations of
human behaviour to enable patience, overtaking and population density
to be captured accurately. It is anticipated that a more realistic repre-
sentation of human behaviour will show that existing simulations of
pavements and crossroads are producing misleading times and therefore
the need to highlight this to improve computational evacuation
modelling.

3. Data
3.1. Model characteristics

It has been identified that there is a need to improve the represen-
tation of human behaviour in microscale simulations, particularly of
pavements and crossroads. Agent-based modelling is an effective tool as
it allows the user to create a unique population of separate agents that
change over time. Agent-based modelling “simulates the operations and
interactions of multiple agents with macro-level system behaviour emerging
from these individual interactions. Agent behaviour is determined by rules of
interactions with each other and the environment.” (Dawson, et al., 2011).
Agents are “endowed with behaviours that are usually proscribed in a series
of rules that are activated under different conditions ... in the manner of
stimulus and response ... and in this sense, agents always engender change”
(Batty, et al., 2012). This is useful for this model as there is a reliance on
movement and interactions between agents (Batty, 2012), which is
suited to the replication of human behaviour where there are many
unique agent decisions that are not necessarily binary in nature. How-
ever, it is not a flawless modelling technique and there are still issues to
overcome, it is accepted that “a model is only as useful as the purpose for
which is it constructed” (Crooks & Heppenstall, 2012). Common issues
include aspects such as (1) path dependency as models can be very
sensitive to their initial conditions which makes using ABM for predic-
tive purposes difficult, (2) disaggregated systems as models need to be
separated into many agent characteristics, behaviours and interactions,
this can be aided through multiple runs and varying initial conditions to
aid robustness, (3) poor scalability in that models can be created at the
micro or macro scale but combining the differing scales is challenging
(Crooks & Heppenstall, 2012).

The agent-based models, used in this paper, were set up using Net-
logo, which is one of the freely available open-source agent-based pro-
grammes. Netlogo features a library of existing models, which were
utilised to help form the basis of the model for the pavement and
crossroads (Wilensky, 1997, Wilensky & Payette, 1998). The software
has its own language, which is programmable by the user for the
intended purpose, this allows a greater degree of flexibility. The
graphics are simplistic and rely on a grid system, which can at times
make the models appear crude and, in this instance, has limited the
agent movement as the model does not produce a true continuous space.
Both models will need to consider (1) pavement characteristics e.g. di-
mensions, (2) population density and (3) overtaking behaviours.

3.2. Environment characteristics

It is important to ensure the pavement model is representative of
pavements in real-life in both length and width. A standard pavement
width in the UK is defined as 2 m wide and the minimum road width is
4.8 m (Department for Transport, 2007). It is assumed that pedestrians
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primarily use a pavement when available, however in stress situations
such as evacuations, it is acknowledged that pedestrians are likely to
move into using the road width to evacuate an area as quickly as
possible. Consideration also needs to be given to preferred interpersonal
distance, which is the distance between one person and another; this can
be varied depending on the situation, familiarity, and culture.

As previously stated, the model is created in Netlogo, which is a grid-
based cell system rather than continuous space. The grid-based system
means that the agents need to have a series of defined pathways in the
form of “lanes” to allow them to travel along the pavement or cross-
roads. This allows the number of lanes to be varied, to form different
widths of pavements and crossroads (e.g. modelling a small lane to a
large walkway). In order to understand the number of lanes required to
form the width of a pavement in the model environment, the interper-
sonal distance as defined by Hall in 1966 is used to find out the
approximate number of lanes that would fit within a standard pavement
and minimum road width (Hall, 1966, Baldassare & Feller, 1975, Sor-
okowska, et al., 2017). The lower estimate for each of the distance
category’s (personal (0.46 m), social (1.22 m) and public (2.10 m)) has
been taken from Hall’s interpersonal distances and does not consider the
person’s location. Using Hall’s distances, the number of lanes can range
from one to ten lanes, which was then taken to be the upper and lower
bounds for the number of lanes variable in this model.

It is also important to identify an appropriate distance for the length
of the pavement. In smaller UK cities such as Newcastle, the main
shopping street (Northumberland Street) is approximately 400 m long
measured from Google Maps, whereas larger cities like London (Oxford
Street ~ 1900 m), Manchester (Deansgate 1200 m) & Edinburgh
(Princes Street ~ 1200 m) are 1 km or longer (Google, 2021). Therefore,
a 1 km length is used as a mid-point between shorter and longer shop-
ping streets in the UK. It is also anticipated that this length will be suf-
ficient to display the agent behaviours, such as overtaking and giving
way.

~
~

3.3. Population characteristics

One of the advantages of agent-based modelling is the ability to
simulate a unique population, but it is imperative to choose appropriate
and accurate values to form the population base. The inclusion of unique
population characteristics has been discussed in detail by Barnes et al
(2021), who demonstrated the importance of a representative popula-
tion distribution and varied walking speed by age and sex. In a similar
manner, this model features five main population types: (1) children, (2)
male adults, (3) female adults, (4) male Old Age Pensioners (OAPs) and
(5) female OAPs. The population distribution of these types is based on
UK average population data, from the Office for National Statistics
(ONS) (2014), specifically: children (18%), male adults (32%), female
adults (33%), male OAPs (8%) and female OAPs (9%). Within the model
environment one of each of the population types is assigned to a static
“home” square, in each simulation the same agent population type will
start from the same “home” square (see Fig. 1 in Supplementary Data).
This has a small knock-on effect on certain agent’s travel times, pri-
marily male OAPs, as their pathway to exit is marginally longer in dis-
tance when compared to the others. Each of these population types, has
its own walking speed which has been determined by considering a
number of studies (Bosina & Weidmann (2017), Rastogi et al (2011),
Schimpl et al (2011) and Silva et al (2014)). The studies were used to
produce average walking speed values by age for the selected population
types. This equates to walking speeds of children 0.8 m/s (1.79mph),
male adults 1.34 m/s (3mph), female adults 1.12 m/s (2.5mph), male
OAPs 0.78 m/s (1.74mph) and female OAPs 0.76 m/s (1.70mph).
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3.4. Determining a patience level value

In this paper, the aim is to capture a population moving along a
pavement, to do this accurately, there is a need to allow the agents to
overtake and give way. From observations of a typical pavement, it is
easy to see that it is not always possible to pass another person imme-
diately and there may be time waiting to find a suitable gap to pass. In
some instances, a person will slow to the speed of the slower individual
walking in front of them, whilst others will seek the first possible op-
portunity to overtake and continue at their preferred (higher) speed.
This can be interpreted as a level of patience; a person willing to wait
will have a higher level of patience compared to the individual looking
for the first opportunity to overtake. In stress situations, such as an
evacuation, it can be assumed that the levels of patience would be
decreased to zero, or very near.

To determine a patience level parameter, studies were considered to
identify a method to produce a realistic representation. One study by
Low (2000) proposed the idea that crowds can experience fear, panic,
different directions of travel, stumbles and falls unlike previous studies
which treated crowds as fluids, i.e. the crowd moves as one mass.
Alternatively, a study by Pelechano & Badler (2006) suggested that
crowds needed to include effective communication through the use of
trained leaders, it was found that 40% of evacuees can escape without
any communication, but with communication 100% of evacuees can
escape in the same time. Finally, another study suggested the inclusion
of a panic parameter, to capture the panic involved in an evacuation
scenario (Helbing, et al., 2000), the inclusion of which may provide
more robust evacuation simulations.

Using the principle of the panic parameter created by Helbing et al
(2000) (i.e. a random numerical value assigned as a level of panic), the
patience level is created within this model. To the best of the author’s
knowledge, there is no literature to guide the assigned patience level
values and due to the scale and complexity of this task, this is outside the
scope of this paper. We seek to consider the impact of this variable to
overtaking behaviours and travel time, rather than derive the value it-
self. Therefore, we assign all agents with the same initial starting
patience level, ranging from 1 to 100, which will then be affected
differently depending on how many interactions an agent experiences
and how densely populated the pavement is. In this paper, the patience
level of the agents demonstrates the frustration an individual may
experience. The patience level included in this model is effectively
equivalent to the number of time steps an agent will wait behind a
slower agent before attempting to move around another agent to an
empty lane. A low patience level means an agent will seek to change
lanes, and overtake, more often than an agent with a high patience level.
To model this, the assigned level of patience starts to reduce to zero
when an agent is walking behind a slower agent (losing one point each
time step). When the patience level reaches zero, the agent will look
either side for a gap to move into. If there is no space available the agent
will not move and will continue behind the slower agent at their speed,
whilst continually looking for an available gap. If there is a space
available, the agent will move lanes and accelerate back to their original
chosen speed and reset their patience value (see Fig. 2 in Supplementary
Data).

3.5. Determining an exit split percentage

To complement the previous pavement variables, one new variable is
included in the crossroads model, termed as the south exit percentage.
This variable is specifically included to help simulate the movement of
agents at the crossroads in terms of their exit direction. The south exit
percentage is used to vary the number of agents exiting in each
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direction, to understand the implications of all agents travelling in the
same direction alongside agents travelling in two directions, hence
increasing the need to give way. The variable can be altered between 0%
and 100% exiting in the south direction. The chosen percentage is then
used to allocate agent’s directions when they reach the centre of the
crossroads (marked as blue). The agent’s will be assigned a random
number on entry into the centre area (between 1 and 100), if this
number is lower than the south exit percentage then the agent will exit
to the south and if greater than or equal to, to the east. This also ensures
that the number of agents is approximately equivalent to the percentage
exit split, with variation caused by the distribution of the random
numbers and the initial agent placement (i.e. the agents have already
passed the central zone).

An example of ten agents on a crossroads has been set out in Fig. 3 in
the Supplementary Data to demonstrate the use of the new variables,
this shows five slower agents (children) interacting with five faster male
adult agents, all agents have been assigned a number to make it easier to
follow their paths. When agents reach the centre of the crossroads
(marked as blue), their exit direction is assigned at random. Initially, all
agents can move forward in their desired directions and speeds apart
from agent 10, who has a blocked path, as described previously this
begins the patience level countdown for this agent (Fig. 3(b)). In the next
time step, the path of agent 7 is also blocked, agent 10’s patience reaches
zero, however there is no available space to move to so the agent must
give way (Fig. 3(c)). When additional agents reach the centre of the
crossroads, it creates additional congestion, and the agents must give
way to each other (Fig. 3(d)). The agents continue along their desired
paths, giving way to each other in the crossroads and overtaking when
necessary to avoid slower agents (Fig. 3(e-k)) until reaching the exit
location.

4. Methodology
4.1. Pavement model setup

The representation of the pavement is shown by patches of grass and
grey patches marked with lines to delineate the pavement surface and
different lanes (Fig. 4 in Supplementary Data), which was interpreted
from existing Netlogo models available in the model library on traffic
intersections (Wilensky, 1997; Wilensky & Payette, 1998). Population
density can be varied by the user and in these simulations densities of
0.1, 0.3, 0.5, 0.7 and 0.9 (equivalent to 10%, 30%, 50%, 70% and 90%)
are used to vary the “business” of the street environment. This resulted
in differing numbers of agents in each simulation, for comparison see
Table 1 in Supplementary Data. The population density is assigned
based on the number of available road patches in the model and the
user’s defined population density value, effectively it is the number of
occupied road cells divided by the total number of cells. Population
density is set initially by the user and then changes over time as agents
exit the model. The pavement is setup with an overall length of 1 km, as
discussed in the Environment Characteristics section. An exit (safety) is
marked by a line of red patches at the end of the 1 km stretch, once all
agents have crossed into safety the simulation ends and the travel time of
the different agent types placed on home squares are calculated.

4.2. Crossroads model setup

The crossroads ABM is similar to the pavement model, in that it is
effectively two pavement models crossing at 90° to each other and is
used to investigate the interactions of individuals when using a cross-
roads, specifically agents walking in two directions with the ability to
overtake slower agents (Fig. 5 in Supplementary Data). The only major
difference is the crossroads is a maximum length of 500 m rather than 1
km and the introduction of a new variable to determine the exit direc-
tion of each agent. An exit (safety) is marked by a line of red patches at
the end of the East and South arms of the junction, again once all agents
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cross either of these safety zones the simulation ends, and the travel time
of the different agent types placed on home squares are calculated.
Population density can also be varied by the user and in these simula-
tions densities of 0.1, 0.3, 0.5, 0.7 and 0.9 (equivalent to 10%, 30%,
50%, 70% and 90%) are used to vary the “business” of the street envi-
ronment. This resulted in differing numbers of agents in each simulation,
for comparison see Table 2 in Supplementary Data. An agent thought
process (Fig. 6 in Supplementary Data) in the model environment has
been detailed to aid the understanding of the agent’s decisions during
the simulation process, this is applicable in either the pavement or
crossroad environment.

4.3. Initial model checks

It is important with any model that an attempt is made to calibrate,
validate, and verify the anticipated results (Ngo & See, 2011; d’Aquino,
et al., 2001). An initial calibration check was completed for each model
to ensure that the travel times produced were realistic estimates and
were not less than the minimum possible exit time of the model. Neither
the pavement nor the crossroads were based on a specific real-life
example; hence it was not possible to calibrate the model using real-
life data. A visual check was also undertaken to confirm that agents
were passing each other as anticipated. Several observations can be
carried out, such as, (1) are agents travelling within their lanes left to
right, (2) are agents capable of switching to alternate lanes, and (3) once
an agent has switched lane are, they correctly placed in a lane. Obser-
vations can also be carried out to examine alternative behaviours only
seen at the crossroads, (1) are agents able to give way to each other at
the junction, (2) does congestion occur around the crossroads when
agent numbers increase, (3) are agents capable of choosing alternative
lanes to avoid congestion.

4.4. Microscale model testing

After the validation model checks were completed, a series of tests
were then undertaken to understand which variables primarily affected
the travel times. The aim of this paper was to explore the impact on
travel time of altering certain variables in the pavement and crossroad
model environment (Table 3).

4.5. Number of simulations

To understand the variability in the pavement results, each set of
variables and the varied walking speed scenario will have 100 realisa-
tions, resulting in 9000 sets of travel times, which can then be averaged
for comparison purposes (Table 4 in Supplementary Data). In terms of
the crossroads, again each set of variables had 100 realisations, which

Table 3
Proposed Testing Schedule.

No.  Variable(s) Tested Research Questions
1 No of Lanes - Does the width of the pavement/crossroads
(number of lanes) influence the travel time of
agents?
2 Population Density - Does the population density influence the
travel time of agents?
3 Patience Level (Pavement - Does a varied patience level influence the
only) overtaking occurring and effect overall travel
time for agents?
4 Exit Split (Crossroads - Does varying the exit split influence the
only) number of agent interactions and effect
overall travel time?
5 Comparison to the 1.34 - Are there any travel time differences between

a calculated model based on variables from
current agent-based models of human
behaviour and these models caused by the
introduction of additional variables?

m/s (3mph) Model
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results in 7500 sets of travel times per number of lanes in the north-south
direction (3, 4 and 5), resulting in 22,500 simulations in total that can
then be averaged for comparison purposes (Table 5 in Supplementary
Data).

5. Model results & discussion
5.1. Test 1 — Effect of width

In this section, the effect of the pavement and crossroad width is
explored, it has been demonstrated that a range of widths can be
anticipated in any city and depending on the scenario any pavement can
be split into several lanes. In this test, only configurations of three to five
lanes were considered, but it is anticipated that pavements may form as
many as ten lanes during stress situations such as evacuations.

In Fig. 7, the average travel times for the pavement simulations with
varied walking speeds is presented by population type and the number
of lanes. In Fig. 8, the average travel times for the crossroad simulations
with varied walking speeds is presented by population type and the
crossroad configuration. This shows that in both cases there is variation
between the population types, which was expected as it has been pre-
viously demonstrated that the introduction of varied walking speeds
results in different travel times for the population types (Barnes, et al.,
2021). However, there is little variation between the number of lanes
within each individual population type, for example on the pavement,
the three values for varying lane configuration for children have a
standard deviation of only 0.01 min and three male adults’ times have
the largest variation at 0.14 min. In terms of the crossroads the standard
deviation ranges from 0.23 to 0.42 min (calculated from nine average
values) across all the population types. Hence, it can be argued that the
width of the pavement or the crossroads has no significant impact on
overall travel time and therefore the introduction of congestion into a
microscale pavement model, other than its ability to create space to
allow overtaking and giving way interactions to occur in.

5.2. Test 2 — Effect of population density

Two plots have been compiled to show population density by pop-
ulation type for the 9000 pavement simulations (Fig. 9) and for the
22,500 crossroad simulations (Fig. 10), when including varied walking
speeds and altered variables. These show that in general as population
density increases the average travel time also increases, from an average
of 18.43 min to 21.16 min on the pavement and from 8.34 min to 13.26
min on the crossroads.

Another trend is that the travel times for population types are less
varied as the population density increases, i.e. the travel times converge.

A ® Children
E 14 ¢ ® Male Adults
E 13 ®Female Adults
b b4 ° ®Male OAPs
E 129 J ®Female OAPs
En ; e °
W )
E ®
g 10 ) °
=
o 9 L °
F °
£ °
s 8 ° o °
2
< 4
0 20 40 60 80 100 120

Exit Split Percentage

Fig. 7. Average Travel Times for each population type when considering the
width of the pavement between three and five lanes, for each population type:
mean (standard deviation), children:20.95 min (0.01 min), male adults: 17.10
min (0.14 min), female adults: 17.95 min (0.09 min), male OAPs: 21.34 min
(0.00 min) and female OAPs: 21.87 min (0.00 min).
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Fig. 8. Average Travel Times for each population type when considering the
crossroad configuration between three and five lanes in each direction, for each
population type: mean (standard deviation), children:11.10 min (0.24 min),
male adults: 8.70 min (0.23 min), female adults: 9.93 min (0.42 min), male
OAPs: 11.72 min (0.39 min) and female OAPs: 10.87 min (0.23 min).

For example, on the pavement, the standard deviations of the five
averaged values at 0.1 population density is 4.00 min and at 0.9 it is
0.65 min. This is also seen on the crossroads where the standard de-
viations at 0.1 population density is 2.06 min and at 0.9 it is 0.69 min
(calculated from five averaged values). It can also be seen on the
pavement and crossroads that the travel times for the slow agents
(children and OAPs) only make small changes with population density
compared with the faster adults, demonstrating that the adult popula-
tion is more greatly affected by the introduction of congestion than the
slower agent types. On the pavement children and OAPs have standard
deviations ranging from 0.04 to 0.25 min for the five average values,
whereas adult types have standard deviation ranging from 2.18 to 2.89
min. On the crossroads, this is also reflected as the standard deviation
ranges (calculated from five averaged values) from 1.41 to 1.70 min for
children and OAPs compared with 2.65 — 2.70 min for adults. One point
of interest in the crossroad simulation is the effect of the static “home”
square positioning, in that the female OAPs have lower travel times than
the male OAPs despite the male OAP agents having the faster walking
speed. This is a result of the male OAPs having a slightly increased
distance to travel from their “home” square compared with their female
counterpart.

It was anticipated that travel times would increase with population
density as the agents experience more congestion and opportunities to
give-way as density increases. It would also be expected that the travel
times would increase by population type with times reducing in variance
as population density increases as the faster agents (adults) are impeded
by the slower population types, but all agents are affected by the greater
need to give-way. It can therefore be argued that the inclusion of pop-
ulation density is a requirement if a microscale crossroad model is to
robustly vary the “business” of a street environment within a model.

5.3. Test 3 — Effect of patience level (pavement only)

An additional plot has been completed to show the patience level by
population type for the simulations of varied walking speed and
different variables in the pavement model (Fig. 11). This shows that the
patience level has had little impact on the slower agent types (children
and OAPs), the standard deviation ranges from 0.00 to 0.05 min for five
averaged values. However, for the male and female adults there has been
an increase in travel time with increased patience level, for the male
adults from 16.32 min to 18.19 min and for the female adults from
17.24 min to 18.85 min. This suggests that the higher patience level is
causing a reduced amount of overtaking in the model and hence the
faster agent types are remaining behind slower agents for longer,
resulting in the increased travel times. It therefore seems necessary to
include factors similar to patience level within a microscale pavement
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Fig. 9. Average Travel Times for each population type when considering population density between 0.1 and 0.9, for each population type: mean (standard de-
viation), children:20.95 min (0.25 min), male adults: 17.10 min (2.89 min), female adults:17.95 min (2.18 min), male OAPs: 21.34 min (0.10 min) and female OAPs:

21.87 min (0.04 min).
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Fig. 10. Average Travel Times for each population type when considering population density between 0.1 and 0.9, for each population type: mean (standard de-
viation), children:11.10 min (1.68 min), male adults: 8.70 min (2.65 min), female adults:9.93 min (2.70 min), male OAPs: 11.72 min (1.70 min) and female OAPs:

10.87 min (1.41 min).

model if a robust representation of congestion is required.

A further plot was compiled to consider the patience level and
population density within the microscale pavement model (Fig. 12).
This shows that as population density increases, travel time increases
and that the largest travel time is attributed to the highest patience level
each time. As before when population density increases, the travel time
variance decreases, and the values converge to a similar value. This
indicates that both patience level and population density are having an
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impact on the model and should therefore both be considered for in-
clusion when a model needs to factor in congestion and capacity.

5.4. Test 4 — Effect of exit split (crossroads only)

An additional plot has been completed to show the exit split per-
centage by population type for the 2250 simulations of varied walking
speed and different variables (Fig. 13). For this paper, five different exit
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Fig. 13. Average Travel Times for each population type when considering exit
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splits have been tested to understand the implications of exit direction
on overall travel time: (1) 0% east, 100% south, (2) 25% east, 75%
south, (3) 50% east, 50% south, (4) 75% east, 25% south and (5) 100%
east, 0% south.

This shows that as the exit split percentage increases, which means
more agents are travelling south than east, the overall travel time de-
creases for each population type. For the slower agent types (children
and OAPs) as exit split percentage increases the travel times converge,
this is likely to be a result of an increased number of agents exiting in the
same direction with a percentage increase, so there is less demand on
overtaking and giving way to each other. Male and female adults have
the fastest walking speeds within the model, their travel times are al-
ways the fastest but decrease with an increase in exit split percentage. It
is anticipated that this is again a result of the reduced demanded to cross
paths with other agents as more agents are travelling in the same di-
rection in the first instance. The use of this variable has allowed the
inclusion of varied exit pathways, which in this model are assigned at
random. However, this may not always be the case so by including the
exit split percentage, it has been possible to consider that all agents may
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exit in the same direction, which may be a necessity, for example, in an
evacuation scenario a certain exit may be blocked with debris and the
crowd must exit through one exit only. It therefore seems necessary to
include exit split percentage within a microscale crossroads model if a
robust representation of congestion and capacity is required.

A further plot was compiled to consider the exit split percentage and
population density within the microscale crossroad model (Fig. 14). This
shows that as population density increases, travel time increases and
that the largest travel time is attributed to the lowest exit split per-
centage each time. The slowest time is attributed to the lowest exit split
percentage as this value causes an increase in agent interactions with all
agents exiting to the east, which results in additional need to give way at
the crossroads. It was also seen that when the population density in-
creases, the travel time variance also increases. This is likely to be
caused by the fact that at low population densities there were fewer
agent interactions, meaning the agent’s exit pathways were clear, so
their travel time was not impeded. However, as the population density
increases, there were greater numbers of interactions caused and more
overtaking was required, or if this was not possible, reductions in speed
to the slowest agents, and this was heavily influenced by the exit split
percentage. When exit split percentage was at 0%, so all agents need to
exit east, there were greater numbers of interactions than at 100% when
all agents exit south. This indicates that both exit split percentage and
population density were having an impact on the model and should
therefore both be considered for inclusion when a crossroad model
needs to factor in congestion and capacity.

5.5. Test 5 — Comparison to 1.34 m/s (3mph) agent-based models

There is a need to understand if these microscale models of a pave-
ment and crossroads differ from a calculated model with walking speeds
of only 1.34 m/s (3mph) with no additional variables included. The
calculated travel times for the 1.34 m/s (3mph) pavement model were
an average of 12.26 min and for the crossroads an average of 5.86 min.
These calculated travel times were compared with the travel times
produced through the 9000 pavement and 22,500 crossroad simulations
with additional variables, allowing a time difference to be estimated. It
has been shown in both microscale models that for all population types,
there is a travel time difference between the calculated 1.34 m/s (3mph)
model and the simulated values (Fig. 15) and (Fig. 16).

In the case of the pavement, when population density and patience
level are also considered, the male and female adults are severely
impacted in terms of travel time, although the slower population types
(children and OAPs) are not. The slower population types are not
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significantly impacted by the population density and patience level as
they form the slowest agents therefore have less need to overtake but
serve the important purpose of causing congestion for the adult popu-
lation. Initially, if population density is kept low (0.1) but patience level
is high (100), the male adults travel time increases by 17% and female
adults 30%. When population density is increased (0.9) and patience is
decreased (1), the impact to travel time is further increased to 64% and
65% respectively. Finally, in a worst-case scenario with high population
density (0.9) and high patience level (100), the percentage difference in
travel times increases to 70% and 72% respectively.

In the case of the crossroads, when population density and south exit
percentage are also considered, there are several conclusions which can
be made. When the population density is low (0.1), none of the popu-
lation types are significantly impacted and have a similar time difference
to that of applying varied walking speed only regardless of the south exit
percentage. This is a result of the reduction in the number of interactions
occurring as the starting agents on their static “home” squares have an
unhindered journey to their exit. However, when population density is
high, the south exit percentage plays a key role in governing the number
of interactions that occur. All agent types are most severely hindered in
their journey when the south exit percentage is low (0%), i.e. all agents
are exiting to the east, the percentage time difference ranges from 210%
— 234%. This means that the five agents from their static “home”
squares will have to make a change of direction and will therefore but
subject to the possibility of many opportunities to give way and over-
take. This results in a significant time difference with the 1.34 m/s
(3mph) calculated model. When the south exit percentage is high
(100%), e.g. all agents are exiting south, there are far fewer interactions
for the five static “home” square agents and there is no change in di-
rection required. In this instance the time difference percentage ranges
from 73% — 81%. Demonstrating that these agents, in particular the
male and female adults, are primarily affected by the population density
and therefore the increased likelihood of congestion. When the south
exit split is 50:50, i.e. an equal number of agents will exit in each di-
rection, the time difference percentage ranges from 98% — 129%
compared to the 1.34 m/s (3mph) calculated model. This highlights that
there are more interactions and congestion occurring than when all
agents exit south. It is plausible in any evacuation scenario that any of
these exit splits could occur, either due to a blockage in one direction or
the need to evenly split a crowd through two exits.

By comparing the simulations with a calculated standardised model,
it highlights that additional variables such as varied walking speed,
patience level and exit split percentage can have an impact on travel
times. Visual inspection showed in these simulations that overtaking and
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Fig. 14. Average Travel Times based on Population Density between 0.1 and 0.9 and Exit Split Percentage between 0 and 100, for each patience level: mean
(standard deviation),0: 12.50 min (3.93 min), 25: 11.13 min (2.85 min), 50: 9.90 min (1.71 min), 75: 9.28 min (0.95 min) and 100: 9.44 min (0.68 min).
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Fig. 15. Comparison to 1.34 m/s (3mph) Calculated Model and Simulated Agent-Based Model Values, initially showing the impact of varied walking speeds by

population types combined with population density and patience levels.
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Fig. 16. Comparison to 1.34 m/s (3mph) Calculated Model and Simulated Agent-Based Model Values, initially showing the impact of varied walking speeds by
population types combined with population density and south exit percentage.

giving way was occurring between agents and in the future microscale
models should look to include similar variables to enhance the repre-
sentation of human behaviour traits in pedestrian simulations, with the
aim of incorporating giving way and overtaking.

5.6. Testing discussion

The microscale model based on a pavement, has shown that the
introduction of a range of variables (population density, number of lanes
and patience level) improves the robustness of a computational simu-
lation of a pavement environment. The simulation incorporates agents
overtaking and giving way to each other, which can be observed in any
real-life pavement and should be incorporated into computational sim-
ulations of them. The variables need to be capable of altering the di-
mensions of the pavement, incorporating a range of population
densities, and including a patience level or similar to replicate the desire
to overtake slower individuals when walking on a pavement, in order to
produce an improved representation. When compared to a calculated
1.34 m/s (3mph) simulation of a pavement, it has been shown that there
are large time differences when compared to this simulation of a pave-
ment. The average time difference ranged from 40% to 78%, with a
worst-case time difference increasing to a range of 71% — 78% (Table 4),
this demonstrates that some existing simulations of pavements may be
producing misleading travel time estimates and failing to include a
range of robust and realistic behaviours to simulate overtaking and
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giving way.

The microscale model of a pedestrian crossroads has shown that
there is an additional variable that needs to be incorporated to produce
an improved simulation. This is an exit split percentage, which can
control the exit directions of the agents, which helps to alter the number
of agent interactions occurring. These interactions need to be included
alongside the pavement variables to produce a more robust represen-
tation of human behaviour traits. When compared to a calculated 1.34

Table 6

Comparison of the Average and Worst-Case Results produced from Tests on the
Microscale Pavement and Crossroads Model based on the addition of population
characteristics, varied walking speeds, number of lanes, population density,
patience level and exit split percentage (crossroads only) when compared to a
calculated model using standardised speeds of 1.34 m/s (3mph).

Pavement Crossroads
Average Worst-Case Average Worst-Case
Difference Difference Difference Difference
Children 70% 75% 96% 219%
Male 40% 71% 63% 229%
Adults
Female 47% 73% 78% 305%
Adults
Male OAPs  73% 75% 102% 268%
Female 78% 78% 98% 230%
OAPs
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m/s (3mph) simulation of a crossroads, it has been demonstrated that
there are again large time differences. The average time difference
ranged from 63% — 102%, whilst the worst-case time difference
increased to a range of 219% — 305% (Table 6), this highlights that
some existing models of pedestrian crossroads are likely to be simulating
misleading travel times as they are incapable of producing human be-
haviours that feature agents overtaking and giving way to each other ata
junction.

6. Conclusion

This paper has developed two microscale agent-based models (one of
a pavement, the other a crossroads) to assess the impact of including
additional agent (individual) characteristics on travel time and whether
the characteristics result in a more robust representation of human in-
teractions in a street model environment. This study has created two
generic representations of a pavement and crossroads in an agent-based
environment, with the inclusion of several variables to represent human
behaviour traits. The model included: (1) five different population types
(children, male adults, female adults, male OAPs, and female OAPs), (2)
varied walking speeds by age and sex, (3) varied pavement or crossroad
dimensions, (4) a patience level and for the crossroads only (5) a south
exit percentage.

For the pavement, it has been established that there are large time
differences due to the introduction of these agent characteristics when
compared to simpler calculated simulations which focus on standardised
speeds. The average travel time increased by approximately 40 — 78%,
however in the worst-case, for example when there was high population
density and high patience levels, travel times further increased. The
range of travel times also converged as the fastest agent types were
hindered by the congestion in the model. This improved pavement
simulation demonstrated that some of the current simulations of pave-
ments may be producing misrepresentative travel times estimates and
failing to include the rulesets to robustly simulate giving way, over-
taking, capacity and congestion in a pavement environment.

Secondly, the simulation of a crossroads has shown that again there
were large travel time differences when compared to simpler calculated
junction simulations featuring standardised speeds of 1.34 m/s (3mph).
The average time difference ranged from 63% — 102% and in the worst-
case with high population density and therefore a large number of agent
interactions, the travel time increased further due to the congestion
created by the model and the necessity for agents to wait for an
appropriate gap to exit. This highlights that some current models of
pedestrian junctions are likely to be simulating ambiguous travel times
and are unable to produce robust human characteristics to demonstrate
pedestrian interactions such as overtaking and giving way. Hence, when
simplified evacuation simulations of pedestrian environments are used
by emergency planners to estimate travel time without effective human
behaviour representation, it is plausible that times will be under-
estimated. Therefore, it is possible that communities will not be able to
reach a place of safety in the allotted time, which has the potential to
cause additional injuries and fatalities by underestimating the time to
evacuate pavements and junctions, which can be numerous in city scale
evacuations.

These microscale models have focused on the representation of
intricate human behaviours in a street and junction model environment.
It can be argued that microscale pedestrian simulations need to address
the inclusion of intricate behaviour traits such as giving way and over-
taking, and this paper has provided one way in which this may be
achieved. However, these models are not flawless and can be further
improved. During the simulations visual observations allowed the user
to see overtaking and giving way occurring but this could not be vali-
dated against real-life data as the models created were generic repre-
sentations of a street and junction environment. One way of tackling this
could be utilising CCTV data of street environments throughout the day,
where giving way and overtaking is anticipated to occur. Patience levels
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of individuals could then be tracked, and a more realistic estimate of
how long agents will wait behind one another made. The walking speed
values assigned could also be validated and tailored to specific locations
or population demographics if necessary.

Effective computational simulation has the ability to aid emergency
management professionals as numerous simulations can be completed
without the large financial and resource costs of real-life simulation and
without causing harm to participants to facilitate multiple outcomes.
Simulations such as the ones created in this paper could significantly
influence emergency professional’s planning particularly of city evacu-
ations due to the potentially large differences in travel times estimated,
and also by providing the link between microscale simulation of
confined spaces (e.g. buildings) and macroscale city evacuations. In the
future, the incorporation of these models at the two differing scales
(macro and microscale) should be considered to produce an effective
tool for emergency planners. However, the issue of scalability, i.e.
transferring between a macro and microscale simulation is large and
complex. Scalability has not been successfully resolved within agent-
based models to date and is a widely acknowledge issue. In an ideal-
ised scenario, a planner would be able to simulate a city-scale evacua-
tion, which could highlight “pinch” points in the pedestrian
environment, microscale models like the ones in this paper could then be
utilised to alleviate congestion and consider how agents can effectively
interact with each other. However, Netlogo has reached its limitations in
these simulations due to its grid-based system, which does not create
true free movement for agents. It is reasoned that the inclusion of free
movement is necessary to incorporate models at differing scales to
produce one hybrid model.

In the future, agent-based simulations of pavements and crossroads
need to continue improving the representation of human behaviour, else
run the risk of representing only male able-bodied adults within simu-
lations. This begins with the introduction of the variables such as those
suggested in this study: varied walking speeds, population density,
patience level and an exit split percentage for crossroads. In addition,
further traits should be pursued to continue the improvement of the
model environment as well as the introduction of real-life data to ensure
the models are truly representative. Furthermore, to increase the
robustness of the macro and microscale models, a hybrid model envi-
ronment incorporating all the rulesets should be established to link up
the modelling of a single confined space with a larger scale city evacu-
ation model.
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