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Abstract

Crowd simulations can provide meaningful insights about crowd movement and flow in arbitrary

environments, which is useful for predictive planning and analysis. High fidelity agents and

simulations are important factors in the quality of the analysis and their validity. Historically,

agents in crowd simulations have been largely homogeneous in terms of physical and behavioural

properties. However, this homogenous structure does not accurately reflect crowds seen in the

real world, which are largely heterogeneous in a wide variety of aspects including behaviours. In

particular, distracted behaviour in crowds has been largely ignored in crowd simulations to date.

The use of cellular phones has become one of the most commonly observed distracted behaviour

in real world urban crowds. This thesis presents a first step towards modelling this important

phenomenon in crowd simulations. The models proposed include a fuzzy goal model for modelling

lateral deviation from a straight path reported in distraction literature, and a visual attention and

reaction model representing the field of view for distracted and undistracted pedestrians which

controls probabilistically when agents stop being distracted and pay attention. Steering parameters

are determined by extracting values from real-world distraction studies and thus reflect ground

truth. Experiments conducted show that even a few distracted pedestrians exhibiting a handful

of distracted activities have a significant impact on several crowd statistics including flow rate,

effort, and kinetic energy. Each parameter in this highly parameterizable model is shown to have a

significant impact on the resulting simulation and can thus be used to create a variety of resulting

crowd simulations.
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Chapter 1

Introduction

One of the most valuable tools for understanding how people move through a space is crowd

simulation. Urban design and evacuation planning benefits from being able to test a design and

iterate on it, making modifications and improvements. However, it is often infeasible to validate

an environment with a real-world crowd due to costs and safety concerns. By employing crowd

simulation techniques, we can mitigate these concerns by testing the environment virtually with

simulated crowds.

Various crowd simulation algorithms are used to calculate the movement of virtual agents

representing people through a virtual environment. These algorithms take as input initial conditions

of the agents, their respective goals, properties of the environment and other parameters in order to

calculate agent paths. First, a global path from the agent to the goal is calculated and subsequently

divided into multiple sub-goals at every point where the agent should change direction. Then

the agent performs local steering to navigate to each sub-goal in turn while performing collision

avoidance maneuvers if any other agents or obstacles come into its path. The agent may also be

animated as it makes its way toward the goal.

This process is split up into a hierarchy which includes action selection, path planning and

steering, and locomotion. This thesis will focus on specific aspects of agent behavior and how

steering is affected. Much previous work has been done on agent behavior which will be further

discussed in the next chapter. This includes personality and emotion models, psychology, cultural

diversity as well as group behaviors and interactions, all of which have been shown to have a

strong impact on the overall simulated crowd flow [74, 11, 16, 2, 69, 48]. Even non-normative gaits
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modelling aspects of medical disabilities can significantly change various measures of simulated

crowds [18]. These and other works highlight the importance of heterogeneity and diversity in

crowd simulation. However, certain aspects of attention, distraction, and gaze modelling have been

ignored or neglected in the literature. In particular, one key aspect of modern pedestrian behavior

has remained largely overlooked thus far.

In major cities including Toronto, the increasingly common use of cellphones by pedestrians in

crowded urban environments have become a topic of great concern. It was reported that in Toronto

in 2008, 598 of 4522 total pedestrian injuries were directly related to distracted pedestrians. The

Ontario Provicial Police subsequently responded with the launch of the ”Heads Up” pedestrian

safety awareness campaign [41].

Research on cellphone distraction and its impact on crowds can be used to help inform safety and

urban design planning. When a pedestrian looks down at their cellphone, their visual field becomes

skewed towards the ground, resulting in a reduction in visual information about their environment.

Additionally, the cognitive load of the distraction causes them to miss even information that is

within their visual field, resulting in a sort of artificial shrinking of the visual field. Thus they don’t

make as many avoidance behaviors, or are forced to make an abrupt avoidance maneuver at the last

second. Spatiotemporal parameters of their gait, such as gait speed and step width, also change.

This can have a compounded impact on the overall crowd.

In addition to urban design, modelling distracted pedestrians can improve animations for film

and video games, improving realism and fidelity. The following are key contributions that this work

has provided:

• An extensive review of real world distraction literature, in which the provided steering model

parameters are grounded.

• Modelling of state interactions between agents and their cellphones through the dual use of

parametric and interactive event-driven behaviour trees.

• Modelling of lateral deviation from a straight path, as identified in distraction studies, through

the use of a parameterizable ellipsoid fuzzy goal model.

• Modelling visual attention by convolving two Gaussians in polar coordinates, which are then

used in the steering and attention refocusing models.
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• Modelling refocusing attention based on three intrinsic and extrinsic parameters used to

perform Bernoulli trials conditioned on the visual attention model.

Portions of this document have been accepted for publication in [34]. This publication includes

content from Sections 2.1, 2.2, 3.1, 4.1, and 4.2, and Chapter 5. Concepts explained in Chapters 4,

5, and 6 were jointly developed between the authors Melissa Kremer, Dr. Brandon Haworth, Dr.

Mubbasir Kapadia, and Dr. Petros Faloutsos.

Chapter 1 is an introduction to the subject matter, emphasizing the importance heterogeneity in

crowd simulations and its role in producing high fidelity simulations that reflect real-world crowds.

The discrepancy between the lack of cellphone distracted pedestrians in crowd simulation research

and the increasing safety concerns regarding cellphone distracted pedestrians in major cities is

discussed. The presented objectives and contributions of this work are a first step towards addressing

this gap in knowledge.

Chapter 2 covers the theoretical background of crowd simulation, behaviour and attention

modelling. It emphasizes the lack of cellphone distraction modelling in crowd simulation literature,

and discusses how this work differs from previously created models.

Chapter 3 discusses literature pertaining to real-world distraction studies. Theoretical concepts

such as dual task cost and cognitive loads are discussed. Various observed phenomena including

inattentional blindness and cognitive tunnelling are examined. Finally, this chapter includes a

literature review in the form of a table detailing values reported in the literature for spatiotemporal

gait parameters pertaining to distracted pedestrians.

Chapter 4 explains various aspects of the proposed distraction model. These include a fuzzy goal

model based on the real-world observed phenomena of lateral deviation, a visual attention model

for distracted agents, and a refocusing model that determines when agents stop being distracted

and look up. Additionally, the distraction types included in the experiments with their respective

steering parameters are discussed. A crowd authoring tool for generating crowds with distracted

agents is also examined.

Chapter 5 examines a set of preliminary experiments that did not include a visual attention

model. The experiment design and results are presented and key findings are discussed. The results

show the impact of including distracted pedestrians on several crowd flow statistics.

Chapter 6 presents experiments conducted with a visual attention model as an extension to the

3



preliminary experiments. Results demonstrate the various settable distraction parameters and their

impact on crowd measures. Key highlights are discussed.

Chapter 7 is the conclusion and summarizes the key points of this work. Possible future work is

discussed.
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Chapter 2

Related work

Related work for this project includes research in crowd and behaviour modelling, as well as studies

on the impact of distraction on individual and crowd behaviours and navigation. Literature on crowd

simulation and behaviour modelling in general, as well as gaze and attention modelling specifically

has been consulted.

2.1 Crowd Simulation

Over the last few decades, many approaches and techniques have been developed for simulating

crowds. It began primarily with Boids [56], an early model that used simple rules to simulate agent

navigation and collision avoidance while also being able to maintain flock cohesion behaviour. Force-

based models like Social Forces [19] use attractive and repulsive forces to enforce comfortable

distances between agents and between agents and obstacles while navigating towards a goal.

Anticipatory and synthetic vision based models have also been developed [45, 46, 67, 5], as well

as hybrid models [60]. Predictive force-based models were developed as extensions to traditional

force-based models. These include the Predictive Avoidance Model (PAM) [30], which in addition

to using attractive and repulsive forces to guide agents also uses current trajectories to predict

collision-free trajectories for a future time window. PAM is capable of emergent behaviour such

as lane formation. Another study improved the flexibility of predictions and the number of factors

taken into account by using a probabilistic model [68]. Many other approaches and derivatives of

these methods are discussed in the literature, of which a survey has been collected in [29] and in
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[63].

2.2 Behaviour Modelling

Incorporating behaviour models into crowd simulations have increased fidelity and accuracy. Cog-

nitive models allow for high-level agent behaviour by using low-level controllers [14]. Decision

networks can model interactions between agents with different personalities with corresponding

animations [72]. Personality models have also been implemented into crowd simulations and

studied for their impact on overall crowd characteristics [12]. Realistic crowd behaviours can also

be learned with data-driven methods using real-world crowd data [37, 27]. Many other behaviour

models beyond these have been proposed for crowd simulations.

2.3 Gaze and Attention Modelling

Gaze behaviour has been modelled to improve realism in crowd simulations, and is an important

consideration for modelling attention and distraction. Some steering algorithms model simplistically

model visual field without explicit gaze modelling [35, 50]. Another approach is to use a set of rules

to allow agents to shift focus or attention based on external stimuli from the environment [20, 32].

Environment saliency maps have also been used to direct agents’ gaze toward the most salient,

or most noticeable, object in the field of view [24]. Simulations of face-to-face conversations

have incorporated gaze modelling to produce more believable personal interactions [4]. Gaze

behaviour has also been implemented to some extent in crowds, or in interactive environments with

real users [33, 42]. However, implementations involving distractions in general, and in particular

cellphone distractions, have not been investigated to the best of my knowledge in crowd simulations.
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Chapter 3

Effects of Distraction in Pedestrian

Movement

3.1 Distraction Tasks and Task Costs

It has been shown that performing a secondary task while walking affects gait. Much of the

processes involved in walking are subconscious and yet when people attempt to multitask while

walking their gait becomes inefficient. Walking and navigating an environment is a complex activity

that requires our full attention. When we multitask while walking, our attention is split between the

task of walking and the secondary task. We can think of the secondary task in terms of task cost, or

how much attention we need to divert away from the primary walking task in order to perform this

task in parallel.

In one theory, secondary activities can be visual, motor, or cognitive in nature, or a combination

of these. A study found that the type of distracting activity is directly related to the task cost,

with cognitive tasks often being the most distracting, followed by motor and then visual [65].

Another study found that gait is affected by cognitive and visual demand of a secondary task

involving a cellphone but not affected by gross motor tasks, although no conclusions were drawn

about fine motor tasks such as typing and tapping movements of the fingers [54]. Difficulty of

the secondary task and its effect on gait has also been examined. Talking on the phone while

driving was investigated in [47] which showed that complex conversations had a bigger impact on

distraction and reaction time than simple ones. One study found that more difficult secondary tasks
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had a bigger impact on the gaits of older adults in particular, especially when maneuvering around

obstacles [53]. Still more research may be required to fully understand the effect of task cost and

task difficulty on gait.

3.2 Inattentional Blindness and Cognitive Tunnelling

Several studies have examined inattentional blindness and cognitive tunnelling. An early study [43]

involved participants that were asked to watch a clip of basketball players passing a ball, with one

team in a white uniform and one team in a black uniform. Participants were asked to watch either

the white team or the black team and count the number of passes they made. In the middle of the

clip, either a gorilla or a woman with an open umbrella walked across the screen. At the end of the

study, the participants were asked if they noticed anything odd, and then they were asked directly if

they saw the gorilla or the woman if they didn’t volunteer the information in the general question.

However, in this study the videos used superimposed images of the basketball players. Later, the

study was replicated with a more standard modern video clip without superimposing [58]. However,

only 44% of participants reported noticing the unusual occurence.

Some studies have looked specifically at inattentional blindness while using a mobile device. In

one such study [21], a clown was unicycling in front of a landmark in a busy campus area. Students

exiting the area were stopped and asked if they had seen anything unusual, and if they said they

hadn’t they were asked directly if they saw the clown. Only 25% of cellphone users reported seeing

the clown, as opposed to 51% of single people not using cellphones, 61% of people listening to

music, and 71% of people walking in pairs. Additionally, even when the clown was not present,

observed cellphone users had many more instances of changing directions, performing weaving

movements, or stopping, as well as significantly higher collision or near-collision incidents. In

a following study [22], cellphone users took longer to avoid a signpost on a path and were less

likely to report that they had avoided it or remember what was written on the sign. They were also

less likely to notice money hanging from a tree next to the path they were walking on in a second

experiment.

In one study, participants drove either while undistracted or while talking on the phone and were

afterward asked if they recalled seeing certain objects in the scene. Half as much visual information
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was reported by distracted drivers than undistracted drivers, even though eye-tracking software was

used to confirm the driver had looked directly at the object in question. They also found that talking

hands-free while driving was just as distracted as when the phone was held [62].

3.3 Spatiotemporal Gait Literature Review

A literature review was conducted to examine how distraction affects spatiotemporal gait. The

results are collected and shown in Table 3.1, and reveals key details on the effect of distractions

on spatiotmporal gait. Changes in the velocity of distracted pedestrians seem to be in the range of

4%-42% of baseline. For step length, the range of changes seem to be within 3% to 25% of baseline.

For step width, the changes were within 1%-12% of baseline. Changes in step time ranged between

1%-19% of the baseline values. Cadence changed between 3% and 27%. Changes in the speed of

people performing different activities on a cellphone while walking were particularly important for

the development of the distraction model. Changes in double support time, the time that both feet

are on the ground while walking, was less reported but ranged between 17%-112% increases in time,

and took up 7%-23% more of the gait cycle on average. Finally, other miscellaneous information

was collected, such as how much time the average pedestrian spends on their phone, which was

used as a reference for determining distraction intervals in the proposed model.

In the context of crowd simulation, the velocity statistics are important across a wide variety of

techniques, including the proposed model. Step width, step length, step time, and cadence may be

important for some crowd simulation algorithms and may be beneficial for future work, as well as

provide an intuitive understanding of how distraction changes gait.
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Table 3.1: Summary of observations found in distraction literature.

Speed (m/s) 

Paper Walking 
(Baseline) 

Phone Use Phone 
Activity 

Sample 
Size 

Percent 
Change 

[1] 1.30 + 0.12 1.17 + 0.10 Text a 
message 
describing 
previous 
day’s 
activities 

18 young 
adults 20-30 
years 

8 males/10 
females 
 

10.0 + 3.8% 
decrease 

[73] 1.70 1.63 Unknown 148 
pedestrians 
 

50 
distracted 
pedestrians 

 
98 
undistracted 
pedestrians 

4.12% 
decrease 

[57] 1.33 + 0.15 Read: 1.16 + 
0.14 

 
Text:1.01 + 
0.17 

Read: 
walking at a 
comfortable 
pace while 
reading a 
passage on 
a mobile 
phone 
screen with 
minimal 
manual input 
other than 
scrolling 
through text 
 
Text: 
walking at a 
comfortable 
pace while 
typing the 
passage ‘the 
quick brown 
fox jumps 

26 adults 29 
+ 11 years 

7 males/19 
females 
 

Read: 12.78% 
decrease 

 
Text: 24% 
decrease 
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over the lazy 
dog’ 

[6] Bright light: 
1.19 + 0.12 

 
Dark: 1.18 
+ 0.10 

Bright/Texting:  
1.00 + 0.12 

 
Dark/Texting: 
0.88 + 0.13 

 
Bright/Gaming: 
1.05 + 0.09 

 
Dark/Gaming: 
0.94 + 0.10 

Walking with 
an obstacle 
under bright 
and dark 
lighting 
conditions 
while texting 
the Korean 
national 
anthem or 
gaming 

12 adults 
23.50 + 
4.89 years 

6 males/6 
females 
 

Bright/Texting: 
15.97 % 
decrease 

 
Dark/Texting: 
25.4 % 
decrease 

 
Bright/Gaming: 
11.76 % 
decrease 

 
Dark/Gaming: 
20.34 % 
decrease 

[24] 1.12 + 0.23 Downloading: 
0.74 + 0.21 

 
Talking: 0.65 + 
0.26 

1) Finding 
and 
downloading 
an 
Application 
(App) using 
a 
smartphone 

Or 2) 
Talking on 
the phone 

26 adults 
18-30 years 

Downloading: 
33.49% 
decrease 

 
Talking: 
41.69% 
decrease 

[48] 1.13 + 0.03 1.04 + 0.04 Text 
answers to 
math 
problems 
using words, 
not numbers 

E.g. six 
rather than 6 
 

12 adults  
7 males/5 
females  
28-53 years 
 

7.96% 
decrease 

[50] 0.90 + 0.10 0.78 + 0.12 Texting - 
subjects 
read and 
replied to a 

18 young 
adults 25 + 
3 years 

7 males/11 
females 

13.33% 
decrease 

11



standard 
email.  

[70] 1.13 ± 0.17 Texting: 0.95 
±0.18 

 
Texting and 
listening to 
music: 0.91 + 
0.17 

Texting or 
texting while 
listening to 
music 

35 young 
adults  
17 males/18 
females 
22.09 + 
1.63 yrs 
 

Texting: 
15.93% 
decrease 

 
Texting while 
listening to 
music: 
19.47% 
decrease 

[38] 0.78 + 0.1 Texting: 0.61 + 
0.1 
 

Answering 
math 
problems: 0.63 
+ 0.1 

Texting or 
answering 
cognitive 
math 
problems 
without a 
phone 

30 adults 
18-50 yrs  

Texting: 21.8% 
decrease 

 
Answering 
math 
problems: 
19.23% 

[35] 
  

Texting or 
talking on 
the phone 

33 healthy 
participants 
13 males/20 
females 
26 + 4 yrs 

Texting: 33% 
decrease 
 

Talking on the 
phone:16% 
decrease 

[51] 1.30 + 0.12 Texting no 
priority: 1.06 + 
0.18 

 
Texting gait-
priority: 1.19 + 
0.15 

 
Texting texting-
priority: 0.94 + 
0.17 

Texting 
while 
walking, and 
either telling 
subjects to 
prioritize 
texting or 
walking or 
not 
specifying 
any priority. 

32 
university 
students  
18-30 yrs 

Texting no 
priority: 
18.46% 
decrease 

 
Texting gait-
priority: 8.46% 
decrease 

 
Texting 
texting-priority: 
27.69% 
decrease 

[60] 
  

Playing a 
mobile game 

40 young 
adults  
20 males/20 
females 
19-32 years 

27% decrease 

12



 
mean height 
= 176.1±7.5 
cm 
 
mean 
weight=69.9
±10.6 kg 
 

[53] Young, 
Busy 
hallway: 
1.30 + 0.23 

 
Old, Busy 
hallway: 
1.28 + 0.12 

Walk-look, 
young, busy 
hallway: 1.19 + 
0.19 

 
Walk-look, old, 
busy hallway: 
1.20 + 0.13 

 
Walk-answer, 
young, busy 
hallway: 1.11 + 
0.24 

 
Walk-answer, 
old, busy 
hallway: 1.01 + 
0.14 

 
Walk-text, 
young, busy 
hallway: 1.03 + 
0.19 

 
Walk-text, old, 
busy hallway: 
0.75 + 0.14 

Walk-look: 
walk and 
look at a 
phone, but 
no other 
activity 

 
Walk-
answer: 
walk and 
answer 
questions 
with no 
phone 

 
Walk-Text: 
walk and 
answer 
questions by 
text 

Young 
adults 
between 18-
30 yrs and 
older adults 
65 yrs or 
more 

Walk-look, 
young, busy 
hallway: 8.46% 
decrease 

 
Walk-look, old, 
busy hallway: 
6.25% 
decrease 

 
Walk-answer, 
young, busy 
hallway: 
14.62% 
decrease 

 
Walk-answer, 
old, busy 
hallway: 
21.09% 
decrease 

 
Walk-text, 
young, busy 
hallway: 
20.77% 
decrease 

 
Walk-text, old, 
busy hallway: 
41.41% 
decrease 

[16] 
  

Walked 
while 
texting, 

24 
undergrad 
students  

Text: 14.86% 
decrease 

13



playing a 
game, or 
watching a 
video 

12 males/12 
females 
20.5 yrs 
avg. age 

 
Video: 12.1% 
decrease 

 
Game: 18.38% 
decrease 

[43] 1.48 Reading: ~1.3 

 
Dialling: ~1.39 

 
Surfing: ~1.23 

 
Selfie: ~1.3 

Reading, 
dialling, 
surfing, or 
taking a 
selfie while 
walking 

36 students 
18-30 yrs 

Reading: 
~12% 
decrease 

 
Dialling: 
~6.08% 
decrease 

 
Surfing: 
~16.9% 
decrease 

 
Selfie: ~12% 
decrease 

Stride length (m) 

[1] 1.42 + 0.14 1.34 + 0.11 Text a 
message 
describing 
previous 
day’s 
activities 

18 young 
adults 20-30 
years 

8 males/10 
females 

5.6 + 3.5 % 
decrease 

[57] 1.35 + 0.12 Read: 1.23 + 
0.09 

 
Text: 1.15 + 
0.09 

Read: 
walking at a 
comfortable 
pace while 
reading a 
passage on 
a mobile 
phone 
screen with 
minimal 
manual input 
other than 
scrolling 
through text 

26 adults 29 
+ 11 years 

7 males/19 
females 

Read: 8.89% 
decrease 

 
Text: 14.8% 
decrease 
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Text: 
walking at a 
comfortable 
pace while 
typing the 
passage ‘the 
quick brown 
fox jumps 
over the lazy 
dog’ 

[6] Bright: 
1.36 + 0.14 

Dark: 1.32 
+ 0.16 

Bright/Texting: 
1.22 + 0.12 

 
Dark/Texting: 
1.14 + 0.14 

 
Bright/Gaming: 
1.28 + 0.11 

 
Dark/Gaming: 
1.21 + 0.12 

Walking with 
an obstacle 
under bright 
and dark 
lighting 
conditions 
while texting 
the Korean 
national 
anthem or 
gaming 

12 adults  
6 males/6 
females 
23.50 + 
4.89 years 
 

Bright/Texting: 
10.14% 
decrease 

 
Dark/Texting: 
14.05% 
decrease 

 
Bright/Gaming: 
5.88% 
decrease 

 
Dark/Gaming: 
8.33% 
decrease 

[24] 1.21 + 0.16 Downloading: 
0.93 + 0.14 

 
Talking: 0.91 + 
0.18 

1) Finding 
and 
downloading 
an 
Application 
(App) using 
a 
smartphone 

Or 2) 
Talking on 
the phone 

26 adults 
18-30 years 

Downloading: 
23.14% 
decrease 

 
Talking: 
24.79% 
decrease 

[48] 1.26 + 0.05 1.20 + 0.04 Text 
answers to 
math 
problems 
using words, 
not numbers 

12 adults 
28-53 years 

7 males/5 
females 

4.76% 
decrease 
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E.g. six 
rather than 6 

[70] 1.18 ± 0.13 Texting:1.07± 
0.13 

 
Texting and 
listening to 
music: 1.05 ± 
0.12 

Texting or 
texting while 
listening to 
music 

35 young 
adults  
17 males/18 
females 
22.09 + 
1.63 yrs 
 

Texting: 9.32% 
decrease 

 
Texting while 
listening to 
music: 
11.02% 
decrease 

Step length (m) 

[73] 0.86 + 0.10 0.80 + 0.09 Unknown 148 
pedestrians 
 

50 
distracted 
pedestrians 

 
98 
undistracted 
pedestrians 

6.98% 
decrease 

[6] Bright: 
0.72 + 0.08 

 
Dark: 0.70 
+ 0.08 

Bright/Texting: 
0.63 + 0.07 

 
Dark/Texting: 
0.59 + 0.06 

 
Bright/Gaming: 
0.67 + 0.06 

 
Dark/Gaming: 
0.63 + 0.06 

Walking with 
an obstacle 
under bright 
and dark 
lighting 
conditions 
while texting 
the Korean 
national 
anthem or 
gaming 

12 adults 
23.50 + 
4.89 years 

6 males/6 
females 
 

Bright/Texting: 
12.50% 
decrease 

 
Dark/Texting: 
15.71% 
decrease 

 
Bright/Gaming: 
6.94% 
decrease 

 
Dark/Gaming: 
4.9% decrease 

[24] 0.60 + 0.08 Downloading: 
0.48 + 0.71 
 
Talking: 0.45 + 
0.09 

1) Finding 
and 
downloading 
an 
Application 
(App) using 

26 adults 
18-30 years 

Downloading: 
19.95% 
decrease 

 
Talking: 24.6% 
decrease 
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a 
smartphone 

Or 2) 
Talking on 
the phone 

[50] 0.53 + 0.06 0.51 + 0.07 Texting - 
subjects 
read and 
replied to a 
standard 
email.  

18 young 
adults 25 + 
3 years 

7 males/11 
females 

3.77% 

[38] 0.42 + 0.3 Texting: 0.36 + 
0.2 

 
Answering 
math 
problems: 0.37 
+ 0.2 

Texting or 
answering 
cognitive 
math 
problems 
without a 
phone 

Thirty 
participants 
18-50 yrs  

Texting:14.3% 
decrease 

 
Answering 
math 
problems: 
11.9% 

Step width (cm) 

[27] Young 
Adults 17.3 
+ 2.7 
 

Older 
Adults 19.6 
+ 1.0 

Young Adults 
19.4 + 2.9 

 
Older Adults 
22.2 + 1.8 

Text: 
subjects 
were visually 
presented a 
series of 
ten-digit 
phone 
numbers 
one at a 
time and 
asked to dial 
the numbers 
on a 
standard flip 
phone 
 

16 adults 
consisting 
of: 
7 younger 
adults  
2 males/5 
females 

20.4 + 2.2 
years 

 
9 older 
adults  
2 males/7 
females 
61.1 + 10.0 
years 
 

Young Adults: 
10.8% 
increase 

 
Older Adults: 
11.7% 
increase 
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[70] 13.40 ± 
1.57 

Texting: 13.25 
± 1.55 

 
Texting and 
listening to 
music: 13.10 ± 
1.42 

Texting or 
texting while 
listening to 
music 

35 young 
adults  
17 males/18 
females 
22.09 + 
1.63 yrs 

Texting: 1.12% 
increase 

 
Texting while 
listening to 
music: 
2.24% 
increase 

Step time (sec) 

[6] Bright: 
0.58 + 0.04 

 
Dark: 0.58 
+ 0.04 

Bright/Texting: 
0.61 + 0.05 

 
Dark/Texting: 
0.68 + 0.13 
 
Bright/Gaming: 
0.64 + 0.08 

 
Dark/Gaming: 
0.69 + 0.09 

Walking with 
an obstacle 
under bright 
and dark 
lighting 
conditions 
while texting 
the Korean 
national 
anthem or 
gaming 

12 adults  
6 males/6 
females 

23.50 + 
4.89 years 
 

Bright/Texting: 
5.17% 
increase 

 
Bright/Texting: 
17.24% 
increase 

 
Bright/Gaming: 
10.34% 
increase 
 

Bright/Gaming: 
18.97% 
increase 

[27] Young 
Adults: 
0.579 + 
0.049 

 
Older 
Adults: 
0.566 + 
0.037 

Young Adults: 
0.567 + 0.032 

 
Older Adults: 
0.558 + 0.054 

Text: 
subjects 
were visually 
presented a 
series of 
ten-digit 
phone 
numbers 
one at a 
time and 
asked to dial 
the numbers 
on a 
standard flip 
phone 

16 adults 
consisting 
of: 
7 younger 
adults  
2 males/5 
females 

20.4 + 2.2 
years 

 
9 older 
adults  
2 males/7 
females 
61.1 + 10.0 
years 
 

Young Adults: 
2.07% 
increase 
 

Older Adults: 
1.44% 
increase 
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[70] 0.53 ± 0.06 Texting: 0.58 ± 
0.08 
 

Texting and 
listening to 
music: 0.59 ± 
0.09 

Texting or 
texting while 
listening to 
music 

35 young 
adults  
17 males/18 
females 
22.09 + 
1.63 yrs 

Texting: 9.43% 
increase 

 
Texting while 
listening to 
music: 
11.32% 
increase 

Cadence (steps or strides/min) 

[73] 
(strides / 
min) 

54.9 + 2.9 52.4 + 3.9 Unknown 148 
pedestrians 
 

50 
distracted 
pedestrians 

 
98 
undistracted 
pedestrians 

4.56% 
decrease 

[6] 
(steps / 
min) 

Bright: 
98.39 + 
6.71 

 
Dark: 
97.78 + 
7.07 

Bright/Texting:  
92.48 + 7.35 

 
Dark/Texting: 
90.55 + 13.05 

 
Bright/Gaming: 
92.80 + 10.42 

 
Dark/Gaming: 
86.18 + 8.43 
 

Walking with 
an obstacle 
under bright 
and dark 
lighting 
conditions 
while texting 
the Korean 
national 
anthem or 
gaming 

12 adults 
23.50 + 
4.89 years 

6 males/6 
females 
 

Bright/Texting: 
6.01% 
decrease 

 
Dark/Texting: 
7.39% 
decrease 

 
Bright/Gaming: 
5.68% 
decrease 

 
Dark/Gaming: 
11.86% 
decrease 

[24] 
(steps / 
min) 

110.32 + 
11.62 

Downloading: 
90.85 + 15.54 

 
Talking: 80.65 
+ 0.11 

1) Finding 
and 
downloading 
an 
Application 
(App) using 
a 
smartphone 

26 adults 
18-30 years 

Downloading: 
17.67% 
decrease 

 
Talking: 
26.89% 
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Or 2) 
Talking on 
the phone 

[48] 
(steps / 
min) 

108.1 + 1.5 104.3 + 1.8 Text 
answers to 
math 
problems 
using words, 
not numbers 

E.g. six 
rather than 6 

12 adults 
28-53 years 

7 males/5 
females 
 

3.52% 
decrease 

[50] 
(steps / 
min) 

107 + 10 99 + 16 Texting - 
subjects 
read and 
replied to a 
standard 
email.  

18 young 
adults  
7 males/11 
females 

25 + 3 years 
 

7.48% 
decrease 

[70] 
(steps / 
min) 

115.76 ± 
9.21 

Texting: 
103.41 ± 22.00 

 
Texting and 
listening to 
music: 
103.61 ± 12.73 

Texting or 
texting while 
listening to 
music 

35 young 
adults  
17 males/18 
females 
22.09 + 
1.63 yrs 

Texting:10.67
% decrease 

 
Texting while 
listening to 
music: 10.50% 
decrease 

[38] 
(steps / 
min) 

110.4 + 12 Texting: 100.2 
+ 12 

 
Answering 
math 
problems: 
102.6 + 12 

Texting or 
answering 
cognitive 
math 
problems 
without a 
phone 

30 
participants 
18-50 yrs 

Texting: 9.24% 
decrease 

 
Answering 
math 
problems: 
7.8% 

Double Support Time 

[73] (% 
of the 
gait 
cycle) 

11.2 + 2.7 13.3 + 2.3 Unknown 148 
pedestrians 
 

50 
distracted 
pedestrians 

 
98 

23% + 20% 
increase 
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undistracted 
pedestrians 

[24] 
(sec) 

0.27 + 0.05 Downloading: 
0.49 + 0.2 

 
Talking: 0.57 + 
0.31 

1) Finding 
and 
downloading 
an 
Application 
(App) using 
a 
smartphone 

Or 2) 
Talking on 
the phone 

26 adults 
18-30 years 

Downloading: 
81.48% 
increase 

 
Talking: 
111.11% 

[70] (% 
of the 
walking 
period) 

21.81 ± 
2.80 

Texting: 
23.50±3.71 

 
Texting and 
listening to 
music: 
23.93±3.57 

Texting or 
texting while 
listening to 
music 

35 young 
adults  
17 males/18 
females 
22.09 + 
1.63 yrs 

Texting: 7.75% 
increase 

 
Texting while 
listening to 
music: 
 9.72% 
decrease 

[38] 
(sec) 

170 + 30 
 

Texting: 200 + 
30 
 

Answering 
math 
problems: 200 
+ 40 

Texting or 
answering 
cognitive 
math 
problems 
without a 
phone 

30 
participants 
18-50 yrs 

Texting: 17.8% 
decrease 

 
Answering 
math 
problems: 
17.8% 
decrease 

Abs Path Lateral Deviation 

[57] (m) 0.07 + 0.2 Read: 0.08 + 
0.02 
 

Text: 0.10 + 
0.03 

Read: 
walking at a 
comfortable 
pace while 
reading a 
passage on 
a mobile 
phone 
screen with 
minimal 

26 adults 29 
+ 11 years 

7 males/19 
females 

Read: 14.29% 
increase 

 
Text: 42.86% 
increase 
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manual input 
other than 
scrolling 
through text 
 
Text: 
walking at a 
comfortable 
pace while 
typing the 
passage ‘the 
quick brown 
fox jumps 
over the lazy 
dog’ 

[24] 
(cm) 

1.72 + 0.00 Downloading: 
3.77 + 2.38 

 
Talking and 
downloading: 
3.83 + 3.58 

1) Finding 
and 
downloading 
an 
Application 
(App) using 
a 
smartphone 

Or 2) 
Talking on 
the phone 

26 adults 
18-30 years 

Downloading: 
119.18% 
increase 

 
Talking and 
downloading: 
122.67% 
increase 

[35] 
degrees 
/ linear 
distance 
travelled 

6 degrees 
 
7.5m 
Linear 
distance 
travelled 

Texting:  
10 degrees 
Linear distance 
travelled: 8.5m 

Texting or 
talking on 
the phone 

33 healthy 
participants 
13 males/20 
females 
26 + 4 yrs 

Texting: 61% 
increase 

 
Talking on the 
phone: No 
change 

% time spent looking at cell phone while walking 

[70] 0% 70% Web 
browsing or 
texting 

32 adults 
20-30 years 

27 males/5 
females 

 

Other distraction frequency statistics 
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[3] Mean number of texts sent per day: 112 + 
138 = 4.67 + 5.75 times an hour  

128 
undergradu
ate students 

 

[8] Self-reported breakdown of how students 
spend their time: 
Sleeping: 7.59h 

Texting: 4.93h 

On the phone: 4.41h 

Social Networks: 2.84h 

Studying: 2.74h 

Watching TV: 1.94h 

534 
students 
60 
males/474 
females 
mean age: 
20.8 yrs 

 

[51] Texts sent per day on weekdays and 
weekends: 
Texts sent     % sample on weekday  % 
sample on weekend 

0-9                         0%                 0% 

10-30                   45.2%            22.6% 

31-50                   12.9%            32.3% 

51-70                   25.8%            29.0% 

71-90                     3.2%              6.5% 

91-110                   6.5%              3.2% 

> 110                     6.5%              6.5%          

32 
university 
students  
18-30 yrs 

 

[51] Self-reported survey of cell phone use 
(talking/texting) while walking: 
 
 

                   on weekday        on weekend 

None                      0%                0% 

< 25%                  32.3%          22.6% 

25-50%                29%             51.6%   
50-75%                29%             25.8% 

> 75%                    9.7%             0% 

32 
university 
students  
18-30 yrs 

 

[43] Self-reported frequency of various 
distracted activities while walking from 36 
participants: 
Phone texting/reading - often: 14, 
sometimes: 21, never: 1 
Talking on phone - often: 16, sometimes: 
19, never: 1 
Internet research/browsing - often: 16, 
sometimes: 8, never: 12 

36 
university 
Students 
18-30 yrs 
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Observed percent of people distracted (not crossing the street) 

[25] 
 

43.5% texting 
or holding their 
cell phone 

6.8% talking on 
cell phone 

14.1% listening 
with ear buds 

35.6% had no 
cell phone at 
all. 

Texting or 
holding 
phone 

Talking on 
phone 

Listening to 
ear buds 

191 
students 
walking on 
campus. 

 

Observed percent of people distracted (at a crosswalk/crossing the street) 

[63] 
 

7.3% text 
messaging 

6.2% using a 
handheld 
phone 

11.2% listening 
to music 

Texting, 
using phone, 
listening to 
music 

Street traffic 
in Seattle, 
Washington 

 

[54] 
 

18.7% 
distracted 

66.5% 
listening to 
earbuds 

~18% 
texting or 
looking 
down at 
phone 

~8% talking 
on phone 

~7.5% doing 
more than 
one of these 
 

High school 
students 
crossing the 
street near 
their 
schools 
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Chapter 4

Proposed Distraction Model

Some literature on dual-task cost and difficulty was discussed in Section 3.1. We can attempt to

classify and categorize activities based on this literature in regards to task costs. An example is

shown in Figure 4.1. Talking on the phone, for example, would be a cognitive task exclusively,

while reading an article or reading texts from friends would be a primarily visual and cognitive task,

and texting is a combination of cognitive, motor, and visual. This figure is meant as an example

only, and tasks may be categorized differently depending on the exact nature of the task.

4.1 Fuzzy Goal Concept

Historically, crowd simulations have employed the Principle of Least Effort, first proposed by

George K. Zipf [75], to guide agent movement. This is because it produces desirable emergent

crowd behaviour [15]. The Principle of Least Effort stipulates that an agent should take the shortest

path, moving in a straight line towards their goal and maintains a preferred velocity when possible.

However, for distracted pedestrians, the Principle of Least Effort no longer holds as a distracted

pedestrian does not consider optimizing their path for minimal effort their top priority. As long as

they are mostly making progress towards their target while distracted, they are satisfied.

Studies have shown that walking while distracted produces different gait characteristics, which

would not be the case if the Principle of Least Effort always held. For example, studies have shown

that some distracted walkers exhibit lateral deviation from a straight path [57, 25, 36]. This is

because while the pedestrian is looking down at their device, they may not have an accurate idea
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Cognitive

Motor

Visual WalkandTalk onthePhone

Walk
and
Game

Walk
and

Text

Speech2Text

Window
Shopping

Solving
Math

Observe
Passing
Person

Task Cost

Juggling

Speaking

to Friend

Walk andBalance aTray ofObjects
Walk and
Read

Skipping
Rope

Planning

Your Day

Listening to
music/podcast Walk and WatchVideo WatchFireworks Appreciate

Nature

Yoga

Pet a Dog

Archery

Jumping
Jacks

Dance

Knock on
a Door

Figure 4.1: An illustration of behaviours categorized into visual, motor, and cognitive loads. A task
may demand various types of attention loads. The most distracting tasks tend to be cognitive tasks,
followed by motor and then visual. The tasks listed in this figure are for example purposes only,
in order to illustrate a way of thinking about task costs in every day life. In reality, tasks such as
dancing may be categorized differently depending on the type of dance, etc. Thus there may be
subtle nuances of tasks that influence how they are categorized and by whom.
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of where their target is ahead of them. They rely on their spatial memory, peripheral vision, and

proprioception to guide them towards where they think their goal is. However, these are subpar to

paying full attention, which results in clumsy walking patterns. In some cases where the pedestrian

is deeply engaged in the distracting activity, they may even forget to turn where they should or

continue walking past their target.

This behavior has been modelled with a novel ”fuzzy” goal for distracted agents. Upon becoming

distracted, a new fuzzy goal is randomly selected within some ellipsoid of the actual goal, and the

agent moves towards this fuzzy goal until they stop being distracted. The size of the ellipsoid is

moderated by the distance from the agent to the actual goal or waypoint, which ensures that the

fuzzy waypoint is never behind the agent and also means smaller deviations for shorter distraction

times which seems desirable. The user can also specify a maximum length of the semimajor and

semiminor axes of the ellipsoid. When a fuzzy waypoint is found, a raycast is performed between

this point and the actual waypoint to ensure it is not in an unreachable area such as behind a wall.

Lateral deviations are modelled if the fuzzy waypoint is laterally deviated from the actual goal or

forget-to-turn behaviour is modelled if it is behind the actual goal or subgoal.

In the first set of experiments described in this document, a circular fuzzy goal area is used so

the maximum semi-major axis and maximum semi-minor axis are both set to 10% of the agent’s

distance to the actual goal. In the second set of experiments, the user can specify these maximum

parameters and the simulation will adjust the actual value based on the agent’s distance to the goal.

4.2 Distraction Types and Steering Layer Parameters

Many crowd simulation algorithms use agent parameters that affect agent steering and obstacle

avoidance such as their preferred speed, field of view, and neighbour distance. Neighbour distance

is the minimum distance between an agent and other agents or obstacles at which they will begin

an avoidance maneuver. Based the literature discussed in Section 3.3, these parameters have been

adjusted for distracted agents.

Preferred speed of distracted pedestrians has been shown to be decreased in comparison to

non-distracted walkers. In addition, the speed decreases more during certain activities than others.

For example, texting tends to reduce speed by an average of 20% across various studies [1, 57, 6,
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Figure 4.2: An illustration of the key areas of the normative human visual field with their approxi-
mate ranges in degrees.

51, 71, 39, 52, 54, 17]. Reading and walking causes speed to be reduced by about 12% [44, 57],

and talking on the phone causes about an 18% speed decrease [54].

Another important factor in the path planning of agents is their field of view. A representation of

various aspects of the normal human field of view for a nondistracted person is shown in Figure 4.2.

The literature suggests that for a distracted walker with gaze directed at their cellphone, not only

is the horizontal field of view reduced but the amount of information processed from within that

field is reduced. A field of view study done for people talking on the phone suggests that peripheral

vision is reduced by 7% for large and 10% for small targets [40] even though the person is still

facing forward. Another study showed that the lateral range of eye movement for distracted walkers

is reduced to about 18◦ [70]. Therefore field of view for distracted agents is reduced in this model

based on the secondary activity they are performing.

While literature regarding neighbour detection distance while distracted is sparse, it is assumed

to be reduced for distracted walkers as their visual field is skewed downward and only immediate

neighbours are visible in the peripheral vision. For activities where the gaze is directed at a

cellphone, the neighbour distance is reduced to 1 meter. For talking on the phone, the gaze is

directed forward so the neighbour distance is not reduced. The fuzzy goal radius changes depending

on the current distance between the agent and the actual goal, based on lateral deviations reported

in the literature [36, 57]. No fuzzy goal is used for talking on the phone behavior as it is assumed

there is no deviation of significance when the pedestrian can see their goal. More research in this

area may be needed to find optimal values as prior studies have only examined walking in a straight
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Figure 4.3: A diagram of the module architecture used in the first set of experiments for distracted
agents.

line in a very simple environment without interactions.

In the first set of experiments described in the next chapter, the visual attention and refocusing

modules are not active. Thus an overview of the distraction model used in these experiments is

shown in Figure 4.3. The distraction behaviours are triggered through a behaviour tree. A behaviour

tree is a hierarchial tree of tasks often used for AI in robotics, games, and related areas. More

complex tasks can be modelled by chaining together groups of smaller tasks, represented as subtrees.

All possible actions an agent can take are contained within the behavior tree. A path in the tree from

the root to each leaf represents one action, and execution proceeds in a left-to-right manner. If the

conditions for one task to execute have not been met, the tree moves on to try the next possible task,

and so on [10].

The behaviour tree contains all the actions an agent can perform, arranged as groups of tasks, and

controls the logic for triggering when an agent becomes distracted and undistracted. It communicates

with the distracted agent controller, which controls distracted behaviour and goal planning including

the calculation of the fuzzy goal, which it then sends along with other steering parameters to the

steering model.
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4.3 A Visual Attention Model For Distracted and Undistracted

Agents

A visual attention model for undistracted and distracted agents was developed and acts as a mediator

between the agent’s extrinsic environment and internal behaviour. It is used to refocus attention

based on environmental cues. Attention is a very complicated process that incorporates intrinsic and

extrinsic stimuli [66]. To simplify the problem, 3D vision is compressed into a flat 2D vision based

on the horizontal field of view, similar to how many previous steering algorithms handle perception

of the environment. Our visual attention model takes advantage of the characteristic of human

vision where focus is sharpest at the center and becomes increasingly blurrier towards the edges of

our peripheral vision. Additionally it has been shown that people focus more on objects and cues

closer to the center of their vision and also closer to their person rather than further away [23, 38].

Therefore the proposed model represents a 200◦ sweep of the visual field in polar coodinates. Within

this 200◦ sweep two Gaussians are combined to represent the attention attributed to each point, one

for the horizontal direction and one for the radial distance. In the horizontal direction, the mean

is at the center of the horizontal field and drops off towards the left and right edges. In the radial

direction, the mean is at the agent and drops off as distance from the agent increases. These are

defined as N (0,σθ) and N (0,σr) respectively, where σθ is aligned with the forward direction of

the agent and σr = 0 similarly is centered on the agent’s head. These Gaussian functions are then

convolved together to produce an attention distribution across the agent’s 200◦ field of view.

This means that we can define a visual attention model for each type of attentive state or

behaviour by specifying two parameters, (σθ, σr), and then storing the resulting values in a precom-

puted texture that can be sampled at runtime. Figure 4.4 shows the visual attention fields represented

as textures. Each visual attention model can be stored in a single channel of a texture, allowing for

multiple visual attention models to be packed into a single texture for memory efficiency and fast

lookup. Values in a texture are normalized. When a lookup occurs, singular vales are sampled using

the nearest point on the collider of the agent or obstacle.

The parameters σθ and σr have been carefully selected for normative vision as well as vision

while talking on the phone, reading, and texting, based on reported values in the literature on

real-world distracted walkers.
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Figure 4.4: An RGBA texture, containing the four visual attention models. Each channel stores a
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In many steering algorithms, a pedestrian with normal vision is characterized by a neighbour

distance [30], planning horizon [59], or query radius [19] with a value between 5− 15m. This range

is based on literature on human-human collisions and is often selected with a bias towards lower

values [7, 13]. For this reason, the parameter values for a normative agent in this model are set to

σr = 5m and σθ = 30◦. This is consistent with the literature and ensures that the entire range of the

visual field is used, although attention is concentrated within 5m and within a 60◦ sweep.

Agents talking on the phone are assumed to be able to see as far as an undistracted agent, so

again σr = 5m. For σθ, it has been shown that visual information is often missed while talking on

the phone and also that peripheral vision can shrink artificially due to the cognitive distraction. It

has been reported that peripheral vision can shrink 7− 10% for large to small targets while talking

on the phone. Therefore for this attentive state, σθ is reduced by about 7% and becomes σθ = 28◦.

The result is that the majority of attention is concentrated within 5m and a 56◦ sweep.

The problem becomes more complicated for a reading agent because the head is pitched

downward, which significantly affects the vertical range the agent can see in front of them. When

people focus their attention on something in their center of vision, it has been shown that their ability

to notice and react to information in their peripheral vision decreases [23]. Further, the amount

of information loss in the peripheral vision is correlated to the foveal load, the visual complexity
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of what the person is focusing on, according to the study. However, they also found that subjects

who had previously participated in the study had less peripheral information loss than those who

hadn’t, because they had become ”trained” to notice things in their peripheral vision. On average,

trained subjects with high foveal load were able to notice 76% of the visual information compared

to normative participants with no foveal load. Based on this, σθ for readers was set to 76.5% of

normative, so for walking and reading agents σθ = 22.95◦. Another study [57] showed that the

average head pitch angle for people reading on their phone was 29.22◦ downward. According to a

study [9] the worldwide average height at 18 years of age for people born in 1996 was 1.71m for

men and 1.59m for women, so an average of these two values, 1.65m, was used to calculate a focus

distance of σr = 2.95m on the ground in front of them. So attention is then focused within a 46◦

sweep and 2.95m.

Similarly, a texting agent also has reduced field of view while looking down at a cellphone.

Again, it is assumed that agents have a high foveal load and are trained to notice things in their

peripheral vision. However, as previously discussed, texting has an additional motor demand

and may have higher cognitive demand than reading. So, an additional 10% peripheral visual

information processing loss is estimated. Then σθ is 66.5% of normative, so σθ = 19.95◦. However,

it has been reported that head pitch angle while texting tends to be slightly greater than while

reading [57] at about 31.80◦, which can be used with an average human height value of 1.65m to

calculate σr = 2.66m in a similar fashion as for reading. Therefore, attention is focused within

2.66m and a 40◦ sweep.

4.4 Refocusing

A probabilistic refocusing model was developed to determine when an agent should stop being

distracted and look up. It produces one of two possible outcomes in refocus, continue. When an

agent is currently distracted, at a user specified frequency fr the reaction model executes three

possible Bernoulli trials. In these experiments, fr = 3Hz which is approximately the average human

reaction time. However, more or less responsive pedestrians can be produced by adjusting this value

lower or higher respectively.

The first of the three Bernoulli trials executed by the reaction model represents intrinsic prop-
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erties of the agent and determines if the agent should look up based on the agent’s personality or

situation. The value of Pr(refocus) = pi may represent how likely a person will prioritize paying

full attention to where they’re going over performing cellphone activities such as taking important

calls or responding to text messages from friends, which is dependent upon their personality. This

value is user-specified and can be modified per agent according to the user’s needs. The value

remains fixed, and this Bernoulli trial executes at every reaction check, so it is part of a Bernoulli

process and can be presented as a Binomial distribution B(Nr, pi) where Nr is the number of

reaction checks Nr = Tdfr and Td is the total time the agent has been distracted up to the timestep

t ∈ T .

The second and third Bernoulli trials are designed to represent extrinsic aspects of other objects

or people in the agents environment. These trials depend on objects (and other agents) and their

locations in the agent’s visual field. These trials are run for each object or agent in the field of

view during every refocus update. The first of these is based on an extrinsic property of the object

in the field of view that represents the visual appeal of the object and determines whether the

agent will notice the object and refocus their attention. The value of Pr(refocus) = pe, is intended

to represent an object’s color, shape, contrast, or other interesting properties of the object. The

probability that an object’s visual appeal catches the attention of the agent and causes them to

refocus Pr(refocus) = pe is conditioned on the visual attention field as follows: P (refocus|pe, r, θ).

Similarly, the third trial is designed to represent an object’s eye-catchingness due to its relative

speed, which is known to have a significant impact collision prediction [31], and so is considered

separately in these experiments. The value

Pr(refocus) = pv =
|vrel|
2|vmax|

(4.1)

determines whether an agent will refocus based on an object’s relative movement to their own,

where vmax is the maximum velocity of any object in the scene. This is also condition on the visual

attention field and the object’s location within that field such that P (refocus|pv, r, θ).

A random task time is selected when a distracted activity is triggered. The minimum and

maximum task time may be specified by the practitioner. If a refocus event occurs while distracted,

the agent will pause their activity and look up, then after another randomly selected wait time they
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Figure 4.5: A diagram of the module architecture including the reaction model used in the second
set of experiments for distracted agents.

will resume the task as long as at least 1 second of task time remains, to prevent oscillations.

If any of the Bernoulli trials succeeds, the agent looks up and the visual attention model switches

to normative. For reading and texting behaviours the agent will interrupt their activity and lower

their device. However, for the talking behaviour the activity is not interrupted and only the visual

attention model becomes normative. This is meant to model pedestrians talking on the phone who

do not typically hang up on a call, but may pay more attention to their surroundings if they’ve

noticed something interesting.

The previous model hierarchy was shown previously in Figure 4.3. The reaction model sits

in the distraction layer and communicates with the behaviour tree. The behaviour tree sets the

current visual attention model in the reaction model as well as the reaction parameters like pi. The

reaction model performs the reaction checks and if any succeed then it sends a trigger look up event

back to the behaviour tree. The behaviour tree then triggers the look up and sends the appropriate

parameters to the distracted agent controller and steering model. A new representation of the model

hierarchy including the reaction model is shown in Figure 4.5 .
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4.5 Crowd Authoring

In order to test these methods with virtual crowds quickly and easily, an intuitive crowd authoring

tool was developed for Unity3D. The customization interface is shown in Figure 4.6. Each scenario

is set up with one or more crowd spawning areas around the scene, and one or more goals. Crowd

spawning areas are simply planes that encompass the area within which agents can be spawned. The

desired spawning area and goal can be dragged by the user from the scene hierarchy into the floor

and goal fields respectively. The user can then specify how many of each type of agent should be

specified and many other options for distracted agents. Normative agents will not become distracted,

while distracted agents have cellphones and may become distracted and undistracted according

to the specified parameters and the visual attention model. Desired distraction parameters can be

set by opening up the distraction parameters foldout, where the user can then set probabilities for

various distracted activities, minimum and maximum distraction task time, etc. Once the user is

satisfied with the parameters, clicking the Create Agents button will spawn the agents into the scene

and they will appear in the scene view and hierarchy. The user can then further tweak positions or

other parameters as they see fit. Groups of agents can be spawned in multiple spawning areas or in

the same spawning area as other groups, and with the same or different goals as other groups. A

similar crowd generation tool has also been implemented for spawning crowds at runtime, where

agent locations are randomized at every runtime.

When agents are generated, the navmesh is sampled for a free location within the spawn region.

Once a location is found, there is a check to make sure there is sufficient distance to any nearby

agents, and then the agent is spawned. Obstacles can be spawned in a similar fashion, and the

navmesh will update automatically. Parameters such as an obstacle’s extrinsic probability, pe, can be

set before obstacles are spawned and allows the user to control the visual appeal or eye-catchingness

of an object. The pe of an agent can also be set before spawning agents which affects agents around

them, as well as their own pi and their fr.
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Figure 4.6: The crowd authoring tool interface with a number of customizable parameters.
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Chapter 5

Preliminary Experiments Without An

Attention Model

A set of preliminary experiments demonstrated the effect of three types of cellphone distractions

on crowd flow statistics. The three types of distractions were texting, talking, and reading on a

cellphone while walking. In both sets of experiments, PAM was used as the steering algorithm. In

this set of preliminary experiments, the built-in vision model of PAM was used. The experimental

setup and results for the preliminary experiments is described below.

5.1 Experiments

Pedestrians performing three types of cellphone distractions were studied in simulation, which

were texting, talking on the phone, and reading on a cellphone. While distraction types are

usually triggered based on events defined in a behavior tree, for the purposes of this experiment

the distraction was triggered immediately at the start of the simulation and remained active for

the duration of the trial, so there were no state changes. Additionally in any trial, only a single

distraction type could be active for all distracted agents in the simulation, so that comparisons could

be made between trials examining different distraction types. Finally, scenarios included Egress and

Crossing Groups scenarios to study quantitative results as these are scenarios traditionally used in

large crowd simulation studies, and also several simple scenarios to demonstrate qualitative effects.

In these experiments, the visual attention and refocusing models were not used. To demonstrate
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(a) (b) (c) (d)

Figure 5.1: The trajectories in the simple wall scenario of (a) two normative agents, (b) two
distracted agents reading, (c) two distracted agents talking on phone, and (d) two distracted agents
texting.

intuitive aspects of the model, the qualitative effects will be described first.

5.1.1 Qualitative Impacts

To demonstrate the intuitive aspects of the distraction model, a number of simple scenarios com-

monly used to test robustness of steering algorithms were tested. These included the simple wall,

oncoming obstacle, surprise, and diametric goals scenarios. High quality screen captures with

trajectory renderings were taken to compare between undistracted (normative) agents and the three

distraction types. Trajectory comparisons for the Simple Wall scenario are shown in Figure 5.1.

Trajectory comparisons for the oncoming obstacle environment can be seen in Figure 5.2. Trajectory

comparisons for the surprise environment can be seen in Figure 5.3. Trajectory comparisons for the

diametric goals environment can be seen in Figure 5.4.

5.1.2 Egress

Chapter 4 discussed how research from the literature was used to build a model of distraction for

individual agents. The preliminary scenarios discussed in Section 5.1.1 were designed to show how

this model affects steering behavior for individual agents, small interactions between agents, or

small groups. However, in crowd simulation it has often been shown that emergent crowd behavior

can manifest from microscopic models designed for individual agents. Then the model can be

tested in a large crowd scenario and observe what emergent effects occur. In particular, what kind

of impact might distraction behaviours have on bottleneck egress openings which are commonly

found in public event halls and arenas and are a traditionally tested environment in crowd simulation

literature. For this experiment, several crowd simulation statistical measures including flow rate,
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Figure 5.2: The trajectories in the oncoming obstacle scenario of (from top to bottom): two
normative agents, two distracted agents reading, two distracted agents talking on the phone, and
two distracted agents texting.

(a) (b) (c) (d)

Figure 5.3: The trajectories in the surprise scenario of (a) two normative agents, (b) two distracted
agents reading, (c) two distracted agents talking on phone, and (d) two distracted agents texting.

(a) (b) (c) (d)

Figure 5.4: The trajectories in the diametric goals scenario of (a) 20 normative agents, (b) 10
normative and 10 distracted agents reading, (c) 10 normative and 10 distracted agents talking on
phone, and (d) 10 normative and 10 distracted agents texting.
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Figure 5.5: An overview of the egress environment. All agents start in the hallway and head towards
a shared goal beyond a single bottleneck point.

effort, and kinetic energy will be observed. The hypothesis for this experiment is that distraction

behaviours including texting, reading, or talking on the phone have an adverse effect on these crowd

simulation metrics. Afterward, quantitative analysis will be done again on high-quality screen

captures to assess any qualitative artefacts that may appear when distracted agents are present in the

simulation.

The layout of the Egress scenario is shown in Figure 5.5. Each of the texting, talking, and

reading distraction types were examined separately such that all distracted agents in any given

trial were performing the same distraction type. Every trial consisted of a total of 50 undistracted

and distracted agents altogether. Then for each distraction type, successive batches of trials were

run such that the ratio of distracted agents performing that activity increased with every batch of

trials while the number of undistracted agents decreased. For example, the first set of trials had 50

undistracted agents and 0 distracted agents, the next set had 49 undistracted agents and 1 distracted

agent and so on. Trials therefore had 0, 1, 5, 10, 20, 30, 40, or 50 distracted agents and for each of

these numbers 20 trials with randomized initial conditions were conducted. Remaining agents in

these randomized trials were undistracted agents who used the default parameters of PAM and a

preferred speed of 1.3m/s which is typically considered the average walking speed of people. Path

length, effort, and kinetic energy were measured during each trial. Path length is the sum of all agent

trajectories represented as multi-segmented curves. Effort is an estimated total of metabollic energy

spent over the path integrall of all agents. Kinetic energy is defined a the total kinetic energy over the

path integral of all agents. Results are analyzed by finding the mean and standard deviation of these

collected measures across agent models and ratio proportions of the total crowd and conducting a

Kruskal-Wallis sign rank sum test. Post-hoc Conover’s test with FDR and Holm corrections were
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Figure 5.6: An overview of the crossing groups environment. Agents start in groups at opposite
ends of a hallway with respective goals at the opposite ends past the opposing group.

also used to identify significant dominances between the models across proportions of the crowd.

5.1.3 Crossing Groups

In Section 5.1.2, it was discussed how interesting individual agent behavior models could potentially

have an emergent impact on large-scale agent-environment and agent-agent interactions. To

investigate this, distracted agents were observed in the egress bottleneck scenario. A characteristic

of the egress scenario is that all agents are heading in the same direction, so there is less agent-agent

interference. This is so that the impact of the bottleneck environment can be isolated as much as

possible. However, agent-agent interference is also a subject of interest. How much do distracted

pedestrians in the real world disrupt the walking systems commonly found in real-world areas? For

example, how much do distracted pedestrians interfere with laminar flow and cause congestion, and

to what extent do they hinder people who are not distracted? With these questions in mind, we take

a look at distracted pedestrians in the Crossing Groups scenario. In this scenario, two groups of

agents going in opposite directions must pass through one another while avoiding collisions. In this

experiment, the hypothesis is that distracted behaviours such as texting, talking on the phone, or

reading has a negative impact on crowd statistical measures such as path length, effort, and total

kinetic energy.

The layout of the Crossing Groups scenario is shown in Figure crossing-groups-scenario. Similar

to the Egress scenario, each of the distraction types were tested in isolation so that all distracted

agents in any given trial used the same distraction model type. Sets of 20 trial batches were

performed for each distraction type where the number of distracted agents out of a total of 50 agents

increased in each batch, resulting in trials with 0, 1, 5, 10, 20, 30, 40, and 50 distracted agents out of

41



50 total agents with the remaining agents being undistracted normative agents. Undistracted agents

used default parameters of PAM with a desired speed of 1.3 m/s and on every trial initial conditions

were randomized. Path length, effort, and kinetic energy were again measured and compared

between models and across proportions of distracted agents in the crowd. Mean and standard

deviation were derived from the collected data and then analyzed with a Kruskal-Wallis sign rank

test, post-hoc Conover’s test with FDR and Holm corrections to identify significant dominances.

5.2 Results and Discussion

This section will present the results of the preliminary experiments and a discussion. First, the

qualitative screen captures of the simple scenarios will be examined, and then the quantitative data

from the Egress and Crossing Groups scenarios will be discussed.

5.2.1 Qualitative Results

The screen captures show clear differences between the distraction types for each scenario. In

all scenarios, the path of least effort is taken by the normative agents as they head toward their

goal as efficiently as possible. Wider turns are taken in by the reading and texting agents, making

their trajectories less efficient. They may end up past or deviated from the goal and have to make

an adjustment, which is sometimes observed by real-world pedestrians. Talking agents tend to

exhibit trajectories close to normative behavior because they do not exhibit lateral deviation and

their trajectory is not effected by their slower speed and slightly reduced field of view when there

are no other agents in their vicinity.

In the oncoming obstacle environment, the two normative agents avoided each other without

issue. However, texting and reading agents both failed to avoid both each other and the obstacle,

indicated by the bump in the trajectories where the obstacle was hit. Again the talking behavior

looks similar to normative agents.

In the surprise scenario, the two agents had a collision at the corner when they were reading

or texting, and the collision had greater impact for texting agents. Undistracted agents had no

trouble avoiding each other, as well as talking agents, probably because field of view is only slightly

reduced for talking agents.
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Table 5.1: A table showing significant differences in dominance in crowd simulation metrics for
pairs of models and the number of distracted agents out of a total of 50 agents in the egress scenario.
Significant differences are indicated by checkmarks (p < 0.05).

Flow Rate Effort Kinetic Energy
1 2 5 10 20 30 40 50 1 2 5 10 20 30 40 50 1 2 5 10 20 30 40 50

No Distraction/Read X X X X X X X X X X X X X X X X X X X X X X X X
No Distraction/Talk X X X X X X X X X X X X X X X X X X X X X X X X

No Distraction/Text X X X X X X X X X X X X X X X X X X X X X X X X

Read/Talk X X X X X X X X X X X X X X X X X X X X X X X X

Read/Text X X X X X X X X X X X X X X X X X X X X X X X X

Talk/Text X X X X X X X X X X X X X X X X X X X X X X X X

In the diametric goals scenario, the trajectories are most entangled at the center for the reading

behavior, while paths appear smoother for the texting behavior. The paths of the talking agents seem

even smoother than that of the undistracted agents. The reason for these perhaps unintuitive results

lies in the speed of the agents. When all agents are going the same speed as for undistracted agents,

they all meet in the middle at once and must navigate around each other, whereas when some agents

are talking and have reduced speed, by the time the talking agents reach the center some of the

normative agents have already made their way out of the center, so there is less congestion at the

center and therefore smoother trajectories. The same is true for talking and reading agents. Since

talking agents are even slower than reading agents, by the time they reach the center even more of

the congestion has cleared.

5.2.2 Egress Results

Results for the Egress scenario are summarized in Figure 5.7 which shows the crowd metrics across

all models and proportions. Table 5.1 summarizes the results from the statistical tests, showing at

what number of distracted agents the models became significantly different from each other. For

example, when looking at flow rate, the reading behaviour became significantly different from no

distraction when there were at least 40 reading agents, and so on.

The results of the experiment show interesting effects of distractraction modalities in the

bottleneck Egress scenario. While texting does not particularly impact flow rate or expended effort,

it has a significant impact on kinetic energy when the proportion of distracted agents in the crowd
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Figure 5.7: Graphs of the quantitative analysis for the four agent models and the proportion of
distracted agents in the egress scenario for (a) flow rate, (b) effort, and (c) kinetic energy.

Table 5.2: A table showing significant differences in dominance in crowd simulation metrics for
pairs of models and the number of distracted agents out of a total of 50 agents in the crossing groups
scenario. Significant differences are indicated by checkmarks (p < 0.05).

Flow Rate Effort Kinetic Energy
1 2 5 10 20 30 40 50 1 2 5 10 20 30 40 50 1 2 5 10 20 30 40 50

No Distraction/Read X X X X X X X X X X X X X X X X X X X X X X X X

No Distraction/Talk X X X X X X X X X X X X X X X X X X X X X X X X

No Distraction/Text X X X X X X X X X X X X X X X X X X X X X X X X

Read/Talk X X X X X X X X X X X X X X X X X X X X X X X X

Read/Text X X X X X X X X X X X X X X X X X X X X X X X X

Talk/Text X X X X X X X X X X X X X X X X X X X X X X X X

reaches 20%. Talking on the phone had a significant impact on flow rate and kinetic energy above

20% distracted agents. Thus it can be concluded that when the proportion of distracted agents in the

crowd reaches 20%, flow rate and kinetic energy are adversely impacted in mode dependent ways.

5.2.3 Crossing Groups Results

Figure 5.8 shows the plotted results containing the metrics across all models and their proportions.

Table 5.2 summarizes the results of the statistical tests for the Crossing Groups scenario. Qualitative

examples in the Crossing Groups environment can be seen in Figure 5.9 where agent paths are

shown.

The results generated from the Crossing Groups scenario are especially interesting. The extent
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Figure 5.8: Graphs of the quantitative analysis for the four agent models and the proportion of
distracted agents in the crossing groups scenario for (a) flow rate, (b) effort, and (c) kinetic energy.

(a) (b) (c) (d)

Figure 5.9: The trajectories in the crossing groups scenario of (a) 50 normative agents, (b) 40
normative and 10 distracted agents reading, (c) 40 normative and 10 distracted agents talking on the
phone, and (d) 40 normative and 10 distracted agents texting.
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(a) (b)

Figure 5.10: The trajectories in the simple wall scenario of (a) 50 normative agents, (b) 40 normative
agents and 10 distracted agents texting. In both cases, the initial positions and conditions were the
same. The inclusion of distracted agents disrupts the laminar flow.

to which laminar flow is disrupted by distracted pedestrians far exceeds expectations. An example

is shown in Figure 5.10. Even a single distracted agent in a crowd of 50 exhibiting the talking on

the phone or texting behaviours can significantly impact the flow rate of crossing groups. The same

is true for the reading behavior at 2 agents and all distracted behaviors in this paper at 5 agents out

of 50. Across distraction types, each type significantly differs from each other after around 2 out of

50 agents. This can be seen in Figure 5.9 which shows that agent paths are much smoother when

no distracted agents are present. Distracted agents disrupt lane formation behaviors commonly

observed in the real world which slows down other agents as well. These results show that simulating

distracted pedestrians in simulations is important and that different types of distractions can impact

crowd flow in remarkably different ways, which has important implications in our world where

distracted pedestrians on their cellphones is an increasingly common sight.
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Chapter 6

Experiments With An Attention Model

Following the preliminary experiments, the model was extended to include the visual attention

and reaction models described in Chapter 4, replacing the vision model of PAM. A second set of

experiments was conducted to evaluate the effects of these additional models on crowd authoring.

This chapter describes the experimental setup and results for these experiments.

6.1 Experiments

Experiments were conducted to evaluate the effects of the visual attention model, refocus model,

and fuzzy goal ellipsoid model and their parameters. Additionally, computational performance was

measured. Finally, some qualitative results were collected and examined.

Computational performance was measured first. This experiment was carried out in an open

environment in which 100 obstacles are generated and randomly placed in a grid like fashion,

and then agents and their goals are randomly placed at each trial. An example configuration of

this environment in shown in Figure 6.1. In this environment, the number of distracted agents

was gradually increased and the frame time in milliseconds was measured. A GPU-based system

using a NVIDIA GeForce GTX 1060 and an Intel i7-7700HQ CPU was used. The experiment was

conducted using Unity in Release mode.

To illustrate the effect of the refocus model, each parameter was varied in isolation while the

other parameters remained static. First, the intrinsic probability pi was examined in a scenario

space environment containing a fixed number of 20 distracted agents. The pi parameter was slowly

47



Figure 6.1: A possible configuration of the Scenario Space environment.

increased from 0 to 1 across trials but was homogeneous across all agents for any given trial. For

each trial, the number of refocus events was counted.

A similar process is used to demonstrate the effect of the pe value. Again the scenario space

environment was used. For 20 homogeneous distracted agents, the pe factor for all obstacles is

slowly increased from 0 to 1 and refocus events were counted.

Finally, the effect of the pv parameter was evaluated, this time using a unidirectional and

bidirectional flow scenario. In a unidirectional flow scenario, all agents are moving in approximately

the same direction, so the relative velocity between agents is going to be low in comparison to

a bidirectional flow scenario where groups are moving in opposite directions. In both scenarios,

refocus events are counted and compared to evaluate the impact of the pv.

The impact of the visual attention model for each of the distraction types in demonstrated in

the scenario space environment with 20 agents. All agents in each trial are homogeneous, however

for each experiment the distraction type and visual attention model is restricted so that only one of

the four types may be active - normative, reading, talking, or texting. For each distraction type, we

measure refocus events, collisions, and average path length. Then the distraction types are compared

against each other based on these measurements.
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Figure 6.2: A graph showing the increase in frame time in milliseconds as the number of distracted
agents increases.

To evaluate the impact of the fuzzy goal parameters, a single agent in the scenario space

environment is used. At each trial, random values for the maximum semi-major and semi-minor

fuzzy goal ellipse lengths are selected. Here, random values are chosen between 0 and 1, but higher

values for these parameters are also possible. A random goal for the agent is also selected. Then the

path length is measured for the agent.

6.2 Results and Discussion

6.2.1 Computational Performance

The results for computational performance in the scenario space environment are shown in Figure 6.2,

which shows the frame time in milliseconds as the number of distracted agents increases. The system

can support more than 200 distracted agents without a significant increase in frame time. However,

as the number of distracted agents increases towards 500, the frame time begins to increase. This

may improve with optimization of the implementation.
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Figure 6.3: The number of refocus events of each distraction model as pi values increase.

6.2.2 Refocus Model Parameters

Results showing refocus events for increasing values of pi are shown in Figure 6.3. As expected,

higher values of the pi result in higher numbers of look ups. Talking in particular shows higher

numbers of refocus events in general than other distracted behaviours, which is expected, because

the visual field for talking agents is larger. There may be more objects or agents in talking agents’

field of view and they remain in the field of view for longer, so the chances of a look up being

triggered by the pe and pv factors is higher.

Similarly, results showing refocus events for increasing values of pe are shown in Figure 6.4. As

expected, once again higher values correpond to higher numbers of refocus events.

As the pi and pe values increase, their impact on refocus events plateaus. This is because of

the high frequency of the probability checks. Since a frequency of 3 times per second was used,

even small increases in the pi and pe are enough to trigger a look up behaviour most of the time, so

further increases only have a small impact.

Finally, results showing refocus counts in uni-directional and bi-directional flow environments

are shown in Figure 6.5. As expected, the number of look up behaviours was slightly higher for
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Figure 6.4: The number of refocus events of each distraction model as pe values increase.
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Figure 6.5: The number of focus events for the different distraction models in (a) uni-directional
and (b) bi-directional groups.
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the bi-directional group environment. Texting agents had slightly more look up behaviours than

reading agents, which is somewhat unexpected. A possible explanation may be that because texting

agents move slower than reading agents, other objects and agents may remain in their visual fields

for longer, allowing more opportunity for look up triggers. Additionally, since texting agents move

slower, they take longer to reach their goals so they remain in the scene for longer, which means

there is more time for look ups to trigger.

6.2.3 Visual Attention Model Parameters

The results of the comparison across distraction types for refocus events, collisions, and path length

is shown in Figure 6.6. For look up events, talking had the most while talking and reading were

approximately the same. This is expected as talking has a much larger field of view so there is more

opportunity for the reaction module to trigger look up behaviours due to the pe and pv probability

checks. As expected, similar numbers of collisions as well as similar path lengths were recorded for

normative and talking modalities, with talking having slightly higher collisions and path lengths.

Surprisingly, reading had the most collisions in some cases, although the median for texters was

higher than for readers indicating that texters generally experience more collisions. One possible

reason readers may have had more collisions in some trials is that although the visual field is slightly

more reduced for texters than readers, readers also move with higher speed which may result in

more collisions. Path length was highest for readers and texters, and was slightly higher for readers

in some trials than texters which may be explained by the increased collision rate in some trials for

readers, which may cause them to be knocked away slightly from the optimal path. However, again

the median was higher for texters than for readers, indicating texters generally have longer paths

than readers.

6.2.4 Fuzzy Goal Model Parameters

The results showing the effect of the fuzzy semi-major and semi-minor lengths on pathlength is

shown in Figure 6.7. Path length is highest when the maximum semi-minor axis length is high and

the maximum semi-major axis length is low. In general however, path length tends to be higher

when the maximum semi-minor axis length is higher. This is expected, as the semi-minor axis
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Figure 6.6: Comparisons for the different distraction models in terms of (a) look up events, (b)
collisions, and (c) path length.

length defines the maximum amount of lateral deviation, which causes deviation from optimal paths

and so increases path length. Higher values of semi-major axis length also tend to yield higher path

lengths, but to a lesser extent and with more noise. Overshooting or undershooting may or may

not result in significant deviations from the optimal path, depending on the situation. In particular,

undershooting may not affect path length as much because when an agent reaches the fuzzy goal,

they will continue to the next waypoint which is often in the same or similar direction they were

headed. If they can’t see the next waypoint, the path is recomputed, which usually results in the

agent heading to the original waypoint, which would have minimal effect on the path length.

6.2.5 Qualitative Evaluation

The models were evaluated qualitatively in two indicative scenarios commonly used in crowd

simulation. Two oncoming agents with obstacles is the first scenario, and the second is two crossing

groups in a corridor.

Two agents in the oncoming obstacle scenario are placed at opposite sides and may potentially

cross paths while simultaneously navigating around obstacles. The paths taken by the agents

are shown in Fig 6.8. In all trials, both agents are performing the same distracted activity when

distracted, but a different activity was used in each trial so that comparisons could be drawn between

models. Normative and talking models still exhibit similar path trajectories due to the lack of lateral

deviation. There are clear deviations from the optimal path for reading agents, while the trajectories

for texting agents clearly show the agent that started on the left bumped the first obstacle it passed.

Additionally these evaluations were done using animated human avatars. Models were imported

from Mixamo with animations, and then configured using Unity3D’s Mecanim animation system.
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Figure 6.7: A surface representing the average agent path length as the semi major and semi minor
lengths of the fuzzy goal ellipse parameters increase.

(a) (b) (c) (d)

Figure 6.8: The paths taken by (a) two normative agents, (b) two distracted agents talking on the
phone, (c) two distracted agents reading, and (d) two distracted agents texting in the oncoming
obstacles scenario. Green, blue, and red highlighted paths indicate the location along their path an
agent was distracted.
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(a) (b) (c) (d)

Figure 6.9: The paths taken by (a) 50 normative agents, (b) 30 normative and 20 distracted agents
talking on the phone, (c) 30 normative and 20 distracted agents reading, and (d) 30 normative and
20 distracted agents texting in the crossing groups scenario. Green, blue, and red highlighted paths
indicate the location along their path an agent was distracted.

Figure 6.10: The paths taken by 30 normative and 20 distracted agents of all distraction models in
the crossing groups environment. Green, blue, and red highlighted paths indicate the location along
their path an agent was distracted.

In the crossing groups scenario, each group on opposite sides of the corridor had 25 agents for a

total of 50 agents. Figure 6.9 shows the results for this scenario. Texting and reading distractions

tended to occur more when the groups were further apart and less in the middle where the two

groups met. This is due to the pv triggering look up behaviour and also the increased number of

agents in the visual field which may cause the pe to trigger look ups. Since the talking on the phone

distraction is not interrupted, this distraction type continued even in the middle where the groups

met. The trajectories for agents in a trial with twenty intermittantly distracted agents performing all

three activities is depicted in Figure 6.10.

Figure 6.11 shows the visual field of a distracted agent just before and right after a look

up triggers. Finally, Figure 6.12 shows distracted agents crossing the street in a busy urban

environment.
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(a) (b)

Figure 6.11: A comparison of an agent’s visual field (a) before and (b) after triggering a look up
behaviour in the reaction module.

Figure 6.12: A screen capture of distracted and undistracted agents crossing at a crosswalk in a
virtual street environment.
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Chapter 7

Conclusion

Cellphone distraction while walking has become a commonplace phenomenon in many major cities,

as well as a major safety concern. This is reflected in new bylaws and fines for distracted walkers in

some cities, as well as the launch of safety awareness campaigns in others. The number of reported

injuries where a cellphone was involved is rising every year. Crowd simulations that include these

behaviours can help inform safety and urban design, and make streets safer for everyone.

This objective of this thesis was to explore whether distracted pedestrians have an impact

on crowd simulations. It presents a first approach to modelling distracted behaviours in crowd

simulations. The models presented use parameters based on extensive research of real world

distraction studies, and therefore are representative of ground truth. In addition to parameter values,

literature on real world distraction studies revealed important details that had significant impact on

the design of the model, such as lateral deviation, and peripheral vision loss while focusing on a

complex image constituting a high foveal load. With further research on real world distraction, I

believe even more advancements could be made to the presented models.

The model presented included several modules each handling an important aspect of distraction.

The fuzzy goal model was designed to simulate lateral deviation and undershoot/overshoot. The

distraction module and behaviour tree was responsible for triggering distracted behaviours and

setting the appropriate parameters for each behaviour in the steering layer. The visual attention

module represented an agent’s visual field while distracted or undistracted, and changed depending

on the current activities being performed by the agent. The refocusing module determined when

to trigger look up behaviour based on the active visual attention model and three Bernoulli trials
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conducted at every frequency check. Finally, a crowd authoring tool was designed to quickly and

easily generate crowds.

Three types of distractions were tested in two sets of experiments: talking on the phone,

reading on a phone, and texting. The first set of experiments used a restricted model without

the visual attention and reaction modules, and with a simplified circular fuzzy goal model. Still,

these experiments showed that accounting for even a few distracted pedestrians performing simple

cellphone activities has a significant impant on the resulting simulations both qualitatively and

quantitatively. In the Crossing Groups scenario, even a single distracted agent could have an impact

on overall crowd flow and statistics depending on the activity. All distracted activities impacted

crowd flow statistics after five out of fifty agents were distracted.

The second set of experiments used all the modules and an extended fuzzy goal ellipsoid model,

and showed the effect each parameter had on various experiment measures. These experiments

demonstrated the ability of the user to change the outcome by modifying parameters. The visual

attention model, which works by convolving two Gaussians togeting in polar coordinates, was also

demonstrated to have a clear impact on crowd simulation with distracted pedestrians, especially

when compared with the previous experiments. Computational perfomance was also measured,

showing the system in its current state is capable of simulating over 200 distracted agents without

a significant increase in frame time. Some surprising results were discovered, such that reading

actually causes more collisions in simulations than texting, which is likely due to the faster speed

reading agents are moving at. Finally, some qualitative results showed avatars walking around with

cellphones using a dynamic IK system, where the IK targets move in random directions around their

center in order to create a hand bobbing effect and avoid rigid looking animations.

Future work may include direct comparisons to ground truth, and additional models for other

cellphone distraction types or non-cellphone related distractions, as well as models for other non-

normative gait patterns such as those seen in Cerebral Palsy. Extensions could be made to the

reaction module such as look up behaviour triggered by sounds, which may not be within the agent’s

visual field and may or may not also be represented with egocentric fields. Diversified behaviours

including group behaviours that contribute to heterogeneity would help create realistically diversified

and high fidelity crowds.

58



Bibliography

[1] Valentina Agostini, Francesco Lo Fermo, Giuseppe Massazza, and Marco Knaflitz. Does
texting while walking really affect gait in young adults? Journal of neuroengineering and
rehabilitation, 12(1):86, 2015.

[2] Jan M Allbeck and Norman I Badler. Creating crowd variation with the ocean personality
model. 2008.

[3] Alexa Angster, Michael Frank, and David Lester. An exploratory study of students’ use of cell
phones, texting, and social networking sites. Psychological reports, 107(2):402–404, 2010.

[4] Gérard Bailly, Stephan Raidt, and Frédéric Elisei. Gaze, conversational agents and face-to-face
communication. Speech Communication, 52(6):598–612, 2010.

[5] Andrew Best, Sahil Narang, and Dinesh Manocha. Real-time reciprocal collision avoidance
with elliptical agents. In 2016 IEEE International Conference on Robotics and Automation
(ICRA), pages 298–305. IEEE, 2016.

[6] Jaeyun Cha, Hyunjin Kim, Jaemyoung Park, and Changho Song. Effects of mobile texting
and gaming on gait with obstructions under different illumination levels. Physical Therapy
Rehabilitation Science, 4(1):32–37, 2015.

[7] Michael E Cinelli and Aftab E Patla. Locomotor avoidance behaviours during a visually
guided task involving an approaching object. Gait & posture, 28(4):596–601, 2008.

[8] Catherine Coccia and Carol A Darling. Having the time of their life: College student stress,
dating and satisfaction with life. Stress and Health, 32(1):28–35, 2016.

[9] NCD Risk Factor Collaboration et al. A century of trends in adult human height. Elife,
5:e13410, 2016.
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