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During large gatherings of people, such as concerts and sporting events, the crowd
density can become very high in some areas. This causes a build-up of pressure as
people push against each other, which in turn can lead to potentially life-threatening
collective phenomena such as crowd crushes and crowd turbulence. As testified by
many reports and interviews, such phenomena are often exacerbated by the behavior
of people in less dense parts of the crowd, who typically remain unaware of the
danger and therefore keep pushing towards their target. As the failure to effectively
disseminate urgent information within a crowd makes it difficult to decrease the
crowd density to safe levels, it is clearly important to study the nature of information
transfer in high-density crowds.
The aim of this thesis is to investigate how information transfer between people in a
crowd is affected by crowd density and structure. High-density crowd conditions are
simulated by combining models of information transfer with spatial self-propelled
particle (SPP) models. First, I investigate some of the possible reasons why
information transfer might fail within a dense crowd. Second, I examine to what
extent effective information transfer can play a role in reducing crowd density by
making individuals respond by acting in a certain way, e.g. stop pushing, when
informed about an ongoing crowd crush. Results show how structural, environmental
and psychological factors influence information transfer, indicating that it might be
possible to prevent crowd crushes by raising awareness through, e.g., public
information campaigns.
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Chapter 1
Introduction
As people become tightly packed together in a crowd, density can reach
extreme levels where all individual control is lost. As the pressure from
surrounding bodies increases, so does the risk of injury or of death from asphyxiation caused by chest compression. Crowd disasters have a long history,
and the death toll of single incidents can be staggering. Contrary to common
belief, deaths in crowd accidents are not usually due to stampedes, but are
rather caused by compression asphyxiation in what is fittingly known as a
crowd crush [1]. The history of crowd disasters reminds us that unless appropriate measures are taken to ensure safety, a crowd can become a potential
death trap.
From reports and interviews we learn that a striking component of many
crowd disasters is that the people at the back of the crowd keep pushing
forward, oblivious to the fact that others are struggling for their lives a little
farther ahead [1, 2, 3]. This observation seems to indicate that exceptionally high densities cause the break-down of efficient information transfer and
coordination between pedestrians. This includes both visual-based information, as in dense crowds the field of view is clearly limited to a few neighbors,
and also verbal information. Whereas effective practices such as crowd management exist that aim to reduce the risks associated with mass gatherings
through e.g. the use of crowd control barriers, the mechanisms that prevent
verbal information from propagating within crowds are not well understood.
By using mathematical models, it is possible to simulate dense crowds of
various shapes and sizes [4]. However, existing models for crowd dynamics do
not incorporate verbal information transfer. Likewise, there are many models
for information transfer, but it is not well understood how the dynamics of
5

Figure 1.1: Dense crowd at the 2010 Love Parade electronic dance music festial in
Duisburg, Germany, about 90 minutes before the infamous crowd disaster. Photo
by Arne Müseler, licensed under CC BY-SA 3.0.

these models is affected when they are embedded into physical space [5, 6]. As
the connection between high-density and the failure of information transfer
is not yet understood, the aim of this thesis is to use mathematical modeling
to study the process of verbal information transfer in high-density crowds,
as well as to investigate the possible reasons why it fails.
In order to fulfill this aim, we first embed models of information transfer
into a spatial crowd model in such a way that the latter provides the physical
constraints that govern the dynamics of the former. We call the resulting
hybrid model the spatial information model (SIM). For the spatial model,
we use a modified social force model. Two different models of information
transfer are considered.
As a second step towards our goal, we use the SIM to investigate the
reasons why information transfer fails in high-density crowds. This is done
by simulating crowds composed of people with different attitudes and perceptiveness (represented in the SIM by using different parameter values).
6

The results indicate that small differences in crowd composition dictate if
information reaches the entire crowd, or stays confined.
Finally, we examine to what extent effective information transfer can
play a role in reducing crowd density, and hence pressure levels, by making
individuals respond in a certain way when informed about an ongoing crowd
crush. We use the term behavioral response when referring to a response to
information. Two behavioral responses are considered: (1) stop pushing and
(2) turn around and walk away. The results indicate that both behavioral
responses are indeed effective at reducing crowd pressure as long as a critical
mass of informed individuals is reached.
Chapter 2 presents some background on the subject of crowd disasters,
before giving a brief introduction to pedestrian and crowd dynamics as well
as models for information propagation. In Chapter 3 we introduce the SPP
crowd model, as well as our two models for information transfer, before
getting into the details of how to combine them into the SIM. In Chapter 4
we present the results of our investigations into why information fails in highdensity crowds and the effectiveness of behavioral responses to information.
Finally, Chapter 5 contains a discussion of the results as well as outlooks and
concluding remarks.

7

Chapter 2
Background
In this chapter, we briefly introduce the fundamental background for chapters 3 and 4, while at the same time providing some historical context and
highlighting gaps in the literature that are relevant to this thesis.

2.1

Crowd disasters

Crowds and mass gatherings are ubiquitous in human society. They form
whenever lots of people come together, such as during concerts, sporting
events, demonstrations and in busy city districts at rush hour, and usually
present no imminent danger.
People in crowds depend mainly on visual cues in a coordinated effort
to navigate efficiently and to avoid bumping into each other [7]. However,
coordinated movement gets increasingly difficult as crowds get denser, and
becomes impossible at densities of about 7 people per square meter [1]. We
use the term high-density crowd to refer to such dense crowd conditions.
In high-density crowds, physical interacions and the desire to reach a
(possibly common) destination are the dominant factors that govern crowd
behavior. This causes the emergence of phenomena such as stop-and-go
waves and crowd turbulence that may cause sudden forceful displacements
of people over considerable distances [3]. The associated compression causes
pressure that can reach dangerous levels and lead to compression asphyxiation within seconds, and the thermal insulation and heat provided by many
bodies tightly packed together add to the danger [1, 8, 9]. Crowd accidents
in which injury and/or death is due to high compression are known as crowd
8

crushes [10].
Crowd disasters have occured throughout human history. Examples in
more recent times include the Hillsborough disaster in 1989, where 96 people
died in a crowd crush during a soccer match between Liverpool and Nottingham Forest at Hillsborough football stadium in Sheffield, England [11],
and the Love Parade disaster in 2010, where 21 people died in a crowd crush
during a electronic dance music festial in Duisburg, Germany [10] (see Figure 1.1). A remarkable observation that has been made is that oftentimes
people in a crowd are completely unaware of a crowd crush happening not
too far away [1]. For example, this can be seen in video footage from the
Love Parade disaster, where people are calmly walking around only tens of
meters away from where people are dying from compression asphyxiation due
to high-density crowd conditions [2]. This makes it apparent that there is
a considerable risk that not only visual information, but also verbal information propagation fails in high-density crowds. This highlights the need to
study the process of information transfer in high-density crowds to both gain
a better understanding of the underlying causes for the failure of information
propagation and to improve crowd safety.

2.2

Pedestrian and crowd dynamics

The study of pedestrian behavior and crowd dynamics has received attention from the scientific communitiy over the last few decades. By observing
how crowds of people behave, it is possible to construct mathematical models
that can then be used to simulate pedestrian behavior in a myriad of different
situations. Practical applications are abundant in, for example, traffic planning and building design for effective emergency evacuation [12], where such
simulations can be used in lieu of costly, time-consuming and/or dangerous
experiments involving real humans [7, 3].
Early interest in the mathematical modeling of pedestrian behavior was
fueled by the realization that crowds of people move in ways that are similar to fluid and gas flows [13, 14]. Such models, which rely on field variables like density and mean speed to describe pedestrian flow, are known as
macroscopic models (see e.g. [15] for a review of macroscopic modeling of
pedestrians). Later, as computers became more powerful, it became feasible to construct models that simulate the behavior of individual pedestrians.
Such models are known as microscopic models, and include discrete cellu9

lar automaton models, in which individuals occupy cells in a grid [16], and
self-propelled particle (SPP) models. In an SPP model, autonomous agents
continuously update their positions according to certain rules. The term SPP
was first introduced by Viscek et al. in 1995 [17], but the concept had been
explored as early as 1986 by Reynolds in his famous Boids model [18]. The
agents in Reynolds model are called boids (bird-oid objects), and the rules
that they are governed by prescribe separation, i.e. they try to avoid to get
too close to each other, alignment, i.e. they try to move in the direction of
their peers, and cohesion, i.e. they try not to get too far away from each
other. Interstingly, these simple rules give rise to emergent flocking behavior,
similar to that found in flocks of birds and in schools of fish. Combinations
of macroscopic and microscopic models are also used [19].
In 1995, Helbing presented an SPP model for pedestrian dynamics in
which the movement of each individual is governed by social forces [20].
These social forces are not forces in the conventional sense of the word.
Rather, they represent the psychosocial motivation of each individual to behave in a certain way, e.g. to keep a certain distance from other pedestrians
and to try to move toward a target destination. The idea is to ascribe certain social forces to the pedestrians, and then let them behave as if these
forces were indeed conventional forces exerted on them by the environment.
Helbing’s social force model describe several phenomena that are observable
in real situations, e.g. the formation of lanes by pedestrians with a uniform
walking direction [20]. SPP models, such as Helbing’s, that operate by means
of social forces, are commonly referred to as social force models. For a review
of SPP models used in traffic and pedestrian modeling, see e.g. [4].
Social force models have been adapted in various ways to study highdensity crowds [21, 7, 22]. To accurately capture high-density conditions,
such models incorporate additional physical interaction forces (such as repulsive forces due to compression and friction forces due to individuals trying
to squeeze past each other). As noted above, high-density crowds are characterized by a breakdown of coordination based on visual cues. Therefore,
it is reasonable to assume that verbal communication is substituted for visual communication as crowds become denser. Social force models, however,
fail to account for this. This suggests that an alternative to, or a modification of, the social force model is needed in order to account for information
propagation in high-density crowds.
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2.3

Models of information transfer

The study of information propagation shares some features with the study
of other spreading phenomena, as found in e.g. theoretical epidemiology. In
fact, the mathematical modeling of rumor spreading traces its roots back to
the modeling of infectious disease using differenial equations [23, 24].
The use of differential equations to study spreading phenomena is based
on assumptions about the probability of interaction between agents (usually uniformly distributed) and the probability than an interaction leads
to contagion/propagation. Examples from epidemiology include the Kermack–McKendrick model and the relater SIR (susceptible, infectious, recovered) model. Other approaches are possible, and include using interaction
networks to describe which individuals are interacting. Each individual is
thought of as a node in the network, and an edge between two nodes is
created if the two corresponding individuals interact (in some way). For example, when modeling the propagation of information, agents can be either
informed or uninformed. If we assume that all informed agents are actively
propagating the information, we get a simple model by assuming that there
is a local threshold in the number of informed neighbors that an uninformed
agent must have in order to become informed itself [25]. Models of this kind
are common in sociology and economics, where they are used to study e.g.
the emergence of hits in markets and the diffusion of innovations. See [6] for
a review of models for social spreading phenomena.
For models that rely on an interaction network, it is clear that the topology of this network is of great importance when considering the dynamics
of the model. In recent years, various social media platforms have provided
concrete examples of such networks, and considerable effort has been put into
studying e.g. how network topology affects information propagation on such
platforms [26]. Conversely, this is not the case for physical space and spatial
networks, i.e. networks in which nodes and links are embedded into two- or
three-dimensional space. While spatial networks have received a fair bit of
attention recently (see [5] for a review of spatial network theory), their effects on information propagation have not been taken into consideration. In
the case of verbal information transfer in high-density crowds, the proximity
between informed and uninformed individuals is a limiting factor, and this
should somehow be reflected in the physical constraints on the interaction
network. Therefore, we argue that the spatial contact network between the
tightly packed individuals in the crowd (where individuals are nodes and links
11

represent physical contact) is the right framework to address this problem.
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Chapter 3
Models and simulations
This chapter introduces a self-propelled particle (SPP) model used for spatial modeling of high-density crowds in Section 3.1, as well as two different
models for verbal information transfer in Section 3.2 (the reason why only
verbal information transfer is considered is because high-density crowd conditions tend to restrict other forms of communication, such as the exchange
of visual information). Following this, in Section 3.3 we combine the spatial
crowd model with the information transfer models to obtain a the spatial information model (SIM): a model that describes information transfer within
a dense crowd. One way to think about this is that we are adding a psychological/communication layer to the purely spatial SPP model. Behavioral
response, which is a change in the behavior of an individual that occurs when
he/she becomes informed, is also discussed. Lastly, Section 3.4 contains details regarding the numerical simulations, including initial conditions and
parameter values for the SIM as well as a very brief discussion on the chosen
numerical integration methods.

3.1

Modeling high density crowds

For the purpose of simulating a high-density crowd consisting of N people (1,
2, 3 etc.) we use a two-dimensional social force model based on the models
described in [20] and [21]. This model has the general form

ẋα = vα
α ∈ {1, 2, . . . , N },
(3.1)
v̇α = Fα (t, x1 (t), . . . , xN (t)),

13

where xα (t) ∈ R2 is the position of the individual α, vα (t) ∈ R2 is the
velocity of α, and Fα (t, x1 (t), . . . , xN (t) ∈ R2 is the force acting on α at
time t (here we mean force in the extended sense, as described in Section 2.2,
since in addition to conventional physical interaction forces we also consider
social forces). Conceptually, this model provides a 2-dimensional view (from
above) of people moving around. Technically, it is a system of 4N ordinary
differential equations (this can be seen by writing out the components of
Equation (3.1)) that is reminiscent of a Newtonian dynamical system with
the masses m1 , . . . , mN of the bodies all set to 1. In the rest of this section,
we describe our particular model, which amounts to defining Fα . First, we
introduce some notation and terminology that facilitates the transition from
concept to mathematical model.
Remark. In order to keep the disposition tidy, we frequently write xα instead of xα (t) and Fα instead of Fα , (t, x1 (t), . . . , xN (t) etc., whenever it is
understood that the quantity that we are referring to is dependent on temporal
and/or spacial variables.
Each person α in our model is represented by a disc in the plane centered
at xα . This disc, although two-dimensional, should be thought of as the
physical body of α, and its radius is rα ∈ R. Moreover, each person has
a target destination x0α ∈ R2 that it tries to reach, as well as a preferred
walking speed vα0 .
Remark. In those cases where rα = rβ for all α, β ∈ {1, 2, . . . , N }, we drop
the subscript and write r instead of rα etc.
In addition to the N people, there are also W walls that populate our
model. Each wall ω is represented by a closed line segment in the plane.
Remark. Since people and walls can look strikingly similar in a mathematical expression, we adopt the convention to use the letters α, β and γ when
referring to people, and the letters ω and ψ when referring to walls.
With the aim of describing high-density crowds, the force Fα can be
written as a sum of four different contributing terms,
Fα = Fαpropulsion + Fαrepulsion + Fαfriction + Fαnoise ,

(3.2)

each of which can be interpreted as either a physical interaction force or a
psychological force. First we have the self-propulsion force Fαpropulsion , representing the attempt of α to reach its target destination at its preferred
14

speed. Then we have the repulsive force Fαrepulsion , which is the sum of collision forces arising from bumping into people in the crowd and/or walls. Next
we have the friction force Fαfriction that takes into account the sliding friction
force encountered when people squeeze past other people and/or walls. Finally, a random force F noise is added to the emulate random fluctuations in
environmental stimuli and human perception. Among other things, it serves
the purpose of resolving potentially ambiguous situations that may arise in
simulations. For an example of a such situation, consider a small obstacle
that must be passed on either the left or the right side, but neither side would
have been favored by the model if it had not included some sort of random
term.
We need to describe each of these four forces in more detail, but in order
to do so, we first need to introduce some new notation and useful definitions
that will facilitate our exposition later on.

3.1.1

Some useful definitions

We need to keep track of the desired directions of individuals in the crowd.
i.e. the directions in which people are trying to move. To this end, let α
be a person and define dbα to be the unit vector pointing from xα toward its
target destination x0α . That is, let
x0α − xα
.
dbα :=
||x0α − xα ||
Unless otherwise stated, we will assume that α is always facing in this direction.
b αβ =
Next, for any two distinct α and β, let dαβ := ||xα − xβ ||, and let n
1
2
(nαβ , nαβ ) denote the unit vector pointing from xβ toward xα , i.e. let
b αβ :=
n

xα − xβ
.
||xα − xβ ||

b αβ obtained
Let tbαβ := (−n2αβ , n1αβ ) denote the unit vector perpendicular to n
b αβ counterclockwise by π/2 radians.
by rotating n
Now, consider a person α and a wall ω. We define dαω to be the distance
between xα and ω, by which we mean the length of the shortest line segment
connecting xα and ω. That is
dαω := inf {||xα − y|| | y ∈ ω}.
15

tbαω
ω
b αω
n
dαβ
xα
dbα

rα
b αβ
n

x0α

xβ

b βψ
n

ψ

tbαβ
dβψ
Figure 3.1: Graphical explanation of the vectors and scalars defined in the model.
The disc α, centered at xα and of radius rα , is shown together with its target
destination x0α and desired direction dbα . The disc β is shown centered at xβ , as
b αβ , pointing from xβ to xα , and tbαβ , obtained by rotating
are the unit vectors n
b αβ counter-clockwise by a quarter revolution. The unit vector n
b αω points from
n
b βψ points from ψ toward xβ . By rotating n
b αω
the wall ω toward xα , just as n
b
counter-clockwise by a quarter revolution we obtain tαω . The distance from xα to
xβ is dαβ , and the distance from xβ to ψ is dβψ . Additionally, since, the discs do
not intersect, i.e. since dαβ > rα + rβ , we have gαβ = 0. Similarly, since neither of
the discs intersect a wall, we have gαω = gαψ = gβω = gβψ = 0.
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b αω = (n1αω , n2αω )
Let y be the unique point on ω that realizes dαω , and define n
to be the unit vector
xα − y
b αω :=
.
n
||xα − y||
b αω points from ω towards xα and is perpendicular to ω whenever
Note that n
the orthogonal projection of xα onto the straight line defined by ω lies on
ω. Following the same pattern as above, we let tbαω := (−n2αω , n1αβ ), and note
b αω is orthogonal to ω.
that tbαβ is parallel to ω whenever n
Finally, let gαβ and gαω be functions that indicate collisions between distinct agents and between an agent and a wall in the sense that

1 if dαβ ≤ rα + rβ
gαβ :=
0 otherwise
and


gαω :=

1 if dαω ≤ rα
.
0 otherwise

Note that gαβ is not defined for α = β.

3.1.2

An asocial force model for high-density crowds

We now proceed to describe the forces that appear in the crowd model.
The propulsion force Fαpropulsion is given by
Fαpropulsion = µα (vα0 dbα − vα ),

(3.3)

where µα ∈ R is a positive constant. This means that α will tend to restore
its preferred walking speed vα0 in its desired direction dbα with the relaxation
1
unless it is hindered somehow.
time τα =
µα
The repulsion force Fαrepulsion results from collisions with other agents and
walls and is given by
Fαrepulsion

3/2
dαβ
b αβ
:= 
n
r
α + rβ
β6=α

3/2
X
dαw
b αω ,
+
gαω 1 −
n
rα
ω
X


gαβ 1 −

17

(3.4)

where the first sum is over all agents except α and the second sum is over all
walls, and  ∈ R is a positive constant. Collisions between humans are modeled as soft-body collisions between their respective discs, and collisions with
walls are treated similarly, with the difference that walls are rigid. Higher
values of  result in stiffer collisions, whereas lower values allow a greater
degree of interpenetration of the discs.
Furthermore, individuals experience compression, or pressure, due to
physical interactions with their neighbors. In particular, this is due to radial forces, and we compute it from repulsion forces. We let pα denote the
pressure experienced by α and define it as the sum of the magnitude of the
repulsive collision forces that are acting on α divided by 2πrα . That is

3/2
dαβ
 X
b αβ
gαβ 1 −
n
pα :=
2πrα β6=α
rα + rβ
(3.5)

3/2
dαw
 X
b αω .
gαω 1 −
+
n
2πrα ω
rα
This definition is an adaptation to a two-dimensional context of the definition
of pressure as force divided by area. Instead of using the two-dimensional
surface area of α (as would be the case in 3-dimensional space) we use the
circumference of its disc, i.e. the length 2πrα . Additionally, we do not take
into account the fact that pressure might be unevenly distributed along the
circumference of the disc. These simplifications facilitate computations significantly, but are insufficient for producing realistic predictions of pressure
levels that can be compared with experimental data on lethal and/or dangerous crowd situations. However, for our purposes, it suffices to be able to
roughly estimate how pressure levels in one part of the crowd compare to
those in other parts, and how pressure varies with time.
The friction force Fαfriction is given by
3/2 


X
dαβ
friction
(vβ − vα ) · tbαβ tbαβ
Fα
:= κ
gαβ 1 −
rα + rβ
β6=α
(3.6)

3/2 

X
dαw
−κ
gαω 1 −
vα · tbαω tbαω ,
r
α
ω
where the first sum is over all agents except α and the second sum is over all
walls, and κ ∈ R is a positive constant. Note that (vβ − vα ) · tbαβ is the speed
18

of α relative to β in the direction that is perpendicular to the line connecting
xα and xβ . Similarly, vα · tbαω is the speed of α in the direction of the wall ω.
The last of the forces is the random force F noise . It is given by
Fαnoise := ηα ,

(3.7)

where ηα ∈ R2 is a random vector drawn from the multivariate Gaussian
distribution N2 (µ, Σ) with mean µ = 0 and covariance matrix


σ 0
Σ :=
.
0 σ

3.1.3

List of notation

The following list is included for convenient look-up of the notation introduced in this section. Some of the entries are illustrated in Figure 3.1.
N
α, β, γ
W
ω, ψ
xα
rα
vα
vα
vα0
pα
x0α
dbα
dαβ
dαω
b αβ
n
b αω
n
b
tαβ
tbαω
gαβ

Number of people in the crowd.
Letters used to denote individuals in the crowd.
Number of walls.
Letters used to denote walls.
Position of α.
Radius of α.
Velocity of α.
Speed of α.
Preferred speed of α.
Pressure experienced by α.
Target destination of xα .
Unit vector pointing from xα toward x0α .
Distance from xα to xβ .
Distance from xα to the wall ω.
Unit vector pointing from xβ toward xα .
Unit vector pointing from the wall ω toward xα .
b αβ counter-clockwise
Unit vector obtained by rotating n
by a quarter revolution.
b αω counter-clockwise
Unit vector obtained by rotating n
by a quarter revolution.
Function that indicates whether the discs of α and β
intersect (1) or don’t (0).
19

gαω
Fα
Fαpropulsion
µ
Fαrepulsion

Fαfriction
κ
Fαnoise
σ

3.2

Function that indicates whether the disc of α and the
wall ω intersect (1) or don’t (0).
The sum of all forces acting on α.
Propulsive (social) force acting on α.
Parameter indicating the strength of Fαpropulsion .
Repulsive collision force acting on α.
Parameter indicating the strength of Fαrepulsion .
Friction force acting on α.
Parameter indicating the strength of Fαfriction .
Random fluctuation (social) force acting on α.
Parameter appearing in the covariance matrix σI of the
multivariate Gaussian distribution from which Fαnoise is
drawn.

Two models for information transfer

There exist many models of information transfer. As opposed to the SPP
crowd model described in the previous section, such information transfer
models usually are not concerned with the constraints of physical space, but
rather assume that interactions between individuals occur randomly, or are
described by a social network, i.e. a network that represent some kind of
social relations that may or may not be time-dependent (see e.g. [27]). Here
we describe two such models that can be used to model the propagation of
verbal information, and that we then use to construct the spatial information
model. We call these models the threshold model and the dose model.
To stay consistent with the terminology used in Section 3.1, we refer to
the agents in our information transfer models as individuals. At any point
in time they are either informed (I) or uninformed (U ). Notice that the
information transfer models described below are discrete, as opposed to, for
example, the continuous SPP models. Starting at t = 0, the models proceed
by steps of one to t = 1, 2, 3, . . . , tmax . The process of information transfer
can be described by a directed information network, where each individual is
a node the (directed) edges describe the directions of the flow of information.
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3.2.1

The threshold model

The idea behind the threshold model is that an uninformed individual has
a chance to become informed only when it interacts with enough informed
people, e.g. when it is connected to enough informed agents in the social
network. To each individual α we associate a positive integer which we
call its influence threshold and which we denote by ITα , and a probability
Aα which we call its attentiveness. ITα represents the minimum number
of informed neighbors that α needs to interact with to become informed
itself. Easily influenced individuals that tend to trust the information they
receive have a low influence threshold, whereas more stubborn individuals
have a high influence threshold (hence the name). However, even if α has
ITα or more informed neighbors, there is a chance that the communication
between α and some of these neighbors fails, e.g. in the presence of a lot of
environmental noise or other sources of distraction. To account for this, each
informed neighbor only succeeds in communicating with α with probability
Aα . Newly informed individuals do not distribute information until the next
time step, and once informed, an individual stays informed indefinitely.
One appealing aspect of the threshold model is its simplicity. When
the attentiveness of all individuals is set to 1, information propagation is
determined entirely by the structure of the social network. For this reason,
it is a valuable tool for studying the dissemination of verbal information in
crowds.
Remark. A variation of the threshold model model is obtained by letting
informed individuals stay informed only for a fixed amount of time, instead of
retaining their informed status indefinitely. However, in most of the specific
cases that we will consider, this modified model does not substantially change
the outcome of simulations.

3.2.2

The dose model

The dose model differs from the threshold model in that the process of becoming informed might not always be instantaneous. Instead, an individual is
exposed to doses of information from its informed neighbors in the social network. These exposures add up over time according to certain rules, and may
eventually cause uninformed individuals to become informed once enough
information has been collected. The dose model is a variation of a similar
model introduced by Dodds and Watts in [28], an we use it to represent a
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Figure 3.2: Relationship between DT and DD. As long as the ratio of the dose
threshold DT to the upper limit u of the uniform dose size distribution U(0, u)
is held constant, then the value of DT does change the dose model’s behavior.
For each ratio a : b, fifty simulations were run with dose thresholds drawn from
the uniform distribution U(10−1 , 103 ). The dose size distribution DD was set to
U(0, b · DT /a), and the mean ratio of informed individuals was plotted against
time. Two standard deviations are shown on either side of the mean.
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more realistic situation (as opposed to the simpler threshold model) where
individuals gather information over time instead of rushing to conclusions.
The model is characterized by a fixed probability distribution DD, which
we call the dose-size distribution and from which we draw the amount of
information that is passed in each interaction between an informed and an
uninformed individual, and a memory M ∈ N∪{∞} representing the number
of time steps that a dose of information can be kept in memory. Additionally,
to each agent α we associate the attentiveness Aα , representing the probability that communication between α an an informed neighbor is successful,
and a real number called the dose threshold and denoted DTα , representing
the minimum amount of information that α needs to possess in order to become informed. Thus, attentiveness represents the same phenomenon in the
dose model as in the threshold model, and the dose threshold serves a similar
function to the influence threshold in the threshold model.
The dose model works as follows. At each time step t, an uninformed
individual α has the chance to receive an information doses from each informed neighbors. More specifically, for every informed neighbor, α receives
an information dose drawn from DD with probability Aα . We denote the
sum of all information doses received by α at time t by dα (t), and define the
dose count of α at time t, denoted DCα (t), to be the real number
DCα (t) :=

t
X

dα (s).

s=t−M +1

That is, DCα (t) is the sum of all doses of information that α has received
during the M time steps leading up to and including t. In particular, if M =
∞, then DCα (t) is the sum of all doses of information that α has received
up until and including t. As soon as α has gathered enough information it
becomes informed. This happens when DCα (t) ≥ DTα . Newly informed
individuals do not distribute information until the next time step, and once
informed, an individual stays informed. For the sake of simplicity, we will
only consider uniform distributions (continuous or discrete) for the dose size
distribution. indefinitely.
Remark. If the dose thresholds DTα and the dose size distribution DD are
rescaled by the same factor, then the behavior of the dose model does not
change. For this reason the dose threshold will be normalized to U(0, 1) unless
otherwise stated. Figure 3.2 illustrates this fact in the context of the spatial
information model (see Section 3.3).
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xβ
dbα
xα

φα

x0α

xγ

Figure 3.3: Graphical explanation of the interaction zone. To determine whether
an agent is adjacent to α in the social network, we need to check two conditions:
(1) that it touches α, i.e. that its disc intersects α’s disc, and (2) that its position,
i.e. the center of its disc, is inside α’s interaction zone. Above we see that β is
inside α’s interaction zone but does not touch α, and that γ intersects α but is
not inside α’s interaction zone. Hence α is adjacent to neither β nor γ.

Remark. If M = 1, DD = δ(1) (i.e. takes the value 1 with probability 1)
for each agent α, then the dose model coincides with the threshold model with
DTα = ITα .

3.2.3

List of notation

The following list is included for convenient look-up of the notation introduced in this section.
α, β, γ
Aα
DCα
DDα
DTα
DTM

Letters used to denote agents.
Attentiveness of α.
Dose count of α.
Dose size distribution of α.
Dose threshold of α.
Memory of α.
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3.3

The spatial information model (SIM)

We are now in a position to combine the SPP crowd model with the information transfer models. The idea is straightforward: each individual in the
SPP model becomes an individual in the information transfer model, with
the the social network substituted with the contact network from the SPP
simulations. The contact network is a spatial network in which the nodes are
individuals and the edges represent physical contact. The topology of this
network is directly linked to the spatial structure of the crowd (how people
are packed etc.). This allows us to use this model to study how spatial constraints and high density influences verbal information transfer. We use the
name spatial information models (SIMs) to refer to models such as this one,
in which a SPP model provides the underlying interaction network for an
information transfer model. Whenever we need to distinguish between the
two constituent parts of the model, we will refer to them as the spatial layer
and the information layer.
In our particular SIM, the interaction network is defined as follows: an
individual α is a neighbor of β if they are in physical contact (i.e. their discs
intersect) and xβ is inside α’s interaction zone. The interaction zone of α is
the subset of the plane given by
{x ∈ R2 | dbα · (x − xα ) ≥ ||x − xα || cos(φα /2)},
where φα ∈ [0, 360] is the interaction angle of α. This angle is meant to
account for the fact that it is easier to keep track of what’s in front of you than
what’s behind you. Thus, we can summarize the definition of the interaction
network in a concise way by declaring α to be a neighbor of β if
dαβ ≤ rα + rβ

b βα ≥ cos(φα /2)
and dbα · n

both hold true (see Figure 3.3). This definition captures the fact that communication in high-density crowd conditions might only be possible between
people that are right next to each other, and that facing away from a source
of information tends to make communication difficult.
Since we want to simulate situations in which information originates from
actual crowd conditions (in our case, a crowd crush or a similar situation involving high pressure and/or discomfort), all of our simulations start with
uninformed individuals amassing at the same target destination x0 . As a
crowd quickly forms, density and pressure increase. At this point, we consider two trigger mechanisms by which uninformed individuals can become
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informed. The first mechanism introduces a critical pressure level p0 . Whenever an individual α is experiencing pressure equal to or above p0 , then α
becomes informed along with all its neighbors in the crowd. The second
mechanism picks the individual who is experiencing the greatest pressure at
a given time step t0 , along with all its neighbors, and makes them informed.
Both of these mechanisms are intended to simulate a scenario in which people
involved in a crowd crush, or who are experiencing severe discomfort arising
from high-density crowd conditions, try to inform others of the danger, in
the hope that this will eventually mitigate the situation.

3.3.1

Modeling behavioral response

We use the term behavioral response to refer to any change in the behavior
of an individual that takes place once the individual becomes informed. We
consider two behavioral responses.
The first behavioral response is to stop moving toward ones target destination. That is, once α becomes informed, Fαpropulsion is set to 0 for the rest
of the simulation. We call this the S-response (S for stop).
The second behavioral response is to start moving away from one’s target. This is accomplished by reversing the direction of dbα once α becomes
informed. We call this the R-response (R for reverse). A consequence of
the R-response is that agents immediately turn around and face the opposite
direction once they become informed. In tight crowd conditions this might
be unrealistic, as the friction and pressure imposed by surrounding bodies
would most likely not allow such swift movements.

3.3.2

List of notation

The following list is included for convenient look-up of the notation introduced in this section.
p0
t0
φα

Critical pressure level.
Time at which a crowd crush, or similar event, is triggered.
Interaction angle that defines the extent of the interaction zone of α.
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3.4

Numerical simulations

Recall that our asocial force model is expressed as a system of differential
equations (and hence is continuous). However, analytic solutions are unfeasible due to the large amount of agents and the nonlinear nature of the
interactions involved. Hence, our model needs to be discretized and solved
numerically. For this, we use the Velocity Verlet method. When integrating
the SIM we also need to ensure that the discretization is such that each time
step for the spatial layer corresponds to a time step for the information layer.

3.4.1

Initial conditions and parameter values

At time t = 0, each individual is given a random starting position inside a
L × L simulation box in the sense that, for all α, both components x1α (0)
and x2α (0) of xα (0) are drawn from the uniform distribution U(0, L). Moreover, for all α, we set the initial velocity to 0. The initial condition on the
information layer is equally simple: every individual is uninformed at t = 0.
The number of individuals N in the crowd is set to 200, each with radius
0.5 and preferred speed 1. In order to simulate a high-density crowd gathering
in front of a stage (or pushing towards a emergency exit or an entrance gate),
all target destinations are set to the point (50, 25), i.e. the midpoint of the
right edge of the simulation box, and a single wall running the length of
that same edge prevents the crowd from spilling over onto the stage. As for
the rest of the parameters, they are, unless otherwise stated, set as follows:
µ = 1,  = 25, σ = 1 and κ = 25. These values have proved effective for
simulating characteristic aspects of high-density crowd conditions, such as
jamming at doors when many people try to enter or exit simultaneously.
Except for in Section 4.2.1, the interaction angle φ will always be 360◦ .
For the critical pressure level p0 , we use the value 31. Since our model
is highly simplified, it is difficult to pick this value from experimental data
about dangerous or deadly pressures [8]. Therefore, we look at how the crowd
is packed: the average first neighbor distance is approximately 0.8, i.e. on
average individuals overlap 0.2 units, while the maximum overlap observed
is around 0.5. We therefore assume that an uncomfortable pressure p0 would
correspond to an overlap of 0.35, and use the formula for F repulsion multiplied
by 6 neighbors, with the parameter values described above, to compute it.
Using the parameter values described above, this has proved to be a pressure
level that a few individuals in the central part of the crowd will experience
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Figure 3.4: Screenshots from a typical run of the SIM with R-response For
the information layer of the SIM, the threshold model with IT = 2 and A = 1
was used. The direction of each individual is indicated with a line segment, and
informed individuals are colored red. (a) At t = 0, all individuals assume random
starting positions. (b) At t = 10, the crowd begins to form against the wall due to
individuals trying to reach a common point of interest. (c) At t = 25, the crowd is
growing as more people arrive at the edges. (d) At t = 50 the crowd is fully formed.
The information transfer process starts where local pressure exceeds p0 . (e) At
t = 56, information has spread to a large portion of the crowd and. accordingly,
informed individuals reverse their desired direction. (f) At t = 67, everyone is
informed and moving away from their target destination (in accordance with the
R-response).
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once the crowd has fully formed.
With this choice of parameters, in a typical simulation run the crowd
forms a stable aggregate with a very dense center after about 50 time steps.
After this, we observe only slight changes in the contact network in the
less dense parts (i.e. at the edges) of the crowd. Information starts to
propagate as soon as someone in the crowd becomes informed (either due
to experiencing a pressure larger than p0 , or through the trigger mechanism
described in Section 3.3) and depending on the values of the parameters of
the SIM it will remain confined or expand to the whole crowd (see Figure
3.4).

3.4.2

Verlet integration

There are many numerical integration methods that can be used to integrate a system such as (3.1). A method commonly used in molecular as
well as pedestrian dynamics is Verlet integration (which, depending on the
field of study, may also go by the name of the Störmer, the Störmer-Verlet,
the Newton-Störmer-Verlet or the Leapfrog method, although Leapfrog is
also the name of a related, but slightly different, integration method), or
the closely related Velocity-Verlet method. To get a feel for what Verlet
integration is, consider the system

ẍ(t) = f x(t) .
(3.8)
Now, consider the central difference approximation to the second derivative
ẍ, that is, consider the expression
xt+1 − xt xt − xt−1
−
xt+1 − 2xt + xt−1
∆t
∆t
=
.
∆t
∆t2

(3.9)

By substituting (3.9) for ẍ in (3.8) we obtain, after rearranging, a discretization of (3.8) on the form
xt+1 − 2xt + xt−1 = f (xt ) ∆t2 .

(3.10)

This discretization is known as the Verlet method.
For this thesis, numerical integration of the system (3.1) for simulations
was done using the Velocity-Verlet method. An in-depth discussion about the
reasons why this particular method is well-suited for simulating pedestrian
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dynamics is beyond the scope of this thesis. Suffice it to say that it has many
desireble properties, such as being numerically stable and time-reversible.
See [29] for a brief discussion on the use of Verlet integration in the context
of pedestrian dynamics, including performance evaluation of a particular
implementation.
In contrast to many other common integration methods, such as Euler
and Runge-Kutta methods, both the Verlet and the Velocity-Verlet methods
are symplectic, and hence geometric, integrators. The interested reader is
referred to [30] for a thorough examination of the properties of geometric
integrators.
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Chapter 4
Results
In this chapter we present the main results obtained by running simulations
of the two versions of the SIM to study how information transfer in a crowd
is affected by crowd density and structure. In particular, our aim was to
investigate the possible reasons why information might fail to spread to the
entire crowd, and to look at how effective information transfer, in conjunction
with an appropriate behavioral response, can help reducing crowd density to
safe levels. Since, to our knowledge, this is the first time a model of information transfer is explicitly embedded into space, and constrained by physical
conditions, another aim was to get an insight into the spatial embedding
process.
Throughout this chapter we will refer to the SIM model by the name of its
embedded information transfer model. That is, if the information layer of the
SIM is the threshold model, then we will refer to the SIM as the “threshold
model”.
Section 4.1 introduces and defines the quantities that we measured during
simulation runs, including ratios of informed to uninformed individuals and
the speed of information transfer. In Section 4.2 we present our results about
rates of information transfer for the threshold model, and in Section 4.3 we
present our results for the dose model. In Section 4.4 we look at how different
behavioral responses to information affect crowd pressure. Unless otherwise
specified, results are obtained by averaging over two hundred simulation runs
with the same parameters and random initial conditions.
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4.1

Observed quantities

Two quantities that are of fundamental importance to our study of information transfer in high-density crowds is the number of informed individuals
and the number of uninformed individuals, denoted I and U respectively. In
practice, we usually prefer the work with the ratio of informed individuals
i := I/N . Recall that, once informed, individuals stay informed indefinitely.
A consequence of this is that i is a monotonically increasing function with
respect to time. It is natural to ask what the limit of this function is as t goes
to infinity. We call this ratio the maximum ratio of informed individuals, and
denote it by imax . Hence, we have
imax := lim i(t).
t→∞

(4.1)

Note that imax is well defined since i(t) is monotone and bounded.
Since all crowds eventually disperse, the limit at infinity of i(t) is of limited
practical importance in a real crowd, unless it is reached rather quickly. This
is especially true since, in an emergency such as a crowd crush, time is of great
importance [1]. Hence, late information might be as bad as no information
at all in these situations. We denote the time step at which imax occurs by
timax . In all cases that we consider, imax is reached within a few hundred
time steps.
When different parameter values give similar or identical ratios of informed individuals, but the time it takes to reach them is different, the
speed of information transfer, which we denote by vI , becomes an interesting
quantity to consider. We define it as
vI :=

Imax
,
∆t

where ∆t is the number of time steps from the onset of information transfer
until imax is reached.

4.2

Information transfer in the threshold
model

We begin by looking at crowds with attentiveness A = 1. Crowds with
uniform influence threshold, IT , from 1 to 6, were studied first. Influence
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Figure 4.1: Main results for the threshold model. (a) Maximum ratio of informed
individuals as a function of different values of the influence threshold. (b) Maximum ratio of informed individuals plotted against the ratio of high-IT individuals
for crowds with different mixed IT . (c) Histogram showing the distribution of
imax for crowds with mixed attention thresholds drawn from U{1, 5}.
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thresholds greater than 6 essentially prevents information propagation, since
most parts of the simulated crowds consist of individuals in hexagonal packing configurations, i.e. with 6 neighbors. Interestingly, it turns out that
imax = 1 only when IT ≤ 2, after which this ratio plunges. For IT = 3
only about half the crowd becomes informed, and for IT = 4 the ratio is less
than a quarter. Greater values than 4 ensures that practically no information
transfer takes place, and information remains confined to a few individuals
in the center of the crowds (see Figure 4.1 (a)).
Crowds composed of individuals with either of two possible influence
thresholds provide a bit more variation. We call these mixed-IT crowds,
and characterize them by the ratio of individuals with the higher influence
threshold. We simulated different combinations of IT thresholds: 1 and 3, 1
and 4, 1 and 5, 2 and 4, by varying the ratio of high-IT individuals from 0
to 1 in steps of 0.05. Results show that even in crowds with a rather high
ratio of low IT individuals, reaching imax = 1 quickly becomes unattainable
as individuals with high IT are added to the mix, as can be seen in Figure
4.1 (b).
Lastly, we considered crowds composed of individuals with influence thresholds varying from 1 to 5. This might be considered a more realistic case, with
large individual differences in susceptibility to information. For each individual α, ITα was drawn from the uniform distribution U{1, 5}. In this case
we observe that information never reaches the whole crowd, and the chance
of imax exceeding 0.5 is very small (4.1 (c)).
When attentiveness decreases, i.e. for A < 1, we expected information
transfer to slow down. For example, with A = 0.5, an individual α with
ITα = 3 and exactly three informed neighbors will only have a 12.5% chance
to become informed, and the expected number of time steps before α becomes informed is 8 under the assumption that this configuration is stable.
From this reasoning, we argued that reducing the attentiveness would only
increases the time it takes to reach imax . To check this prediction, we simulated a mixed-IT crowd with influence thresholds 2 and 4 at decreasing
attentiveness from 1 to 0 in steps of 0.1, and measured the ratio of informed
individuals after 200 time steps. The results are summarized in Figure 4.2
(a), and confirm our expectations. For example, when the ratio of individuals with IT 4 is 0.4, a ratio of informed individuals of about 0.8 is reached
with A = 1, whereas this ratio drops to 0.3 when A = 0.3. After this, we
wanted to investigate how the time timax to reach imax increased when IT
decreased. To this end, we used the observed values of imax for A = 1 as
34

1

0.9

0.2
0.4

0.2

0.8

150

attentiveness, A

0.6

0.8

0.98

0

20

0.6

0.7

0.6

0

0.2

0

30

200

0.4
.2
0

0

max

(b)

0.4

(a)

0.8

attentiveness, A

Time, t i

Max ratio of informed, i max

1

450

0.5
0.4

0.6

0.8

1

0

ratio of individuals with IT 4

0.2

0.4

0.6

0.8

1

ratio of individuals with IT 4

Figure 4.2: The role of attentiveness in the threshold model. (a) Heat map
showing how the ratio of informed individuals reached after 200 time steps varies
with attentiveness A and ratio of high-IT individuals in a mixed crowd with influence thresholds 2 and 4. (b) Heat map showing the average number of time steps
needed to reach the same ratio of informed individuals imax as when A = 1, for
different attentiveness values and ratio of high-IT individuals in a mixed crowd
with influence thresholds 2 and 4.
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Figure 4.3: Effect of directionality in threshold model. The maximum ratio of
informed individuals is plotted as a function of the interaction angle φ for crowds
with uniform IT as well as IT drawn from the uniform distribution U{1, 5}.

a reference, and then ran simulations with the same parameters, but with
decreasing attentiveness from 0.9 to 0.5 in steps of 0.1, until imax reached
the corresponding reference value. Figure 4.2 (b) summarizes the results of
these simulations which, again, confirmed our expectations. For example,
when the ratio of individuals with IT 4 is 0.4, A = 1 gives a timax of around
150 time steps, whereas this value is about 250 time steps when A = 0.5.
The reason why we did not consider values of A less than 0.5 is because this
causes very long simulation run times.

4.2.1

Effect of directionality

We use the term directionality to refer to how the SIM incorporates the viewing direction and the interaction angle φ when constructing the interaction
network. Recall that an individual α can only receive information from individuals inside its interaction zone (see Figure 3.3). Until this point, we have
only considered the case φ = 360◦ . While we can certainly hear sounds that
are coming from behind us, it is reasonable to assume that, in a high-density
crowd environment, facing a speaker facilitates verbal communication.
The effect of directionality in the threshold model was studied for crowds
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xα

120◦

Figure 4.4: Hexagonal packing.

with uniform influence thresholds 1, 2 and 3, and for crowds with influence
thresholds drawn from the uniform distribution U{1, 5}. Attentiveness was
set to 1 for all crowds. Simulations were run with interaction angles ranging
from 0◦ to 360◦ in steps of 7.5◦ , and imax was measured. As was expected, the
results show that reducing φ reduces imax . For example, a crowd with uniform
IT = 1 requires an interaction angle of just over 60◦ to reach imax = 1,
whereas a crowd with uniform IT = 2 requires φ to be greater than 120◦ for
information to reach the entire crowd. Angles that are close to multiples of
60◦ seem to play a special role. This is likely due to the hexagonal packing
exhibited by large parts of the crowds (See Figure 4.4). When IT is drawn
from U{1, 5} the effect of directionality is more subtle, with a gradual increase
of imax as φ increases. Figure 4.3 summarizes these findings.

4.3

Information transfer in the dose model

The main difference between the dose model with infinite memory and the
threshold model is that the former always reaches imax = 1. Parameters
such as the dose threshold DT and the attentiveness A only affect timax ,
i.e. the number of time steps needed to reach imax , as shown in Figure 4.3
(a). Because of this, the natural choice is to study the speed of information
transfer vI for these models. Figure 4.5 (a) shows that vI is a decreasing
function of DT . Of particular interest is that the resulting curve is concave
for DT < 1 and convex for DT > 0, indicating a transition in the behavior
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Figure 4.5: Dose model with different parameters values. (a) Ratio of informed
individuals as a function of time for different values of the dose threshold (A = 1,
DD = U(0, 1)). (b) Average speed of information transfer as a function of different
values of the dose threshold, showing one standard deviation on either side of the
mean (A = 1, DD = U(0, 1)). (c) Average speed of information transfer as a
function of attentiveness, showing one standard deviation on either side of mean
(DT = 1, DD = U(0, 1)).
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Figure 4.6: Dose model with finite memory. Maximum ratio of informed individuals imax as a function of DT for different M (A = 1, DD = δ(1). M = 1
retrieves the threshold model shown in Figure 4.1 (a).

of the model at DT = 1. Indeed, since DD = U(0, 1), setting DT to a value
less than 1 makes it possible that an information dose drawn from DD is
larger than DT . This, in turn, opens up the possibility that an uninformed
individual can become informed via a single interaction with an informed
neighbor. If, on the other hand, DT is greater than 1, this is no longer the
case.
Attentiveness affects the behavior of the dose model in a similar way as
in the threshold model. In particular, vI decreases almost linearly with A,
as shown in Figure 4.5 (c).

4.3.1

Finite memory

With finite memory M , the dose model becomes more similar to the threshold
model. In particular, with M < ∞ it is no longer the case that imax = 1
is always reached. To test the effects of memory, we set the parameters of
the dose model to be DD = δ(1), A = 1, M = 1, ran simulations with DT
ranging from 1 to 20 and M from 1 to 4 at integer steps, and measured the
maximum ratio of informed individuals. This process should reproduce the
result in 4.1 (a) for M = 1 (recall from Section 3.2 that the dose model
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generalizes the threshold model and that they coincide for these parameter
values). The results show this to be the case, as can be seen in Figure 4.6. As
is to expected, the results also show that increasing memory also increases
the ratio of individuals that become informed.
One observation that can be made is that adding memory can be compared to increasing the number informed neighbors of an individual by adding
virtual neighbors. For example, if α has two informed neighbors and M = 3,
then the information dose count of α will reach 6, under the assumption that
this configuration is stable. Reaching the same dose count with M = 1 would
require six informed neighbors, i.e. three times the number of neighbors. In
Figure 4.6, this observation can be seen in that each increment in memory
roughly corresponds to shifting the plot of the previous value to the right by
two steps.

4.4

Behavioral response

One of the aims of this thesis is to study how effective information transfer in
a high-density crowd can play a role in reducing crowd densities by means of
a change in the behavior of informed individuals. Whenever imax reaches 1,
as e.g. in the dose model with infinite memory or the threshold model with
IT ≤ 2, both the stop-response (S) and the reverse-response (R) reduce
crowd pressure to zero. In the case of the R-response, this is the result of the
entire crowd dispersing as everyone walks away. In the case of the S-response,
the repulsive body collision forces start pushing individuals apart as soon as
they are no longer counteracted by the self-propulsion forces. While this does
not disperse the crowd, it quickly reduces crowd pressure.
For this reason, it was more interesting to study behavioral response
in cases where information is confined in smaller parts of the crowd. For
this purpose, we used the threshold model with attentiveness A = 1. We
ran simulations with both the S-response and the R-response, with crowds
having uniform P
IT set to 1, 2 and 4. At each time step we measured the
mean pressure
pα /N , the maximum pressure (i.e. the highest pressure
experienced by an individual) and the ratio of informed individuals. In order
to make simulation runs easier to compare, information transfer was triggered
at time step t0 = 50. The critical pressure was set to p0 = 31, but was
not used to trigger information transfer. Rather, it was used to assess the
outcome of the simulations: a maximum pressure lower than p0 was used to
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Figure 4.7: Behavioral response in the threshold model. Each plot shows the
mean and maximum pressure (blue) and the ratio of informed individuals (orange)
as a function of time. The thin blue solid and dashed lines show, as a reference,
what the maximum and mean pressures would have been in the case of no behavioral response to information.
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indicate a safe situation.
The results show that with uniform IT set to 1, crowd pressure plunges
to very low levels for both behavioral responses as the ratio of informed
individuals quickly increases to 1 (Figure 4.7 (a) and (b)).
With IT set to 3, i increases more slowly and never reaches 1 (Figure
4.7 (c) and (d)). Still, even as i increases to about 0.1 within a few time
steps after t0 , the maximum pressure drops below the critical level for both
the S-response and the R-response. After this, the two responses lead to
different outcomes. With the S-response both the maximum and mean pressures decrease steadily. With the R-response, the mean pressure drops a bit
before stabilizing, while the maximum pressure first drops and then suddenly
increases and reaches a plateau well below the critical level p0 . This happens
as the combined self-propulsive forces of the informed individuals grow large
enough to enable a significant number of informed individuals to break free
from the crowd, thus leaving a void behind them that is then quickly filled
by uninformed individuals, causing the observed slight increase in pressure.
Another interesting thing to note about the case IT = 3 is that the ratio
of informed individuals increases more with the S-response than with the Rresponse. The reason for this is that when informed individuals stop pushing
towards their target destination, they are pushed outward toward the edge of
the crowd by body collision repulsive forces as other, uninformed, individuals
come in from the sides. Eventually, as with the R-response, the informed
individuals end up outside the crowd. With the S-response, however, this
process is much slower than with the R-response, and thus allows for more
physical contact between informed and uninformed individuals. This, in
turn, results in more effective dissemination of information, whence the ratio
of informed individuals becomes higher with the S-response.
Finally, when information is confined to a few individuals in the center
of the crowd, neither behavioral response is effective. This is the case for
IT = 4 (Figure 4.7 (e) and (f)). Even though the maximum pressure drops
right after t0 , this is not sufficient to reach safe pressure levels. This result is
consistent with what we know about real crowd crushes, since the individuals
who find themselves in a crowd crush are at the mercy of the crowd, and are
thus unable to take action unless they reach a critical mass.
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Chapter 5
Discussion and conclusions
Our findings suggest that the reason why information transfer in high-density
crowds often fails might be attributable to subtle differences in the attitudes
and the perceptiveness of the individuals making up the crowd. In particular, our results for information propagation in the threshold model show that
influence thresholds (IT ) have to be low for information to reach the entire
crowd. For uniform influence thresholds, values greater than 2 keep information from reaching the entire crowd. For more realistic crowds with mixed
attention thresholds drawn from the discrete uniform distribution U{1, 5},
our results show that information transfer to the entire crowd fails even when
large portions of the crowd have a low influence threshold. Moreover, we
showed that a lower attentiveness (A) does not lower the ratio of individuals
in the crowd that gets informed. Decreasing attentiveness does, however,
decrease the speed of information transfer significantly.
The effect of directionality was only investigated for the threshold model.
We showed that decreasing the interaction angle φ also decreases the ratio of
informed individuals in the crowd. However, for crowds with relatively low
uniform influence thresholds (IT ≤ 3), interaction angles lower than 180◦
are needed for this effect to take place. On the other hand, for mixed-IT
crowds with attention thresholds drawn from the discrete uniform distribution U{1, 5}, the maximum ratio of informed individuals in a crowd is only
reached with interaction angles close to 360◦ . This indicates that directionality has a greater effect on information transfer in more heterogeneous, and
thus more realistic, crowds.
Interaction angles were implemented from the viewpoint of the receiver
of information. This means that an uninformed individual must see the
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informed individuals from whom information is transferred (i.e. they have to
be inside his/her interaction zone), but that the reverse is not true. Hence,
informed individuals can pass information to an uninformed individual that
is outside their interaction zone. The results would probably have been much
different if directionality had instead been implemented in the other direction
(giver of information must see receiver) or in both directions (both giver and
receiver of information must see each other).
We showed that the dose model with infinite memory guarantees that
information reaches the entire crowd, but that the time it takes for this
to happen varies considerably depending on the choice of parameter values.
Because of this, we measured the speed of information transfer for different
parameter values. From these speed measurements, we were able to find a
transition in the behavior of the dose model at DT = 1. This transition can
be attributed to the fact that a single information dose drawn from the dose
distribution DD = U(0, 1) is enough to make an individual informed when
DT < 1, whereas this is not the case when DT > 1.
The dose model with finite memory M behaves very differently. At least
for small values of M , we saw that it behaves similarly to the threshold model
in that, depending on the other parameters, information may not reach the
entire crowd. We compared increasing memory in the dose model to adding
virtual informed neighbors. In particular, since the dose model generalizes
the threshold model, we were able to set up the former to behave in the
exact same way as the latter. This link between the two models, which
our results confirmed, was helpful in understanding and appreciating the
qualitative differences between them and the role of the parameters. While
the threshold model and the dose model with finite memory emphasize the
maximum ratio of informed neighbors, the dose model with infinite memory
emphasizes the speed of information transfer. Since the SIM model offers a
simplified and abstract representation of information transfer within a crowd,
it is not calibrated to produce realistic measurements of physical quantities.
Therefore it is hard to compare time, and thus speed, in the model with
time in a real crowd. Thus, the speed of information transfer has to be
understood as a relative measurement that lets us compare the relative effect
of changing the parameters, e.g., increasing the attentiveness. Ratios of
informed individuals, on the other hand, can be directly related to a real
crowd. Nonetheless, we want to stress that time, and hence speed, is an
important factor to consider in terms of preventing crowd disasters, as crush
asphyxia can lead to death in as little as 15 seconds [9].
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Our decision to only use the threshold model to study behavioral responses to information was based on two considerations. First, since adding
a behavioral response increases the complexity of a model, it made sense
to use the simpler of the two models, i.e. the threshold model, in order to
keep overall complexity as low as possible. Second, we wanted to look at
how effective a behavioral response is when information does not reach the
entire crowd. That is, we wanted to focus on the maximum ratio of informed
individuals, as opposed to the speed of information transfer. As noted above,
the threshold model is suitable for this.
We found that a behavioral response can indeed be effective as long as a
substantial part of a crowd becomes informed. On the one hand, this is reassuring since it implies that it is not necessary that all the individuals become
informed in order to be able to mitigate a crowd disaster, but that even in
heterogeneous crowds with mixed influence thresholds, a suitable behavioral
response can be effective even if only portions of the crowd become informed.
On the other hand, this shows that in order to avoid crowd crushes it is not
enough, for example, that a few trained professionals try to solve the situation. Our findings show that there is a critical mass of informed individuals
that have to take collective action in order to mitigate a dangerous situation.
Here, our findings suggest that enhancing verbal information transfer might
be a relevant step for increasing safety at mass events.
To the best of our knowledge, this thesis is the first study in which a
model of information transfer is explicitly embedded into a spatial SPP model
that provides constraints on the interaction network between communicating
individuals (although e.g. Agliari et al. have considered diffusing agents
on a square lattice [27] and Peruani and Sibona have considered a form of
information propagation in a SPP model [31]). Since the SIM represents
a first attempt, more work has to be done before any definite conclusions
can be reached as regards its properties as well as its applicability to highdensity crowds. Different choices of spatial and information layers should
be considered, as well as variations of the constraints that the spatial layer
puts on the interaction network. Most important, perhaps, is to evaluate the
model by comparing results to observations of real crowd behavior. Needless
to say, this is not a simple task. Another thing to consider is that although
the SIM was specifically designed to model information transfer in a highdensity crowd of pedestrians, it is conceivable that similar models can find
use in other fields where the interactions between information-propagating
agents are constrained by high-density spatial conditions (some bacteria, for
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example, use a system of information transfer known as quorum sensing,
which is correlated to population density [32]). This would surely be an
exciting development.
Lastly, our results indicate that changing the attitudes and the perceptiveness of people attending mass events and gatherings may have a big
impact on crowd safety. In the SIM, this corresponds to lowering the influence threshold (IT or DT , depending on the model used) and increasing
attentiveness. For example, our results show that even small changes in influence thresholds can have a big impact on the maximum ratio of informed
individuals in a crowd. Also, memory was proven to be important in enhancing information transfer. In terms of a real crowd, the memory considered
here can be related to how long individuals retain information about emergency situations occurring elsewhere before being distracted by other events.
Therefore, increasing the tendency of people to not get distracted once they
are informed of some danger could be important in order to increase safety at
mass events. Despite being preliminary, our analysis clearly suggests that a
feasible way of preventing and mitigating crowd disasters during mass gatherings would be to make attendees more aware of the dangers that can arise
in these situations, and give clear behavioral guidelines, for example through
public information campaigns.
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