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Abstract

Understanding quantitatively the dynamics of human crowds is becoming increasingly crucial
with the increase in size of mass events and the additional risk of crowd disasters. We extend
the pairwise avoidance model [Corbetta et al.] that is formulated in low density crowds to
higher density crowds and analyze its validity. We assume that the social interaction forces
in the model are linear. This means that the total interaction term is the sum of all binary
interactions.

We study scenarios where there is one pedestrian walking in one direction and multiple
other pedestrians walking in the other direction with high-quality high-statistics data from
the train station in Eindhoven. These scenarios are extracted from the data by a selection
algorithm with very high accuracy. The coordinate system corresponding to the measurements
is rotated to compensate for the intrinsic space dependence in the station dynamics. The
rotation is necessary in order to apply the model equations appropriately. The research
method used to validate the model in higher density scenarios is numerical simulation. We deal
with a set of stochastic differential equations and therefore we employ the Euler-Maruyama
method for numerical simulation.

The simulations are initialized in four different ways. The initialization corresponding
to an adaptation of the double-well potential from the Langevin dynamics in the model,
provided simulations that reproduced the real-life dynamics and the velocity profile from the
measurements. With the simulation method and initialization approach we used and the data
we had available, there is no reason to discard the hypothesis and it is reasonable to conclude
that the total interaction is linear. The behavior of pedestrians in an interacting crowd can be
characterized in terms of the sum of binary interactions with a suitable adaptation of model
parameters.
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Chapter 1

Introduction

In our everyday life, we walk by many people, e.g. on the street, in a mall, at a train
station etc. Sometimes we encounter few other pedestrians and other times we walk in huge
crowds. With the increase in size of mass events and the additional risk of crowd disasters [1],
understanding quantitatively the dynamics of human crowds is becoming increasingly crucial.
This chapter introduces the motivation and scope of the research, as well as the state of the
art of the research area and a description of previous work. Furthermore, we discuss the
experimental setup used for gathering data.

1.1 Motivation and scope of the work

Modeling and simulating pedestrian flows is challenging because of the unpredictability of
pedestrian trajectories. Recently, pedestrian behavior in dilute crowd flows has been studied
extensively with high-statistics data [2][3]. In more dense crowds, however, more complex
situations involving multiple interactions occur more often. Pedestrians are required to have
multiple interactions to avoid collisions. All these single interactions may play a role in the
total interaction in high density situations.
The first aim of this study is to test a model that describes interactions between two pedestrians
[2] in more dense crowds by validating the expression

ẍ1 = F (ẋ1) +

N+1∑
i=2

K(x1, xi) + ση̇x, (1.1)

where x1 is the position of a pedestrian and xi is the position of the i-th opposing pedestrian
involved in the interaction and N + 1 is the number of pedestrians involved. F (ẋ1) is the
force acting as friction force on one pedestrian and K(x1, x2) is the social interaction force
between the two pedestrians. The total interaction force is assumed to be equal to the sum
of individual interaction forces. The dynamics is stochastic and therefore contains a noise
term: η̇x is the Gaussian white noise and σ is the noise intensity. An example of pedestrian
dynamics conditions that are studied is given in Figure 1.1. In order to make a good analysis,
the model described by Equation 1.1 should be validated in the right conditions. Scenarios
similar to the one in Figure 1.1 have to be found in a huge amount of measurement data.
Therefore, the second aim of this thesis is to automatize the selection of desired scenarios to
appropriately validate the model in dense crowds.

Superposition of interactions in pedestrian dynamics 1



CHAPTER 1. INTRODUCTION

The research question reads:

To what extent can the behavior of pedestrians in an interacting crowd be characterized in
terms of the sum of binary interactions?
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Figure 1.1: An example of trajectories in a one-versus-many situation from the Eindhoven
train station in the Netherlands. Blue lines represent the trajectories of pedestrians going left.
The red line corresponds to a pedestrian that is walking to the right. Every arrow belongs to
one specific trajectory. The single pedestrian walking to the right constantly adjusts his/her
path, due to the desire to stay on the intended path and interactions with the opposing
pedestrians. The total interaction force is assumed to be the sum of all interaction forces
between every pair of the single pedestrian going right (red) with a pedestrian walking in the
opposite direction, as in Equation 1.1). These scenarios are analyzed in this thesis.
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1.2 State of the art

Behavior in panic situations has proven to lead to tragic events [1]. Unfortunately, the
frequency of such disasters is increasing, as the population and the growth of mass events
increases. The safety issues of dense crowds and panic behavior in crowd disasters is a good
incentive for understanding the dynamics of crowds. Improvements can be implemented in
the design of pedestrian facilities [4].

A research of Dirk Helbing from 1991 [5], was one of the first that proposed a mathemat-
ical model for describing pedestrian behavior. This model is purely theoretical and validated
by computer simulations. It is based on the idea that individual decisions are guided by
maximization of utility. Some assumptions about attractive and repulsive interaction forces
as in Newtonian mechanics are made already. Analogies are made with fluid dynamics [6] [7].
The ‘forces’ acting on a pedestrian are called social forces [8]. These forces are based on the
intrinsic desire of a pedestrian to walk at a desired velocity and avoiding pedestrians and ob-
jects. This social force model is improved in [9] and [10]. This approach is able to reproduce
self-organizing phenomena in pedestrian crowds. In a 2011 paper [11], Moussaid and Helbing
introduced a new model, based on laboratory experiments. These results were however valid-
ated by less than 150 replications. Besides, in laboratory experiments volunteers will exhibit
different behavior than in real-life. High-statistics real-life data mostly lack in crowd research.
Due to the high variability in pedestrian behavior, high-statistics measurements are required
to not only study average behavior, but also rare events and variability.

The first study with high-statistics data on pedestrian behavior was [12]. For this study,
recordings were carried out 24/7 for a period of 109 working days. High-quality data was
used to perform a thorough stochastic analysis. They focused on pedestrians walking alone
and undisturbed through a corridor [3]. Scaling this up in diluted crowd conditions, leads
to two interacting pedestrians walking in opposite direction, 1-vs-1 situations. This so-called
pairwise avoidance behavior, which is described in Section 1.3, has been studied using high-
statistics data as well [2]. Accordingly to [8], social interaction forces are introduced. Mutual
interactions between pedestrians for collision avoidance, e.g. via side-stepping, are the main
mechanisms for the macroscopic dynamics. Again with high-statistics data (about 80.000
trajectories), the dynamics of interaction behavior for two opposing pedestrians has been
modeled.

Moussaid’s paper [11] raised the problem of superposition of binary interaction. The issue
is how to integrate the binary interactions in an interaction involving more than two ped-
estrians (e.g. sum them up, average over them, or combine them non linearly), determine
maximum interaction distance and how to weight the influence of others. Therefore, some
assumptions need to be made in the analysis.

1.3 The pairwise avoidance model

We report below the full pairwise avoidance model [2] in 2D. Longitudinal and transversal
dynamics of an individual in a narrow corridor are treated as uncorrelated Langevin motions
in the xy-plane that satisfy [13]

Superposition of interactions in pedestrian dynamics 3
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dx

dt
= u(t) (1.2)

u(t) = −∂φ(u, v)

∂u
+ σxη̇x (1.3)

dy

dt
= v(t) (1.4)

v(t) = −∂φ(u, v)

∂v
− ∂V (y)

∂y
+ σyη̇y. (1.5)

η̇x and η̇y are white Gaussian noises (individually delta-correlated in time and mutually uncor-
related) and σi represents the white noise intensity in longitudinal and transversal direction.
The potentials belonging to the model equations are

φ(u, v) = α(u2 − u2p)2 + νv2 (1.6)

V (y) = βy2. (1.7)

The modeling encompasses two stable velocity states ±~vp = ±(up, vp) = (±up, 0) and no
coupling between the two motion directions. α is the modulating factor of the double-well
potential force, β the stiffness coefficient and ν the friction coefficient of the transversal linear
Langevin dynamics. Extending this single pedestrian dynamics to one-to-one avoidance can be
done by applying a common approach in modeling pedestrian interactions, namely introducing
social force terms [8]. This approach gives

dyp
dt

= ẏp (1.8)

dẏp
dt

= Fvision − 2µẏp (1.9)

dx

dt
= u (1.10)

du

dt
= −4αu(u2 − u2p)− exFshort + σxẆx (1.11)

dy

dt
= v (1.12)

dv

dt
= −2νv − 2β(y − yp)− eyFshort + Fvision + σyẆy. (1.13)

µ is a positive model parameter. yp is defined as the horizontal preferred path of a pedestrian,
that is constantly adjusted as a result of interactions. Fshort is a short-ranged, isotropic, con-
tact avoidance force. It represents a pedestrian’s collision-avoidance reaction and is a function
of the position variables x and y. Fvision represents the sight bases avoidance maneuvers with
a longer and an-isotropic range. It acts on the transversal direction only. In equation form,
the forces are modeled with decaying exponential functions as follows

Fvision = −sign(ey)A exp(−d2/R2)χ1(θ̃) (1.14)

Fshort = B exp(−d2/r2)χ2(θ̃) (1.15)
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A and B are positive force parameters, d the scalar distance between two pedestrians, R and
r are scaling factors for the interaction ranges and θ̃ the angle between the horizontal and
the line joining two pedestrians. Besides, ex and ey are the components of the unit vector in

the direction of the pedestrian to avoid and χj(θ̃) = 1 for |θ̃| < θj and 0 otherwise for j=1,2.
Values of relevant model and force parameters are given in Table 1.1.

Table 1.1: Model and force parameters. [2]

model parameters

α 0.037 m-2s
β 1.765 m-2s
ν 0.297 s-1

µ 1.0 s-1

up 1.29 ms-1

σx 0.25 ms-3/2

σy 0.25 ms-3/2

force parameters

θ1 20◦

θ2 90◦

R 2.4 m
r 0.6 m
A 1.5 ms-2

B 0.7 ms-2

1.4 Eindhoven train station measurements

For this study, data from Eindhoven train station is used [12]. The tracking campaign took
place in the period September 2014 - April 2015 and tracked all pedestrians in the entrance
area of the main walkway of the train station (see Figure 1.2). The raw data came from four
overhead and aligned Microsoft KinectTMdepth sensors over the 9 m wide walkway, operating
at 15 frames per second. Automatic pedestrian position tracking took place via a particle
tracking algorithm. The full measurement period included 38 million frames, where at least
one pedestrian is present, resulting in a few million trajectories. Important here is that this
is non-laboratory data, where pedestrians behave naturally and unaware of taking part in a
scientific experiment [12].

For our purpose, the situation at a train station is ideal. There are only uni- and bi-
directional flows and the density ranges from low, where only one pedestrian is present,
to high, where more than 20 people are present in a frame. Moreover, peak hours deliver
many situations with one dominant walking direction, resulting in numerous one-versus-many
instances. Peak densities are measured around 8:30AM and 5PM after the arrival of commuter
trains. Most pedestrians around that time walk towards the bus terminal. Figure 1.3 shows
the distribution of people over one whole day, clearly showing peak hours and dominant
walking direction.

Superposition of interactions in pedestrian dynamics 5



CHAPTER 1. INTRODUCTION

3m

B
us term

inal

C
ity center

9m

70m

K

K

K

K

Up

P

Q

(a) (b)

Figure 1.2: Experimental setup in the 6 months-long pedestrian tracking campaign at
Eindhoven train station. (a) The layout of the north entrance hall of the station. The
measurement area is shaded. The entrance hall leads to a 70 m long tunnel towards the
city center. Staircases that can be accessed from the tunnel lead to the train platforms.
Recordings of pedestrians were done by four overhead KinectTMsensors (K). The snapshot in
(b) was taken from point Q, next to a pillar (P).
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Figure 1.3: Figures made from data of Eindhoven station, showing the distribution of
people during one day (27th of November 2014). (a) Number of people in total, going left
and going right versus time, where peak hours around 8 AM and 5PM are easily observed.
(b) Percentages of number of people going left and right versus time compared to the total.
During peak hours in the morning, the dominant walking direction is left (towards the bus
terminal) and during peak hours at the end of the afternoon, the dominant walking direction
is right (towards the trains and the city center). [2]
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Data from 8 days of measuring is included in this study, resulting in more than 300.000
trajectories. We found moments in time where there is a high density of pedestrians going
in one direction and a low density of pedestrians going in the other direction. An example
of pedestrian trajectories in the hallway of the station, where one walking direction (left) is
clearly dominant, is shown in Figure 1.1.

1.5 Content of the thesis

We are studying one-versus-many scenarios to extend the pairwise avoidance model [2] to
more dense crowds. These involve one pedestrian walking in one direction meeting multiple
other pedestrians going in the other direction. This is a logical first step in extending the
model to make it more general. The superposition of binary interactions is done by summing
individual interaction forces. This is a reasonable hypothesis by looking at the analogy of
electromagnetic force, where the total interaction force between N particles is the sum of the
binary interaction forces between two particles. We did the analysis by testing the expression
in Equation 1.1 in conditions similar to those in Figure 1.1. Applying this expression to the
pairwise avoidance model Equations 1.8-1.13 gives

dyp,1
dt

= ẏp,1 (1.16)

dẏp,1
dt

=
N+1∑
i=2

Fvision,i − 2µẏp,1 (1.17)

dx1
dt

= u1 (1.18)

du1
dt

= −4αu1(u
2
1 − u2p)−

N+1∑
i=2

(ex,iFshort,i) + σxẆx (1.19)

dy1
dt

= v1 (1.20)

dv1
dt

= −2νv1 − 2β(y1 − yp)−
N+1∑
i=2

(ey,iFshort,i + Fvision,i) + σyẆy. (1.21)

This thesis is divided in 3 chapters. Chapter 2 proposes the complexity in analyzing
pedestrian behavior and the challenges that we encountered during the research. We explain
how these challenges are overcome and what methods were used to achieve the goal of the
research. Chapter 3 covers the results of studying the superposition of pedestrian interactions.
Furthermore, we provide a discussion of those results and draw a conclusion.

Superposition of interactions in pedestrian dynamics 7





Chapter 2

Methods and methodological
challenges

In this chapter, we discuss the main challenges that we encountered in this study. After every
methodological challenge, we explain how we tackled these technical challenges towards the
goals described in Section 1.1. The research method used to investigate the superposition of
interactions in pedestrian dynamics is numerical simulation. We are working with the set of
stochastic differential equations in Equations 1.16-1.21. For completeness, in Section 2.3, we
will report the numerical scheme employed to simulate these equations.

The methodological and technical challenges are as follows. First, comparing the pairwise
avoidance model with experiment data is not straightforward. There is the challenge in finding
the right data, illustrated in Section 2.1. We explain the assumptions made to classify desired
scenarios and describe the algorithm used for the selection of these scenarios.
Second, the dynamics in the hallway of the station depends on the position along the vertical
axis in the space. The model has been adapted to compensate for this space dependence,
which is depicted in Section 2.2. In order to test the model, we need to compensate for the
space dependence as well. This is done by a rotation of the coordinate system corresponding
to the measurements, which is explained in Section 2.2.2.

2.1 Challenge I: Finding one-versus-many scenarios in the data

Studying the dynamics of pedestrians in a variety of situations, involves selecting the desired
situations in the first place. Important here is that specific requirements are met with high
accuracy. The pairwise avoidance model discussed in Section 1.3 has well defined boundary
conditions, such as minimum interaction time and minimum recording time. We kept these
boundary conditions and the value of parameters when testing the superposition of binary
interactions. Analysis of the results will show if this is a reasonable assumption.

It is not straightforward to extract cases with specific conditions from a vast amount of
data. First, counting the number of pedestrians over a certain amount of time involves a
lot of noise (cf. Figure 1.3a). Pedestrians continuously entering and leaving the observation
window results in large fluctuations. Furthermore, tracking pedestrians 24/7 over a period of
more than 100 days at 15 frames per second, results in an enormous amount of measurement
data. Filtering and analyzing this data is not only complex, but requires a lot of computation
power.

Superposition of interactions in pedestrian dynamics 9



CHAPTER 2. METHODS AND METHODOLOGICAL CHALLENGES

2.1.1 Classification of scenarios

It is important to determine what makes situations interesting. The scope of this research
includes one-versus-many scenarios. There should be one pedestrian walking alone in a dir-
ection and multiple pedestrians walking in the other direction. Some assumptions made for
this study are based on the same assumptions in the pairwise avoidance model.

• The model distinguishes walkers and runners. For simplicity, runners are excluded
for this study. Regarding the scope of the research, namely pedestrian dynamics in
high density flows, it is reasonable to neglect runners, because the typical velocity of
pedestrians is significantly lower in higher density situations.

• Due to measuring errors in the particle tracking algorithm, there are many short tra-
jectories, as can be seen from Figure 2.1. We set a threshold for the minimum horizontal
displacement of a trajectory.

• We restrict ourselves to scenarios where there is only a single pedestrian walking in one
direction during the whole observation window. This means that all pedestrians that
enter the observation window in the meantime, are required to have an opposite walking
direction.

• For an interaction to occur between two opposing pedestrians, a minimum number of
shared frames is set to 5 to exclude cases where one pedestrian is about to enter the
domain of the observation window as the other one is about to leave the domain. This
is due to the finiteness of the observation window.

• We classify the number of opposing pedestrians by the number of pedestrians that share
at least 5 frames with the single pedestrian.

• For the single pedestrian a minimum recording time of 20 frames is required. This time
is comparable with the crossing time of the observation of an undisturbed pedestrian.

2.1.2 Solution I: Algorithm for selecting scenarios

The measurement data from the train station is structured as follows. Every pedestrian has a
unique combination of identification, one that indicates the date and the time of day, DayID,
and one that marks individual pedestrians starting from 0 for every DayID, the Pedestrian
ID (PID). For every observed pedestrian, there are frames recorded. For every frame and
every pedestrian there is a row in this initial dataset, that contains quantities describing the
dynamics, such as position and velocity.

For convenience, we created an auxiliary data structure by adding a copy of the initial
dataset to the initial dataset itself while aligning simultaneous frames. The data structures
are illustrated in Figure 2.2. The pedestrians in the initial dataset and the copy of the initial
dataset are from now on called pedestrians A and B respectively. Now, the auxiliary dataset
contains per frame with N pedestrians present, N(N−1) rows with every possible pedestrian
pair (A,Bi) with i = 2, 3, ..., N . These rows contain all the data of both pedestrians of the
pair. This way the data is conveniently structured to select specific interaction scenarios.
Besides, distance and angle between pedestrians can now be computed row by row, because

10 Superposition of interactions in pedestrian dynamics
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Horizontal displacement [m]

10−1
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Figure 2.1: Probability distribution of the horizontal displacement of a trajectory. The
measurement area at the train station (Figure 1.2) is about 3 m long. The peaks around
-3 m and 3 m are explained by pedestrians that cross the whole observation window. The
peak around 0 is due to measurement errors of the tracking algorithm and pedestrians that
enter the observation window and turn around shortly after. Only the regions between the
red rectangles are taken into account for this research.

every pedestrian pair is now located on the same row. Figure 2.3 shows the way distances
and angles between pedestrians are defined.

Grouping the dataset on unique ID of pedestrian A, gives small subsets of every pedestrian
including all the information of every pedestrian present during the observation window of
pedestrian A. These small subsets are called scenarios. We selected pedestrians that walk
alone in their walking direction by querying the dataset on subsets where holds that the
average longitudinal walking speed of pedestrian A, uA, is of opposite sign to the average
walking speed of all pedestrians Bi, uBi . Then, the number of frames shared per pedestrian
pair is computed. Restrictions are set on minimum recording time of the single pedestrian
and the minimum number of shared frames for an interaction to take place, as is discussed
in Section 2.1.1. For the selection of a specific number of opposing pedestrians in a 1-versus-
N situation, the value for N can now be implemented, resulting in a subset of requested
situations. We describe the algorithm used for this selection in Algorithm 1.

Superposition of interactions in pedestrian dynamics 11
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Figure 2.2: Schematic representation of the way the data is structured in the initial dataset
(left) and the auxiliary dataset (right). Every pedestrian is marked with a unique ID. In this
scenario, 3 pedestrians (0, 1 and 2) are present in frame 0. Pedestrian 2 leaves the observation
window in frame 1, while in frame 2 pedestrian 3 enters. For every frame containing N
pedestrians there are N rows in the initial dataset containing the measurement data for every
pedestrian. The columns with the dots represent more columns of measurement data, but
are omitted for clarity of the scheme. We created an auxiliary dataset by merging the initial
dataset with itself. In the auxiliary dataset, there exists a row for all possible pedestrian pairs
in a frame. For every frame containing N pedestrians, there are N(N − 1) rows with every
possible pedestrian pair. The merging provides an appropriate structure for the purpose of
the research, however the data is majorly augmented and therefore memory consuming.
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Figure 2.3: A representation of how the distance and angle between pedestrians are defined.
The distance is the scalar distance between simultaneous positions of pedestrians. The angle
between pedestrian at a certain point is defined as the angle between the line connecting two
pedestrians and the tangent line of the trajectory of a pedestrian at that point. The way
the angle is chosen and evolving over time as the pedestrians pass each other is depicted in
this figure. The angle is on the small side at the start of the trajectory (θ1) and grows as
the pedestrians pass each other (θ2). The angle always stays on the same side of the line
connecting the two pedestrians. This is important for the way Fvision and Fshort are defined
in Equations 1.14 and 1.15. After pedestrians pass each other, the interaction is over and the
interaction forces are 0.
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Data: Dataset D with the measurement data.
N ← input(desired number of opposing pedestrians);
Output: Subset S of 1vN situations.;

group by unique ID of pedestrian A[1] to get set Ω of scenarios ω;
for scenario ω ∈ Ω do

Compute recording time[2] τ of pedestrian A;
if τ ≥ 20 frames then

Compute average speed of pedestrian A, uA;
Compute average speed of pedestrian Bi, uBi for i = 2, 3, ..., N ;
if sign(uA) = −sign(uB,i) for i = 2, 3, ..., N then

Compute {ni} = number of shared frames of pedestrian pair (A,Bi) for
i = 2, 3, ..., N ;

if N = length of {ni ≥ 5} then
SUCCESS: add ω to S

end

end

end

end

Algorithm 1: Algorithm used to extract one-versus-many scenarios from the data.
Dataset D is structured as in Figure 2.2. Requirements set on the minimum recording
time and minimum number of shared frames are explained in Section 2.1.1.
[1]By grouping on unique ID of pedestrian A, the dataset is subdivided in groups where
the ID of pedestrian A is constant (cf. Figure 2.2).
[2]The recording time of a pedestrian is defined as the number of frames recorded for
that pedestrian.
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2.2 Challenge II: Space dependence of the station dynamics

Desired scenarios can now be automatically selected from the data. Before the model can be
compared with simulations, some adaptations have to be made. The layout of the measure-
ment area from Figure 1.2 brings some practical inconveniences in analyzing the data. The 9
m wide walkway is confined by two rigid walls. Just as in fluid mechanics, the shear flow of a
particle in the vicinity of a rigid wall is disinguished from wall-free shear flow [14]. The flow
in the middle of the walkway is wall-free and pedestrians should be able to walk more freely
because there are no boundaries in the vicinity. Near the walls, pedestrians are bounded
on one side and are therefore restricted in choosing their free path. Another possible bias
in the dynamics of the train station is the tendency of train travelers to walk towards the
train platforms at the side of the tunnel. They might adapt their path at the beginning of
the tunnel, knowing they should cross the tunnel later on. Besides, the pillar P in Figure
1.2a could possibly change the dynamics of pedestrians in the hallway, because they may
alter their path to avoid the pillar in advance. This space dependence along the vertical axis
is proposed in the pairwise avoidance paper [2]. In order to investigate the space depend-
ence, the displacement in y (∆y = yfinal − y0) is analyzed. Figure 2.4 shows right-going
trajectories of an undisturbed pedestrian from a window of starting points. The probability
distribution function of yfinal has a standard deviation, which depends on starting position
of the trajectories. This standard deviation is plotted against initial y position in Figure 2.5.

2.2.1 Horizontal preferred paths

By looking at numerous pedestrian trajectories, it can be noted that although they are gener-
ally straight, they are not generally parallel to the axis of the station hallway (the horizontal
direction in Figure 2.4). The pairwise avoidance model is based on a straight horizontal pre-
ferred path (constant yp) to compensate for the space dependence illustrated at the start of
this Section. The intrinsic slant relative to the horizontal axis of trajectories must be taken
into account in the analysis. The planned path of a pedestrian can by good approximation
be represented by a straight line, which is a linear fit through the first part of the trajectory
(see Figure 2.6). The planned path is then of the form yp(x) = ax + b. Substituting this in
Equations 1.8 and 1.9, will make the model equations more complex and mutually coupled,
because of the introduced x-dependence of yp. To avoid making it unnecessarily complex,
another solution is proposed. Introducing a coordinate system, where the horizontal axis is
parallel to the longitudinal walking direction and fluctuations around that path are along the
vertical axis, removes the x dependence of the preferred path.

2.2.2 Solution II: Rotation of coordinate system

The model equations 1.8-1.13 are formulated from a convenient coordinate system (x, y),
where x is the longitudinal coordinate along the walking direction and y represents trans-
versal fluctuations. Besides, as mentioned in Section 2.2.1 the preferred path yp from the
model is always horizontal. Preferred paths from the experiment are generally not horizontal,
as is shown by the example in Figure 2.6. This implies that the experiment’s coordinate
system needs to be rotated in order to apply the model equations consistently. Therefore,
the original coordinate system from the measurements (ξ, η), corresponding to the position
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Figure 2.4: (left) 212 trajectories of an undisturbed right-going pedestrian with a starting
point y0 ∈ [−0.2, 0.2]. A window of fixed starting points produces a ‘shadow’ of yfinal at
the other side of the observation window. The probability distribution of yfinal is plotted on
the right. The width of this distribution depends on the starting position along the vertical
axis. The standard deviation of such a distribution is plotted for different starting positions
in Figure 2.5.

of the KinectTMsensors (cf. Figure 1.2a) and the layout of the station entrance hall, is ro-
tated around the starting point of the preferred path from the pedestrian walking solely in
his direction. Figure 2.7a shows the angle θ and the origin O the coordinate system rotates
around.

2.2.3 Mathematical explanation of the rotation

Rotating a point counterclockwise in the xy-plane over an angle θ about the origin O is done
by applying the rotation matrix [15]

Rθ =

(
cos θ − sin θ
sin θ cos θ

)
. (2.1)

The point to be rotated has to be represented by a column vector ~v = (v1, v2)
T , which is

represented by the difference vector of the point and the origin (x0, y0). The rotated vector
~w is constructed by the matrix multiplication Rθ · ~v.

~w =

(
w1

w2

)
=

(
cos θ − sin θ
sin θ cos θ

)(
v1
v2

)
(2.2)
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Figure 2.5: Standard deviation of y displacement (cf. Figure 2.4) is on the vertical axis,
which is defined as ∆y = yfinal−y0. The initial starting position y0 in the observation window
is on the horizontal axis. The lines represent 3 different low-density situations (1v1, 1v2 and
1v3). For these densities, the shape of the space dependence along the vertical axis is similar.
Near the walls, the standard deviation of ∆y is smaller than in the middle of the hallway.
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Figure 2.6: Trajectories of 1 pedestrian going right and 1 pedestrian going left. The slanted
black dotted line is a linear fit through the first part of the trajectory. The line is a good
approximation of the planned path of the pedestrian. The planned path is however not
horizontal, hence another coordinate system needs to be introduced to have the planned path
parallel to the x axis (the horizontal black line). Note that not the whole y domain is plotted.
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Figure 2.7: (a) shows the original trajectories from the measurements in coordinate system
(ξ, η) of 1 pedestrian going right with a slanted preferred path and 2 pedestrians going left.
The angle θ is the angle between the preferred path and the horizontal. The trajectory has
to be rotated around the origin O over the angle θ to line the preferred path up with the
horizontal. In (b) the coordinate system (ξ, η) is rotated to (x, y). The preferred path of the
red trajectory is now horizontal.
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The rotation of pedestrian trajectories is done frame wise by rotating the translated position
vector ~ξi = (ξim − x0, ηim − y0) of pedestrian i with respect to the origin (x0, y0) with i =
1, 2, ..., N on frame m. The origin is defined by the starting point of the single pedestrian’s
(red in Figure 2.7) preferred path. The matrix with the rotated vectors on frame m is
computed by 

ξ1
′
m η1

′
m

ξ2
′
m η2

′
m

...
...

ξN
′

m ηN
′

m


T

= Rθ



ξ1m η1m
ξ2m η2m
...

...
ξNm ηNm

−

x0 y0
x0 y0
...

...
x0 y0



T

(2.3)

The rotated vectors have to be translated by adding the origin back
x1m y1m
x2m y2m
...

...
xNm yNm

 =


ξ1
′
m η1

′
m

ξ2
′
m η2

′
m

...
...

ξN
′

m ηN
′

m

+


x0 y0
x0 y0
...

...
x0 y0

 (2.4)

We perform the rotation in Figure 2.7 by applying Equations 2.3 and 2.4 to the positions of
pedestrians from measurement data. The scalar distance and angle between the pedestrians
is not affected by the rotation.

2.3 Research method: numerical simulation

We simulate the model numerically in order to test the validity of the pairwise model in higher
densities. The behavior of pedestrians in real-life experiment data is compared to multiple
simulations of the pedestrian in the same conditions as in the data. In a one-versus-many
situation, the single pedestrian is simulated by a suitable explicit scheme and the opposing
pedestrians are from the data. Since the observation window of a pedestrian is finite, we
simulated the pedestrian for an equal amount of timesteps as were recorded for the single
pedestrian. We initialize the single pedestrian in different ways to investigate the effect of the
initial conditions on the outcome of the simulations. Besides, we compare certain quantities
between simulations and experiment to quantify the validity of the model.

2.3.1 Brownian motion

The model equations from Equations 1.11 and 1.13 are second-order differential equations
containing stochastic noise terms. It is assumed that these noise terms satisfy the conditions
for standard Brownian motion or standard Wiener process. A random Brownian motion
variable W (t) over the interval [0, T ] that depends continuously on t ∈ [0, T ] satisfies the
following three conditions [16]:

• W (0) = 0 (with probability 1).

• For 0 ≤ s < t ≤ T the random variable given by the increment W (t)−W (s) is normally
distributed with mean zero and variance δt = t− s.

• All random variable increments are independent.
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For computational purposes it is useful to consider discretized Brownian motion, where
W (t) is specified at discrete t values. We thus set δt = T/N for some positive integer N and
let Wj denote W (tj) with tj = jδt. This concludes to Wj = Wj−1 + dWj with j = 1, 2, ..., N .
Herein, each dWj is an independent random variable of the form

√
δtN(0, 1), where N(0, 1)

is a normal distributed variable with 0 variance and unit variance.

The noise terms in Equations 1.11 and 1.13 prohibit the use of Euler’s method for in-
tegrating differential equations [17], because this method only applies to ordinary differential
equations. Instead, the Euler-Maruyama method is used, which is suitable for integrating
first-order stochastic differential equations (SDE’s) [16].

2.3.2 Euler–Maruyama method

A scalar SDE can be written in differential equation form as

dX(t) = f(X(t))dt+ g(X(t))dW (t), (2.5)

with X(0) = X0 and 0 ≤ t ≤ T . In our case g(X(t)) = σ is constant. To apply a numerical
solving method on the interval [0, T ], the time interval has to be discretized. Let ∆t = T/L
for some positive integer L, and τj = j∆t. The numerical approximation to X(τj) will be
denoted as Xj . The Euler-Maruyama scheme provides the solution of the form

Xj = Xj−1 + f(Xj−1)∆t+ σ · δWj , (2.6)

with j = 1, 2, ..., L and δWj = (W (τj)−W (τj−1)).

In order to apply this scheme to Equations 1.16-1.21, these equations have to be written
in differential form. This gives

dyp,1 = ẏp,1dt (2.7)

dẏp,1 =

[
N+1∑
i=2

Fvision,i − 2µẏp,1

]
dt (2.8)

dx1 = u1dt (2.9)

du1 =

[
−4αu1(u

2
1 − u2p)−

N+1∑
i=2

(ex,iFshort,i)

]
dt+ σxdWx (2.10)

dy1 = v1dt (2.11)

dv1 =

[
−2νv1 − 2β(y1 − yp)−

N+1∑
i=2

(ey,iFshort,i + Fvision,i)

]
dt+ σydWy (2.12)

Note that the subscripts x and y in the noise terms are to distinguish both random variables.
A requirement for Brownian motion is that all random variables are mutually independent.
The recursive solution to the pairwise avoidance equations is provided by applying Equation
2.6 to Equations 2.10 and 2.12,
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yp,j = yp,j−1 + ẏp,j−1∆t (2.13)

ẏp,j = ẏp,j−1 +


[
N+1∑
i=2

Fvision,i

]
j−1

− 2µẏp,j−1

∆t (2.14)

xj = xj−1 + uj−1∆t (2.15)

uj = uj−1 +

−4αuj−1(u
2
j−1 − u2p)−

[
N+1∑
i=2

(ex,iFshort,i)

]
j−1

∆t+ σx∆Wx,j (2.16)

yj = yj−1 + vj−1∆t (2.17)

vj = vj−1 +

−2νvj−1 − 2β(yj−1 − yp,j−1)−
[
N+1∑
i=2

(ey,iFshort,i + Fvision,i)

]
j−1

∆t+ σy∆Wy,j .

(2.18)

The interaction forces are summed over every opposing pedestrian i = 2, 3, ..., N in a one-
versus-many situation. For readability purposes, the subscript of pedestrian 1 is omitted
(u = u1, y = y1, v = v1 and yp = yp,1). Due to the frame rate of the measurements of 15 Hz,
∆t is set to 1/15 s.
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Chapter 3

Results and discussion of
superposition

Now that we tackled the methodological and technical challenges and introduced the research
method, we will present the results of the model simulations. We simulated the pedestrian
walking alone in his/her direction per scenario multiple times. The opposing pedestrians are
from the measurement data. The interaction forces between the simulated pedestrian and
the opposing pedestrians are calculated from the data as well. After presenting the results,
an approach to quantify the performance of the simulations is proposed. We end this chapter
with a discussion of the results and a conclusion of the thesis.

3.1 High density behavior

We observe a variety of different density situations in the experimental campaign of the train
station, ranging from undisturbed pedestrians to more than 20 pedestrians in the observation
window. In order to test the superposition of interactions in one-versus-many scenarios, we
needed to make sure that we study cases with high enough density such that there are notable
differences in the dynamics compared to the dynamics in dilute crowd flows. We compared
certain quantities for different density situations to find how the dynamics of pedestrians
changes in terms of density. The comparison for the root mean square velocity and the
standard deviation of the velocity is given in Figure 3.1. The diffusion of a system, which is
the mean displacement per time, is commonly given as the mean square displacement [18].
The root mean square velocity is proportional to the mean square displacement per time and
therefore a measure for the diffusion of a system. From the figure, we see that only in very
high density scenarios, notable differences in the dynamics can be observed. The simulations
in this chapter are done on the highest density conditions from the dataset with a minimum
of 20 pedestrian opposing the single pedestrian.
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Figure 3.1: The root mean square velocity (a), which scales as the diffusion coefficient
and the standard deviation of the velocity (b) for multiple different density scenarios. The
curves are very similar for density scenarios up to 1v10-15. The peaks of 1v0, 1v1, 1v2
and 1v6 are very similar, which means that there is no notable difference in the diffusion
and velocity distribution of pedestrians for these density scenarios. When we look at higher
density regimes, such as 1v15 and more, the curves are moving to the left. The diffusion of
pedestrians as well as the width of the velocity distribution reduces for very high densities,
due to the reduction of space to walk in for the single pedestrian in those scenarios. Only
in significantly higher density regimes, different dynamics can be observed opposed to low
density regimes.
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3.2 Initializing simulations

Because we simulate the model equations numerically, the simulations should be initialized.
We derive from Equations 2.13-2.18 that we need to initialize 6 variables: 2 variables that
relate to preferred path (yp,0, ẏp,0), 2 variables that relate to position (x0, y0) and 2 variables
that relate to velocity (u0, v0). The preferred path in the rotated coordinate systems is parallel
to the x axis. We initialize yp,0 as the y coordinate of that path. Besides, ẏp,0 is set to zero,
because we assume that there is no initial intention to change preferred path. We initialize
the position variables as the starting position of the single pedestrian to match the conditions
for simulations and experiment as much as possible. Now, for the velocity variables, we try a
few different approaches, which are discussed in the next section.

3.2.1 Initial velocity of the simulations

First, we set the initial velocity of the single pedestrian in the simulation equal to the initial
velocity from the data in order to match the initial conditions in real-life as much as possible.
The velocity of a pedestrian fluctuates a lot over a trajectory. Therefore, the initial velocity
is not likely to represent the average dynamics of a trajectory accurately. Since the initial
velocity is expected to affect the dynamics of the simulations largely, this first approach is
expected to not give the most accurate results. Consequently, we tried some other approaches,
which are related to the model.

The second initialization we tried originates from the Langevin dynamics the model is
based on [2][3]. The Langevin dynamics is characterized by the potential φ(u, v) described
in Equation 1.6. The longitudinal part is a double-well potential, which is illustrated in
Figure 3.2. This double-well potential encompasses two stable velocity states at (u = ±up).
The second approach for initialization was to initialize the velocity for the simulations at the
bottom of the potential well, which corresponds to ~v0 = (±up, 0). This is a rather extreme
case, since the pedestrian is initialized with the desired velocity that is embedded in the
model.

Random fluctuations that are embedded in the model equations can trigger a hop from
one stable state to another, which represents inversion of walking direction. These so-called
rare events (occurrence of 1 in a 1000) are not relevant in the simulations, because in the
scenarios we studied we did not observe inversion of walking direction. We are not interested
in the full potential, hence for the next approach we approximated the potential around one
of the wells. Approximating the longitudinal term in the potential from Equation 1.6

φ(u) = α(u2 − u2p)2 (3.1)

by a Taylor series around u = up gives

φ(u) = 4αu2p(u− up)2 +O(u− up)3. (3.2)

The probability distribution of this approximated potential is obtained by applying the
Fokker-Planck equation [18], which results in

P (u) = N exp

[
− 2

σ2x
φ(u)

]
= N exp

[
−

8αu2p
σ2x

(u− up)2
]
. (3.3)
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Figure 3.2: The double-well longitudinal velocity potential (blue) from Equation 3.1. The
potential encompasses two stable velocity states at (u = ±up). The potential is designed to
allow a hop from one well to another (inversion of walking direction) 1 in a 1000 times [3] as
a result of random fluctuations. We approximate the potential around u = up by the Taylor
approximation from Equation 3.2 (red dotted line). The probability to observe a rare event
is 0 in the approximated potential. Pedestrians are only pushed to a desired velocity and are
not allowed to inverse their walking direction.

This is a Gaussian distribution with mean up and variance σ2
x

16u2pα
. The values for α, σx and

up can be found in Table 1.1. N is the normalization factor.

The initial transversal velocities v in the simulations are Gaussian distributed with mean
0 and variance

σ2
y

4ν . This distribution is derived the same way as P (u) and given by

P (v) =M exp

[−2ν

σ2y
v2
]
, (3.4)

whereM is the normalization factor. The values for ν and σy can be found in Table 1.1. The
third approach is based on the distributions P (u) and P (v). The initial velocities for every
simulation are randomly distributed following those distributions.

For the last approach we adapt the potential well for dilute crowd flows. The typical velo-
city in the high density scenarios that we studied is significantly lower than the typical velocity
in pairwise avoidance scenarios. The potential well is reconstructions with two requirements.

• The bottom of the well is moved to the average longitudinal velocity of the scenarios
studied, u′p =

up
κ = 0.76

• The probability of a rare event Pinv to occur is unchanged. In [13], the probability of
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an inversion event to take place is given by

Pinv = e
−2

σ2x
(φ(up)−φ(0))

= e
−2α

σ2x
u4p . (3.5)

This equation shows that this probability is unchanged when the height of the potential
barrier remains the same. The height of the potential barrier φ(up) − φ(0) is equal to
αu4p. Substituting u′p shows that we should change the value of α to α′ = κ4α.

3.3 Simulation results

The results of the first two approaches are shown and discussed in Figure 3.3. The simulations
from the first approach (Figure 3.3a) are not reproducing the behavior in real-life accurately.
The initial velocity from the data is often significantly lower than the velocity at the bottom
of the well. These velocities are located near the barrier between the two stable velocity states
(cf. Figure 3.2). Only a small fluctuation is required there to hop over to the other well. This
is reflected by a negative horizontal displacement ∆x of the blue curve in Figure 3.4, which
represents simulated pedestrians that turned around.
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Figure 3.3: A one-versus-many scenario in a rotated coordinate system, where the black
dotted line is the preferred path of the red pedestrian. The green lines are from 200 simula-
tions. (a) These simulations are initialized with the same initial velocity the red pedestrian
had in the data. The behavior of the simulations is not uniform and there are simulated
trajectories that go back as an artifact of the model. (b) The simulations have an initial
longitudinal velocity u0 corresponding to the bottom of the potential well from the model,
illustrated in Figure 3.2 and initial transversal velocity v0 of 0 (~v0 = (1.29, 0)). Here, the
dynamics of the simulations is more uniform than in (a), however the simulations cover more
distance than the pedestrian in real-life.
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Simulations initialized at the bottom of the well require large fluctuations to hop over
from one stable velocity state to the other. We observe that this virtually does not happen
for this method of initialization. The simulated trajectories are however notably longer than
the trajectories in real-life. This is reflected by the large horizontal displacement of the
orange curve in Figure 3.4 and the large longitudinal velocity of the orange curve in Figure
3.5 compared to the measurements. We can conclude that the dynamics of the simulations is
strongly related to the initial velocity of the simulations. We should develop a method that
approximates the velocity distribution in the measurements.

−6 −4 −2 0 2 4 6 8 10
∆x [m]

10−3

10−2

10−1

P
(∆
x

)

Figure 3.4: Probability distribution of the horizontal displacement ∆x = xfinal − x0 in
the simulations. A negative displacement in this case represents an inversion of walking
direction. The green dotted vertical lines illustrate the region of horizontal displacement in
the data that is taken into account for this study (cf. Figure 2.1). (blue) The simulations
that are initialized with values from the data show a relatively small horizontal displacement.
The negative displacements are an artifact of the double-well potential allowing pedestrians
to turn back. (orange) The simulations that are initialized from the bottom of the potential
well show a large horizontal displacement. The velocity at the bottom of the well is larger
than the typical velocity in high-density conditions. Both distributions show discrepancy
compared to the horizontal displacement in the data.

For the third approach, we used the probability distributions P (u) in Equation 3.3 and
P (v) in Equation 3.4 to initialize the initial velocities in the simulations. In Figure 3.6, we
show some examples from this approach. The behavior of pedestrians is nicely reproduced
by the model simulations. The simulated trajectories are however longer on average than the
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Figure 3.5: Probability distribution of the velocity magnitude from simulations initialized
by initial velocity from the data (blue) and from simulations initialized by the velocity cor-
responding to the bottom of the potential well from the model ~v0 = (1.29, 0) (orange). Both
initialization methods result in a deviation from the velocity distribution in the measurements
(green).

real-life trajectories, as can be concluded from the difference in velocity distribution in Figure
3.7 as well.

The longer trajectories in the simulations are a result of the fact that the parameters in
the model are defined for low density situations, namely pairwise avoidance. The bottom of
the potential well is set around the average velocity of pedestrians in such scenarios. The
typical velocity in higher density scenarios is lower than in pairwise avoidance scenarios (cf.
Figure 3.1a). For the last approach, the potential well from the model is adapted following the
requirements discussed in Section 3.2.1. The results of this approach are presented in Figure
3.8. The behavior of the single pedestrian is again nicely reproduced by the simulations,
however in this approach the length of the simulated trajectories corresponds to the length of
the real trajectory. This is illustrated by the correspondence in velocity distribution for this
approach and the measurements in Figure 3.9.
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Figure 3.6: Two one-versus-many scenarios in rotated coordinate systems. The green lines
represent simulations, which are initialized by Gaussian distributed initial velocities corres-
ponding to the Taylor approximation of the potential from Figure 3.2. The simulations
reproduce the real-life dynamics well. The horizontal displacement and velocity distribution
do however not agree with those from the measurements.
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Figure 3.7: Velocity distribution of the measurements (blue) and from simulations initialized
by the distribution in Equations 3.3 and 3.4 (orange). The simulations have a higher typical
velocity compared to the measurements, which is reflected by the longer trajectories in Figure
3.6.

Superposition of interactions in pedestrian dynamics 31



CHAPTER 3. RESULTS AND DISCUSSION OF SUPERPOSITION

−1.5 −1.0 −0.5 0.0 0.5 1.0 1.5 2.0
x [m]

−4

−3

−2

−1

0

1

2

3

4

y
[m

]

(a)

−1.5 −1.0 −0.5 0.0 0.5 1.0 1.5 2.0
x [m]

−4

−3

−2

−1

0

1

2

3

4

y
[m

]

(b)

−1.5 −1.0 −0.5 0.0 0.5 1.0 1.5 2.0
x [m]

−4

−3

−2

−1

0

1

2

3

4

y
[m

]

(c)

−1.5 −1.0 −0.5 0.0 0.5 1.0 1.5 2.0
x [m]

−4

−3

−2

−1

0

1

2

3

4

y
[m

]

(d)

Figure 3.8: Four one-versus-many scenarios in rotated coordinate systems. The green
lines represent simulations, which are initialized by Gaussian distributed initial velocities
corresponding to the Taylor approximation (Equation 3.2) of the adapted potential well with
up = u′p ≈ 0.76 and α = α′ ≈ 0.31. The behavior of the single pedestrian is to a certain extent
reproduced by the simulations. Besides, the lengths of the simulated trajectories correspond
accurately to the length of the real trajectory.
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Figure 3.9: Velocity distribution for the measurements (blue) and for simulations (orange)
initialized by the probability distributions in Equations 3.3 and 3.4 for the adapted potential
well (up = u′p ≈ 0.76 and α = α′ ≈ 0.31). Examples of these simulations are shown in Figure
3.8. The two distributions overlap significantly, which means that the velocities from the
measurements are accurately reproduced by the simulations.
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3.4 Quantifying simulation performance

The behavior in the simulations seems to reproduce the behavior of the pedestrian in real-
life. Besides, the velocity distribution of the simulations corresponds well with the velocity
distribution from the measurements. We however want to quantify the correspondence of the
simulations with the real trajectory.

We calculate the standard deviation of the bundle of simulated trajectories ~χ(t) at every
time step and average the position of the simulated trajectories at every time step. Let

~γ(t) =
(
x(t)
y(t)

)
be the measured trajectory (red in Figure 3.11) and ~χavg(t) = 〈~χ(t)〉 =

(
µx(t)
µy(t)

)
the average trajectory of the simulations (black in Figure 3.11). At every time step τj , the
probability that the position of the simulation corresponds to the position of the real trajectory
is Gaussian distributed in both directions with mean ~χavg(τj) and standard deviation σ~χ(τj)
[3]. This statement is supported by Figure 3.10. The probability density function of a bivariate
Gaussian distribution with mean µi = µi(τj) and standard deviation σi = σi(τj) with i = x, y
is given by

ψ(x, y; ρ) =
1

2πσxσy
√

1− ρ2
exp

[
− 1

2(1− ρ2)
{(x− µx

σx

)2
− 2ρ

(x− µx
σx

)(y − µy
σy

)
+
(y − µy

σy

)2}]
.

(3.6)

The correlation ρ is defined as ρ = ρx,y = cov(x,y)
σxσy

[19]. Integrating this probability density
function over the time interval of the observation window T gives a value between 0 and 1,
providing a measure for the correspondence of the simulations with the real trajectory Psim.
All variables depend on time in our case, which results in

Psim =
1

T

∫ T

0
ψ(~γ(t); ~χavg(t);σ~χ(t); ρ~χ(t))dt. (3.7)

This indication of the performance of the simulated model equations can be used to compare
different modeling approaches. In Table 3.1 the results of comparing the different modeling
techniques in this chapter are given. The average value of Psim for every modeling technique
shows the quantification of the modeling improvements.

Table 3.1: The average value of Psim (Equation 3.7) for the different methods for initializing
the velocities of simulations used in this section. These methods are initialization from (1)
measurement data, (2) the bottom of the potential well, (3) Taylor approximation around the
bottom of the potential well, (4) Taylor approximation around bottom of adapted potential
well. A clear improvement of the average value of Psim indicates the improvement of the
different modeling techniques.

Method 〈Psim〉
1 0.002

2 0.011

3 0.022

4 0.106
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Figure 3.10: Probability distributions of all the simulated positions x (a) and y (b) at a
certain time step τ . The red dotted line is a Gaussian fit, which shows that both position
variables are Gaussian distributed in the simulations.
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Figure 3.11: A one-versus-many scenario, where the single pedestrian (red trajectory ~γ(t))
is simulated multiple times (green trajectories). The black trajectory is the average trajectory
of all simulations ~χavg(t), which is constructed by averaging all simulated positions ~χ(t) per
time step of the simulation. At every time step, there is also a standard deviation of the
simulations, which is a measure for the width of the bundle of simulated trajectories. The
average trajectory of the simulations and the standard deviation at every time step are used
to quantify the performance of the simulations (cf. Equation 3.7).
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3.5 Conclusions and discussion

The superposition of interaction in pedestrian dynamics is studied by simulating Equations
2.13-2.18 with the assumption that the interaction is linear. It is studied on scenarios selected
by a selection algorithm. This algorithm provides desired scenarios under specific require-
ments very accurately. The second goal of this paper described in Section 1.1 is therefore
achieved.

The method for numerical simulation requires initialization of variables. The velocity of
the simulations is initialized by four different methods. We adjusted the methods used after
analyzing the outcome of the simulations. In the last method, we initialized the velocities
of the simulations with a Gaussian distribution corresponding to the Taylor approximation
around the bottom of the potential well from Figure 3.2 with adapted parameters. The value
for the desired velocity up is set to match the average velocity in the high density scenarios
we studied. The measure for the forcing in the potential well α is adapted such that the
probability of a rare event (inversion of walking direction) is unchanged. The results of this
last method reproduced the behavior of the simulated pedestrian to a certain extent. The
velocity profile of the simulations corresponded to the velocity profile of the measurements.

Analysis of the results of the simulations shows some room for improvement in adapting
the model for high density crowds. The model constants, i.e. up and α, should rather be a
model parameter than a constant. The parameters are a function of the density of a crowd.
The way the parameters depend on density is a subject for further research. Other model
constants are kept constant throughout this study and matched the values of the constants in
[2]. These constants could be re-evaluated to increase the accuracy of the model in predicting
pedestrian behavior. We proposed an approach to compare the performance of a simulated
model in Section 3.4.

With the simulation method and initialization approach we used and the data we had
available, there is no reason to discard the hypothesis and it is reasonable to conclude that
the total interaction is linear. The behavior of pedestrians in an interacting crowd can be
characterized in terms of the sum of binary interactions with a suitable adaptation of model
parameters. It should be noted that the interaction forces in Equations 1.14 and 1.15 decay
exponentially with the square of the distance between pedestrians. This causes that interac-
tions between pedestrians far apart are negligible in the contribution to the total interaction.
The sum of the interaction forces is therefore almost completely defined by the interactions
with nearest neighbors.
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