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Abstract

Imagine looking at an open space like a hallway or plaza and seeing walking pedestrians.
What if it would be possible to see patterns in their trajectories? To be able to group similar
trajectories in such a way that frequently observed usage patterns can be seen from a lot of
individual pedestrian paths?

Getting a better understanding of pedestrian behaviour is the main goal in crowd flow
physics. The ability to predict behaviour can for example be used to design public space.
This thesis focusses on grouping individual pedestrian trajectories and modelling their usage
patterns.

The research conducted is based around data gathered from video recordings in a section
of the Utrecht station hall. The method is specifically developed to find the usage patterns in
this dataset although aims to create a method suitable to disentangle usage patterns for every
dataset imaginable. The proposed method to solve the described problem is based around
clustering. Clustering is a well-known way in mathematics and computer science to group
data from a dataset based on similarities. In our case these similarities are walked trajectories.
Two different clustering algorithms are investigated and implemented: Hierarchical clustering,
which tries to group data by merging similar trajectories, and density based clustering, which
tries to find similar trajectories by looking for high densities of similar data in datasets. The
advantages and disadvantages of both methods are discussed and quantitatively analysed in
order to determine the best solution for our problem. The results show that density based
clustering is the best solution in our case.

The second aim of this thesis is to simplify the common behaviour by creating a model that
represents the same usage patterns as can be observed from the clustering results. The reason
is that frequent usage patterns are initially described by a lot of data and we want to create
a model of the same usage patterns to reduce data size. This involves Gaussian modelling
the usage patterns. The similarity of our model, which represents walked trajectories, is
compared to the actual data from the Utrecht station hall.

In conclusion clustering combined with Gaussian modelling is a good way to group similar
pedestrian trajectories. Though there are some problems which still need to be solved to
further improve the result such that the tool created becomes more sophisticated.
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Chapter 1

Introduction

One of the fields which recently has become more popular to study is crowd flow. Crowd flow
is a term for the behaviour of people moving [1]. This includes all types of movements from
a small to a big scale. What is interesting is that crowd flow behaviour has a lot in common
with the way particles in a fluid move. Using the knowledge of this behaviour and observing
moving crowds should result in a more sophisticated description of the way crowds or more
specifically the way individuals move. An example of a description of such behaviour can be
found in a study about pairwise collisions [2]. This study suggest how and why individuals
try to avoid each other while walking towards each other in a straight line.

Recently a lot of progress has been made in trying to understand this behaviour. Although
generally one could expect a crowd to follow a certain path, it is not yet known how exactly
this crowd moves and why it moves in the way it does. The ultimate goal is to be able to
make a model which can predict crowd behaviour according to all the rules observed from
different data and studies in such a way that this model is as close to reality as it can be.
However to create such a model which answers these questions one should first observe the
behaviour of a moving crowd to gain a better understanding.

The reason why this study is important is because if you are able to predict crowd beha-
viour in certain situations you can design around this behaviour. Think about designing the
layout of public space, where to place exits in areas where big events are held or designing an
airport or a train station for example. But also being able to simulate what would happen
during an emergency situation, how the crowd would move depending on where exits are. Also
studying the ability to (un)intentionally influence this behaviour with lights for example, as
is done in an experiment during the GLOW event [3], can be beneficial in order to move big
crowds according to plan.

To be able to gain all this knowledge small steps have to be taken. This thesis contains
two solutions to problems which need to be solved. One problem is being able to disentangle
usage modes in pedestrian dynamics in an area so that you can relate the layout to the
behaviour of the crowd. This thesis initially focuses on grouping individual trajectories from
data acquired by recording various train station hallways for a number of days. The goal is
to group the trajectories of individual paths together and represent them in a visual way so
that the main usage modes in an area can quickly be distinguished. This will give a better
idea of the directions individuals tend to walk in a specific area.

The second problem is finding a solution to the question if it is possible to model this
behaviour in such a way that the actual recorded data can be compressed such that only the
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CHAPTER 1. INTRODUCTION

important features remain. The correctness of this model will be investigated. Trajectories
can then be compared based on this model to see if they follow predicted behaviour or if they
differ from the common behaviour expected from the data.

1.1 Pedestrian dynamics measurements

The area that will be analysed is shown in Figure 1.1, which is a section of a hall in the
train station of Utrecht. The hall consist of a doorway at the middle bottom and is open
on both sides. Interesting locations include the Starbucks on the bottom left and the Julia’s
restaurant on the bottom right. Expected is that most individuals will walk either through
the door to one of the sides or from one side to another side. This hall is recorded with
overhead cameras to track the pedestrians walking through it. These persons are real users of
the train station. They do not know that their behaviour is observed which means the video
footage gathered represents real data and is not a set-up experiment. The video footage is
kindly supplied by ProRail.

Figure 1.1: The hallway of Utrecht station with a door in the middle bottom and openings
on either side. In this picture you can also see some individuals standing at a position in the
area that will be analysed. Drawn are also some could-be trajectories of the individuals in
the picture as to illustrate what the data is about.

Data gathered from the video footage has been analysed and modified so that for each
individual a two-dimensional position is known at a certain time. This results in a dataframe
consisting of four columns representing in order: the time, the person, which we will call pid
which is short for person identity, and the x- and y-position. Because we do not care at what
exact time individuals are walking at a certain position we modify this dataframe in such a
way that for each pid entering the area a separate counter starts. This counter stops when
the pid leaves the area. This way all pids have a time starting from 0. This time column is
called Rstep. We also introduce a column containing the maximum value for Rstep, called
Rstep len for reasons that will become clear later.
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CHAPTER 1. INTRODUCTION

timestampms pid x_pos y_pos Rstep Rstep_len

1510182006485.0 13067193.0 -13.192 4773.44 0.0 228.0

1510182006584.0 13067193.0 -100.852 4728.59 1.0 228.0

1510182006683.0 13067193.0 -100.852 4728.59 2.0 228.0

1510182006783.0 13067193.0 -170.852 4688.47 3.0 228.0

1510182006882.0 13067193.0 -223.817 4619.05 4.0 228.0

Figure 1.2: Dataframe with columns for: the real time column called timestampms, the per-
sonal identity column called pid, the x- and y-position columns and the Rstep and Rstep len
column which were added later. The Rstep column consists of timesteps starting from 0 to
the max time step of that pid, which is the value of Rstep len. This way all pids have an
initial time Rstep = 0.

We can plot a trajectory of a pid by plotting all the points in time Rstep of this individual.
When plotting all trajectories of all different pids from the dataframe at first sight it seems
like there is no structure in the lines but closer inspection shows that actually there are lines
which appear to be the same.

Figure 1.3: All trajectories from the data. Each color represents a different individual.
Notice that the trajectories are mostly going right to left and left to right which is expected.
Also notice trajectories going through the door in the middle bottom and evading the top
middle, since there is a barrier there as can be seen in figure 1.1.

Instead of plotting the trajectories in two dimensional space we can also plot them in three
dimensional space taking the Rstep value as the third coordinate. However this does still not
create a clear picture of what the actual main usage modes are as can be seen in Figure 1.4.

To create a clearer picture of these trajectories we are proposing a different view on the
problem. Instead of plotting the absolute paths in three dimensional space we create a grid
in x-, y- and time-space, where the time is represented by the Rstep value. This creates a
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Figure 1.4: All trajectories from the data in 3D space. This is the same data as can be
seen in Figure 1.3 but now a third axis is added which represents the Rstep value of that
point. Meaning trajectories start at Rstep = 0, which is the bottom plane, and ending at
Rstep = Rstep len which is different for each individual.
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three dimensional grid where each small cube consists of a x- and y-position and a time step
value. To be more precise: a range of x- and y-values, which is defined by cutting the total
length and width in equal sized bins, and a Rstep value. Now for every time a pid enters
such a cube, meaning at a certain Rstep it has a value for x and y which fits inside one of
the cubes, a counter value for that small cube gets increased. After feeding in all the data
this leads to a three dimensional matrix consisting of counter values which actually represent
the density of the subspace. When plotting a density contour of this data, meaning we set
a density value to show as a surface, one gets a much better idea of the main usage modes
in an area. The white parts in Figure 1.5 are the subspaces with high density. The vertical
coordinate is the time Rstep.

Figure 1.5: Contour plot of the density matrix of the dataframe. This is the same data as
shown in Figure 1.4, but now as a density function. Parts in time space that have a high
density of trajectories are shown. For example the main usage modes are from right to left
and let to right represented by the big cross.

1.2 Contributions of this thesis

Looking at Figure 1.5 we are able to see white areas of common usage modes. We will call
these main usage modes ’tubes’. As an observer we can (easily) distinguish these tubes, for
example the two main tubes going from left to right and right to left. The first aim of this
thesis is to create a way to distinguishing these tubes automatically. Meaning we can separate
the tubes and look at them individually as can be seen in Figure 1.6.

Another problem which needs to be solved is that the tubes now are represented by too
much data points. This needs to be condensed so that there is less data needed to show the
tubes. This can be done by fitting a model over the tubes that represent the same data but
consist of smart coordinates where each slice in time is represented by a center and a radius
around this center. The results of this modelling process can be seen in Figure 1.7.
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Figure 1.6: The tubes separated by clustering, each color represents a tube. The aim is to
do this automatically by algorithmic approaches instead of manually visualising the data in
order to create a robust way to distinguish tubes from any dataset. What is also is important
to note is that making a density plot of all the data can result in lesser tubes not being visible
because they are not dense enough to be visible with the chosen parameters. By separating
the tubes we can have a normalized density parameter per tube making lesser tubes visible.
See for example the blue tube. A problem is that some data can get lost which will be
discussed in Chapter 4.

Figure 1.7: The tubes represented by a model which is created by a lot less variables thus
reducing the data size. The model tries to approach the actual data as good as possible by
evaluating its distribution with that of the actual data. How this is done is explained in
Chapter 2.
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CHAPTER 1. INTRODUCTION

The layout of this thesis is as follows. First the theoretical background needed to un-
derstand the contribution is discussed. This includes an explanation of clustering data and
creating a Gaussian model. Both explanations will be accompanied by simple visual examples
to make sure the reader understands the way the problems are solved. The chapter after that
will contain information on how clustering and Gaussian modelling is implemented as well as
showing the results of the clustering and Gaussian modelling visually as well as quantitatively.
This chapter will also include a section towards application of the method which should be
easy to understand for non-technical background users. Finally there will be a chapter for
conclusions and discussions of the work.

Disentangling and Compressing usage patterns in Crowd Flows 7





Chapter 2

Theoretical background

This chapter contains information of clustering and Gaussian modelling. The concepts will
be discussed using simple examples. Readers already familiar with these concepts can skip to
Chapter 3 to immediately see them implemented to solve the problems in our case. The first
section will explain what clustering is by showing it being performed on a simple data set,
which three algorithms are used and what each algorithms strength as well as its weakness
is. The next section will discuss Gaussian modelling. This includes the basics of Gaussian
modelling on a simple dataset as well as doing it on weighted data in case of a two dimensional
histogram.

2.1 Clustering

Clustering is a method which groups points together based on similarities, which in our case
means positions. Since the trajectory lines consist of points we can use clustering on them.
Different clustering algorithms exist that are suitable for this problem. To be more precise
three forms of clustering are investigated: Hierarchical clustering, DBSCAN and HDBSCAN.
A more detailed explanation about clustering, different metrics and uses can be found in
[4]. All methods have advantages and disadvantages over each other which will be discussed
below. The theory of clustering is explained by showing a simple example case to visualise
the concept. The example data points are shown in figure 2.1

Disentangling and Compressing usage patterns in Crowd Flows 9
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Figure 2.1: This figure shows 30 numbered data points to visualise the concept of clustering.
The points are generated randomly around three locations in the plane.

2.1.1 Hierarchical clustering

Hierarchical clustering is a method that tries to build clusters by using a hierarchy. Either
via top-down, creating clusters by splitting, or bottom-up, creating clusters by grouping,
approach. This algorithm clusters points using a method which clusters points together in
order of distance. To start we consider all points as clusters which each contain one point,
the bottom-up approach. The distances between all the clusters, which now are single points,
are calculated. The two closest clusters are now considered to be a new cluster containing
two points. This process is repeated where the distance between clusters is now calculated
by taking for example the mean of the points in a cluster as the center when calculating the
distance between clusters. This process continues until all points are in a single cluster. The
algorithm will then build a tree of the clustering process which can be seen in Figure 2.2. To
specify the amount of cluster the tree needs to be cut at a certain height. In the example the
tree is cut in order to create three clusters.

10 Disentangling and Compressing usage patterns in Crowd Flows
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Dendrogram

Figure 2.2: Dendrogram tree of the clustering process. The points are labelled on the
bottom axis. The height axis contains the information of the clustering steps. As can be seen
smaller clusters are formed from the bottom and are then clustered together until one giant
cluster is formed. The tree is then cut at the height of the dashed red line to create three
clusters. The green, red and cyan cluster.

The distance between clusters is most commonly calculated using the Euclidean distance
or Squared Euclidean distance but it is also possible to for example calculate the Manhattan
distance. What is more important is the specified linkage criteria. In the example the mean
of the points in a cluster is used when calculating the distance but it is also possible to do
complete-linkage clustering, which calculates the maximum distance between two clusters by
using the points that are furthest apart, or single-linkage clustering, which calculates the
minimum distance between clusters by using the points between clusters that are closest.

Disentangling and Compressing usage patterns in Crowd Flows 11



CHAPTER 2. THEORETICAL BACKGROUND

0

1

2

3

4

5

6

7

8
9 10

11

12

13

14

15

16

17

18

19

20
21

22

23

24
25

26

27

28

29

Figure 2.3: The original example data now clustered using hierarchical clustering. The
formed clusters are the same as in figure 2.2 but now represented as the original data with
coloured points.

Algorithm 1 Hierarchical clustering

1: procedure HAC(n clusters)
2: for point in points do
3: cluster ← point
4: end for
5: while total clusters > n clusters do
6: dist(ci, cj) . calculate distance between clusters i and j
7: merge closest(ci, cj) . merge closest clusters
8: end while
9: return clusters

10: end procedure

The advantage of using hierarchical clustering is that it is easy to specify the amount of
clusters that need to be found. This can also be a drawback however, because sometimes it
is not known how many clusters there will be. A disadvantage of this method is that each
point needs to be in a cluster. Sometimes a point does not really fit in a cluster but using
this method it will be assigned to a cluster. Depending on the data used this can lead to bad
results. Hierarchical clustering is a good initial way to look at the data to get an idea of the
clusters. Due to it’s drawbacks however it should be used with caution on data with noise.

2.1.2 DBSCAN

Another method for clustering is called DBSCAN. This algorithm is based around finding
density in data. The parameters required are a radius ε in which neighbouring points need

12 Disentangling and Compressing usage patterns in Crowd Flows
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to be found and the amount of point minPts that are required for a group of points to be
considered a cluster. This algorithm considers three different types of points. Core points,
cluster points and noise points.

Core points consist of points which have the specified amount of points inside of its radius.
This means that for example when specifying that the minimum amount of point needs to
four, the core point needs to be at least surrounded by three other points in its radius.
Cluster points are points which are not a core point in the meaning that they do not have the
minimum amount of points required in their radius. But a cluster point does need to have
at least one core point in its radius. Cluster points often are the boundary of a cluster. The
points that do not have a single other point inside of their radius are considered noise points,
they are not part of a single cluster. Noise points are also called outliers. See also Figure 2.4.

A C

B

N

Figure 2.4: Example of the BDSCAN clustering algorithm on points with parameter
minPts = 4 and fixed radius ε. Point A is a core point (red), meaning it has three other
points in its radius. Points B and C are cluster points (yellow) meaning that they have a core
point in their radius ε but are not a core point themselves. Point N is a noise point (blue)
since it does not have another point in its radius. Figure taken from [5].

The main advantage of this method is that it does not require you to specify the amount
of clusters that need to be found beforehand. This means that it has a big advantage if the
amount of clusters that need to be found is not known. Another advantage is that DBSCAN
can detect noise points or outliers. This is also an advantage over hierarchical clustering since
some points in the dataset might not fit a particular cluster. A disadvantage of this method
is that it can be hard to find the optimal value for the radius ε especially when dealing with
high-dimensional data.

2.1.3 HDBSCAN

HDBSCAN [6] is a extension of the DBSCAN algorithm. This algorithm performs DBSCAN
over varying ε values. This allows to find clusters with different densities which is not possible
to do with DBSCAN alone while at the same time eliminating the need to specify the radius
ε which can be difficult as explained in the previous section. HDBSCAN also has core points,

Disentangling and Compressing usage patterns in Crowd Flows 13
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Algorithm 2 DBSCAN

1: procedure DBSCAN(ε, minPts)
2: for point in points do
3: if minPts in ε range then
4: point = core point . point is core point
5: end if
6: end forcluster core points
7: for point in points do
8: if point in ε range core points then
9: point = cluster point . point is cluster point

10: else
11: point = noise point . point is noise point
12: end if
13: end for
14: return clusters
15: end procedure

cluster points and noise points. The algorithm itself is more complicated a it combines
DBSCAN with hierarchical clustering. The result of this approach is shown in Figure 2.5.
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Figure 2.5: Example of the HBDSCAN clustering algorithm on the example data points.
The groups are mostly the same as in figure 2.3 but there are also noise points (black) which
according to HDBSCAN do not belong in a group and are considered so-called outliers.

Although it seems that this algorithm has the best approach it does also have some
drawbacks. The order in which it operates makes it a possibility that some points at the start
of the clustering process do not get clustered as expected. This is the case with point 4. This
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Algorithm 3 HDBSCAN

1: procedure HDBSCAN(minPts)
2: for range of ε values do
3: for point in points do
4: if minPts in ε range then
5: point = core point . point is core point
6: end if
7: end forcluster core points
8: for point in points do
9: if point in ε range core points then

10: point = cluster point . point is cluster point
11: else
12: point = noise point . point is noise point
13: end if
14: end for
15: end for
16: return clusters
17: end procedure

point is not expected to be in the green cluster. Also because it chooses the ε value by itself
there are cases where a lot of points will be considered noise while they could actually fit in
a cluster. However the advantage of having different density clusters as well as not having to
choose the radius ε outweighs these disadvantages in our case, but the disadvantages should
be kept in mind when proceeding.

In conclusion all three approaches should be used on the actual train station hall data to
get the best idea of the actual tubes.

2.2 Gaussian modelling

The second aim of this thesis is to compress the size of the data by modelling the tubes
instead of representing them with the actual data. The model is approached as a Gaussian
distribution or because we are looking in two dimensions a multivariate normal distribution
[7]. The theory of this approach is explained in this section, again by using an example. The
example data shown in Figure 2.6 represents a two dimensional normal distribution of 500
data points. The reason why the problem is approached this way is because the tubes are
expected to have a mean with the highest density and an area around this mean which can
be seen as a multivariate normal distribution.

Disentangling and Compressing usage patterns in Crowd Flows 15
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Figure 2.6: Two dimensional normal distribution of 500 random points. A model will be
created to represent the same data points but reducing the variables needed to represent the
distribution.

2.2.1 Multivariate normal distribution

The multivariate normal distribution is a two dimensional Gaussian distribution given by the
probability function,

f(x) =
1√

(2π)2 det Σ
exp

(
−1

2
(x− µ)TΣ−1(x− µ)

)
, (2.1)

where µ is the mean position and Σ is the covariance matrix which in our case is given by
a 2 by 2 matrix,

Σ =

(
σxx σxy
σyx σyy

)
, (2.2)

where the σ values translate to the two semi-axes as shown in Figure 2.7. Since this
matrix is symmetric σxy and σyx are equal to each other. A detailed explanation about this
covariance matrix Σ can be found here [8]. In our case it is not important to go into a lot of
detail. What should be known is that σxx and σyy represent the width, in x, and height, in
y, of the model and that σxy and σyx represent the rotation of the model.

Parameter x is the position in x and y of the point we are looking at. This means that the
probability of finding x far away from the mean µ approaches zero and that the probability
of finding a x which is equal to µ is equal to 1√

(2π)2 det Σ
, which is only dependant on the

covariance matrix Σ.
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Figure 2.7: A multivariate normal distribution model will be created to represent this data.
This way the data can be represented by a mean point and covariance matrix which consist of
a lot less variables than the original example data. To expand, each data point has a x- and
y-position so for 500 points there are 1000 variables that need to be saved. The multivariate
normal distribution is given by a mean point, which consists of a x- and y-position, and a
covariance matrix which represents the area around this mean which consists of three different
variables. (There are actually four variables in the covariance matrix but since the matrix is
symmetric there are only three variables which need to be saved.) This means the data gets
reduced from saving 1000 variables to saving 5 variables which almost represent the same
distribution. In this figure the semi-axes are shown which represent the area around the data.

From the data we can calculate the mean x- and y-position for n points,

µ =

n∑
i=1

xi

n
, (2.3)

where xi are the x- and y-positions of all the data points as well as the 2 by 2 covariance
matrix Σ where the elements σxx, σxy, σyx and σyy are given by,

σxx =
1

n− 1

n∑
i=1

(xi − x)2, (2.4)

σxy =
1

n− 1

n∑
i=1

(xi − x)(yi − y), (2.5)

σyx =
1

n− 1

n∑
i=1

(yi − y)(xi − x), (2.6)

σyy =
1

n− 1

n∑
i=1

(yi − y)2. (2.7)
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If we now take this mean µ and covariance matrix Σ and put them in Equation 2.1 we
get a distribution as shown in Figure 2.8 where the z-axis represents the density at position
(x, y). Keep in mind that the maximum value is given by 1√

(2π)2 det Σ
and the volume under

the density function is equal to 1.

The reason we can use the calculated mean µ and covariance matrix Σ as parameters in
the probability distribution function, Equation 2.1, is because we make use of cross-entropy
minimization. Cross-entropy minimization is a concept which tries to minimize the difference
between two probability distributions and is a typical approach to solve similar problems in
deep learning. In our case the probability functions are given by the data and by Equation
2.1. Minimizing the difference between these functions, assuming the data is a Gaussian
distribution, results in having to choose µmodel = mudata and Σmodel = Σdata. A proof for
this can be found in Appendix A.

x

y

De
ns

ity

MODEL

Figure 2.8: The density function from Equation 2.1 with µ and Σ obtained from the example
data in figure 2.6. The peak is located at mean position µ and has value 1√

(2π)2 det Σ
, while

the total volume under the density function is equal to 1.

Instead of plotting the three dimensional representation we can also plot the function as
a contour in two dimensions as shown in Figure 2.9. Finally we can visualise the model on
top of the original data in Figure 2.10 and see how our model compares to this original data.
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Figure 2.9: Model of density function, Equation 2.1, with µ and Σ obtained from the example
data. The semi-axes given by the covaraince matrix Σ are shown in black representing the
area around the mean µ.

Figure 2.10: Comparison of the model and the data. Semi-axes are shown in black. For
a multivariate normal distribution this model is the best with regards to the data as its
parameters are directly coming from the data.

The difference between this example and the contribution which will be discussed in
Chapter 3, is that we have to do this modelling on a two dimensional histogram instead of
a distribution of points in the two dimensional plane. This changes the way the modelling
challenge is approached by using a weighted mean µw and weighted covariance matrix Σw.
This means every point, or cell, in the histogram has a weight associated with it which needs
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to be accounted for in the calculation of the weighted mean µw and the weighted covariance
matrix Σw. The weighted equations are given by,

µw =

n∑
i=1

wixi

n∑
i=1

wi

, (2.8)

where wi are the weights of the samples n and,

σxxw =
1

1−
n∑
i=1

w2
i

n∑
i=1

wi(xi − x)2, (2.9)

σxyw =
1

1−
n∑
i=1

w2
i

n∑
i=1

wi(xi − x)(yi − y), (2.10)

σyxw =
1

1−
n∑
i=1

w2
i

n∑
i=1

wi(yi − y)(xi − x), (2.11)

σyyw =
1

1−
n∑
i=1

w2
i

n∑
i=1

wi(yi − y)2, (2.12)

for the elements of the weighted covariance matrix Σw.
In conclusion this is the best approach if we assume the tubes are a multivariate normal

distribution. As we will see in Chapter 3 this is a valid assumption. What we will discuss
the next chapter is how we use these two theories to solve the problems of finding groups in
all the trajectories and create a model to reduce the size of the data as well as showing the
results of our implementation.
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Chapter 3

Disentangling pedestrian
trajectories

This chapter contains the results of the implemented theoretical background. In the first
section the implementation of the theoretical background is discussed followed by the results
of this implementation. This is done for hierarchical clustering, DBSCAN and HDBSCAN.
The next section will discuss the implementation of Gaussian modelling off the data as well
as showing the results of modelling the different clustering outcomes. It will also contain
a quantitative measure of the modelling processes. Finally a way towards application is
discussed, talking about how to implement the results in such that it is easy to understand
for non-technical users.

3.1 Clustering

3.1.1 Contribution

To solve the original problem of disentangling usage modes in pedestrian dynamics clustering
is used. For example we could check all the pids entering the area and cluster them based
on their starting position but that leaves us with the problem that one individual could leave
through a different exit than the second one. These two individuals, while entering the area
through the same entrance should not be part of one cluster. We could instead also cluster
based on where individuals leave the area but that leads to the same problem, the case that
both could have entered at a different entrance. To solve this problem we will instead cluster
on both the entrance and exit position. This means that we are not clustering two dimensional
points, the x- and y-position, but now cluster four dimensional points, the x- and y-position
for both the starting and final position. To improve the quality of the clustering even further
we can also add the middle point of the trajectory to the clustering process leading to six
dimensional clustering as can be seen in Figure 3.1. It is also possible to go even higher by
adding more points to the clustering process but this will result in longer calculations as each
point adds two dimensions to the process.
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Figure 3.1: Clustering of trajectories in 4d and 6d, top and bottom respectively. The black
lines represent possible trajectories. To cluster trajectories we pick, for every trajectory, its
initial and final position. So instead of clustering two dimensional points as discussed in
chapter 2 we cluster 4d points (xinitial, yinitial, xfinal, yfinal), this means that for example
all pids entering the hall on the left and exiting the hall on the right belong to a cluster.
The information that is not included is how they walk through the area. To include this
information we add another position to the cluster points. This leads to 6d cluster points
(xinitial, yinitial, xmiddle, ymiddle, xfinal, yfinal). To increase the correctness of the result we can
add more positions to the cluster points but this will increase the computation cost and we
will see that they do not produce significantly different results. Instead we will use the model
to grade how well a trajectory fits in a certain tube, which will be discussed in the modelling
section of this chapter.

Algorithm 4 Implemented clustering

1: procedure cluster(dataframe)
2: Rstep 0← Rstep = 0 . all pid initial positions
3: Rstep mid← Rstep = Rstep len/2 . all pid middle positions
4: Rstep max← Rstep = Rstep len . all pid final positions
5: if 4d then
6: cluster points ← [Rstep 0, Rstep max]
7: else if 6d then
8: cluster points ← [Rstep 0, Rstep mid,Rstep max]
9: end if

10: labels ← cluster(cluster points, clustering alg.)
11: dataframe[Label] ← labels
12: return dataframe
13: end procedure

The way 4d or 6d cluster points are created from the dataframe as shown in Figure 1.2
is by the Rstep and Rstep len column. Pids entering the hall start at the position of time
Rstep = 0 and leave the hall at time Rstep = Rstep len which is different for each pid.
The x- and y-position of these two rows in the dataframe correspond to the cluster point
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(xinitial, yinitial, xfinal, yfinal). Each pid will thus have a 4d cluster point. This is almost the
same for 6d cluster points where the extra xmiddle and ymiddle are represented by the row
where Rstep = Rstep len

2 . These cluster points are then clustered by the algorithms explained
in Chapter 2. This leads to each pid getting a label which indicates to which cluster it
belongs. This label value is added to the dataframe as an additional column called ’Label’.
The procedure is also shown in Algorithm 4. It is now possible to create the three dimensional
grid as discussed in Chapter ?? selecting only the pids belonging to one label. When plotting
a density plot of this filtered grid we can show a single tube as can be seen in Figure 3.2.

Figure 3.2: Density plot of filtered three dimensional grid. This tube is also present in Figure
1.5 but can now be viewed because of the applied clustering theory. This tube represents the
trajectories of the pids entering the hall on the right and exiting the hall on the left. The hall
from Figure 1.1 is shown as the picture on the bottom of the three dimensional plot.

3.1.2 Results

In this section the results of all clustering implementations on the Utrecht station hall data
are shown. The clustering is done for hierarchical clustering, DBSCAN and HDBSCAN both
in 4d, initial/final position clustering and 6d, initial/middle/final point clustering. This leads
to six combinations of which the results are shown. For hierarchical clustering parameter
cluster amount = 6. There are two reasons for this choice. The first reason is that on first
sight Figure 1.5 contains six tubes. The second reason is that due to the layout of the hall
shown in Figure 1.1 we expect to have six main paths (left to right, right to left, bottom door
to right, bottom door to left, right to bottom door, left to bottom door). Different values
of clusteramount have also been tested but did not lead to great results. For DBSCAN
two parameters are needed minPts and ε. minPts is set to 200 and ε = 3000000. This
is mostly done by trial and error since changing theses values slightly resulted in too much
overlapping clusters or no clusters at all. This is the problem with choosing ε for higher
dimensional clustering as discussed in Chapter 2. HDBSCAN’s parameter minPts is set
to 400. To illustrate which tubes are most common a pie chart is generated indicating the
percentage of trajectories of the total trajectories that are part of this coloured tube. The
colours correspond to the colors of the tube in the three dimensional figure.
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Figure 3.3: 4d hierarchical clustering is a good starting point too visualise the expected
behaviour. The two main tubes, in red and orange, are 45.1% of the total trajectories but
the problem with this method is that there is no notion of noise. This means that the yellow
tube includes some unexpected vertical lines as well as the orange tube having a second part
coming out of the bottom door, which is not wanted. What is also important is that there is
a turquoise tube having 1.4% of the total trajectories which is not even visible in the three
dimensional density contour plot.
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Figure 3.4: Difference with the previous method is that inclusion of the middle point seems
to change how many trajectories are considered to be in the red tube at cost of the green
tube by a lot. The result is worse than 4d hierarchical clustering. A reason why this is the
case is discussed in Chapter 4.

In conclusion hierarchical clustering is a good way to get an initial idea of the tubes because
it will include all the data in its clustering process meaning no data gets lost. However
due to this behaviour actual good tubes do not get recognized because noise is included.
Recommended is to use this method when viewing a dataset for the first time using different
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values for minPts to see what options are expected to occur, before continuing with DBSCAN
or HDBSCAN.
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Figure 3.5: As discussed DBSCAN is very sensitive to parameter selection which is the
reason why there are so many tubes detected. However dus to its notion of noise it seems to
create a much better result as opposed to hierarchical clustering. The six main tubes which
are expected are shown clearly as well as a indigo and purple tubes which move further to
the back of the area hall. However these are only a small part of the trajectories. The reason
no orange tube is visible is because those trajectories are actually noise. This means 18.1%
does not belong to a tube according to 4d BDCSAN.
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Figure 3.6: The result of 6d DBSCAN is very similar to 4d DBSCAN except that the red
area is now representing the noise or outliers in the data. Meaning 28.5% is labelled as not
belonging to a cluster. To tackle this the model is used to get a better idea of how much
these noise trajectories are actually different which will be discussed in the modelling section
of this chapter.

In conclusion DBSCAN is a good method to detect the tubes while getting rid of noise
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trajectories. However parameter selection makes it impractical to use. It does however
give better results than hierarchical clustering for this problem. The difficulty of parameter
selection can be fixed by using HDBSCAN, which does not require a value for ε, of which the
results are shown in the next figures.
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Figure 3.7: The result for HDBSCAN is the best so far but this can only be concluded from
the investigation of hierarchical clustering and regular DBSCAN. The expected 6 tubes come
up as a result. However a lot, 30.5%, of the trajectories are considered noise by this method
which can be a problem. If this is a problem is determined by the question that needs to
be answered. In our case we only want to distinguish the main tubes so this result is great.
However for more detailed tubes HDBSCAN is not the best method.
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Figure 3.8: What is interesting is that 6d HDBSCAN produces almost exactly the same
result as 4d HDBSCAN. This leads to believe, because the way HDBSCAN works, that this
is actually the way the trajectories are distributed. What is also interesting is that the way
clustering is performed, either 4d or 6d, might not be a good way to create different results
and actually another method for more detailed tubes should be implemented which is more
then just clustering.

The main results of all clustering methods are shown in the table below. For each method
the amount of free parameter is given as well as how many clusters are identified as well as
what amount of trajectories is considered as noise.

Method Free parameters Clusters Noise

Hierarchical clustering 4D Cluster amount - -

Hierarchical clustering 6D Cluster amount - -

DBSCAN 4D ε, minPts 8 18.1%

DBSCAN 6D ε, minPts 7 28.5%

HDBSCAN 4D minPts 6 30.5%

HDBSCAN 6D minPts 6 30.9%

In the end HDBSCAN is the preferred method to cluster our data. Although the three
methods produce mostly similar results HDBSCAN produces the cleanest results. How to
tackle the problems HDBSCAN is discussed in Chapter 4. What we can conclude from all
the methods is that the main flow of the trajectories is towards and from the left direction
meaning movement from the bottom door to the right or vice versa occurs less often then
other movement.
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3.2 Modelling

3.2.1 Contribution

Since we are able to isolate the tube we can now also model each tube individually. The
modelling is done almost exactly the same as with the example shown in Chapter 2. The
only difference is that instead of points we are using doing the computation on a slice, which
corresponds to a value of Rstep, of the three dimensional grid as shown in Figure 3.9. For
this slice the modelling parameters are given by the weighted mean µw and the weighted
covariance matrix Σw.

Figure 3.9: Slice of a tube at a certain time Rstep. This slice represents a two dimensional
grid which is taken from the three dimensional grid of the tube from figure 3.2. The aim is to
model this distribution with the model described in Chapter 2, but using the weighted mean
µw and weighted covariance matrix Σw.

Using µw and Σw in the multivariate normal distribution density function, Equation 2.1,
gives us a approximation of the distribution of the slice of the three dimensional grid from
Figure 3.9, which is shown in Figure 3.10.

Figure 3.10: Model of the tube slice seen in Figure 3.9 by applying the multivariate normal
distribution function with µw and Σw. As explained this model is only a slice of the tube at
time step Rstep, this process needs to be done multiple times for all time steps Rstep to get
a three dimensional model grid representing the same tube as can be seen in Figure 3.2.
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This model is only for one slice or Rstep value. This means that to create a model for the
entire tube it is needed to do this step for all values of Rstep in the three dimensional grid.
This leads to a 2d model for each Rstep value which can then be stacked on top of each other
to create a three dimensional grid model for the tube. Of this grid a density plot can be made
in the same way it is done for the actual data. The tube from Figure 3.2 is approximated by
the tube from Figure 3.11. The procedure is also shown in Algorithm 5.

Figure 3.11: Entire model of the tube. This tube represents the same tube as can be seen
in Figure 3.2 but now as a model. This model only depends on a function µw(Rstep) and
Σw(Rstep). To create all tubes this process needs to be done multiple times for all labels
which are created by the clustering process.

Algorithm 5 Modelling

1: procedure model(grid)
2: for slice in grid do
3: mean ← µw . weighted average
4: cov ← Σw . weighted covariance matrix
5: model slice ← mnd(mean, cov) . multivariate normal distribution
6: grid model ← stack(model slice) . put slices on top of each other
7: end for
8: return grid model
9: end procedure

3.2.2 Results

In this section the results of the modelling of the tubes are shown as well as how these models
can be used to check how well a trajectory fits inside this tube. The figures are shown by a
see-through grid to increase the visibility of sections that overlap. It will be easy to see what
clusterings lead to creation of the best models. The models are created as discussed in the
previous section.
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Figure 3.12: Model of tubes created by 4d hierarchical clustering, the modelling process
runs into problems when dealing with noisy tube in case of the yellow tube. That is why the
tube is not correctly modelled.

Figure 3.13: The model of tubes created by 6d hierarchical clustering are even worse. The
orange tube is stretched out due to the noise in the tube. For this reason creating a good
model requires to have good clean tubes. This is because when calculating the weighed mean
µw and weighted covariance matrix Σw expects to only have one center. In the case of the
noisy tube there are multiple dense spots which influence this calculations by a factor that is
too big and as such causes a wrong model.

Creation of the models of hierarchical clustered tubes is problematic when dealing with
noisy data. Expected is that DBSCAN and HDBSCAN do not have this problem. However for
creation of tube models the method seems to work well for well-defined data tubes. However
the edge cases so that bottom and top slice of the three dimensional grid are a little bit
distorted.

30 Disentangling and Compressing usage patterns in Crowd Flows



CHAPTER 3. DISENTANGLING PEDESTRIAN TRAJECTORIES

Figure 3.14: Creation of model tubes from 4d DBSCAN clustered data creates way better
results, which is what is predicted because there is no problem with noise in the tubes so the
weighted mean µw and weighted covariance matrix Σw are calculated more precisely. However
because there is some varying density some tubes do not get created correctly from start to
finish.

Figure 3.15: As expected the result for 6d DBSCAN is not too different from 4d DBSCAN
since it is basically the same. What can be concluded is that tubes with a lot of trajectories,
the orange and yellow tube, do get defined better then tubes with low densities, the blue an
turquoise tube.

Modelling of tubes created by DBSCAN clustering performs way better then hierarchical
clustering due to noise being absent in DBSCAN clustered tubes.
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Figure 3.16: Tubes created by the modelling of 4d HDBSCAN. The result of the modelling
is the same as DBSCAN since there is also no noise in the tubes. But because HDBSCAN
picks better parameters by itself it seems that the tubes are created a little bit better.

Figure 3.17: Results of 6d HDBSCAN clustered tubes. Aspects of the original data are
clearly visible. The six main tubes which are expected are also seen clearly in this model.

In conclusion modelling of tubes works well in cases of low noise tubes. It does not perform
well on hierarchical clustered tube because of that reason. The method however works well
for the other cases. This means the original data from the dataframe can be reduced to these
models in a successful way for the most part. What is more important is that we now have
a model where we can calculate how well a trajectory would fit inside a tube by using the
multivariate normal distribution density function on a single trajectory. This allows us to
view the trajectories which fit a tube the best as shown in Figure 3.18 or the worst as shown
in Figure 3.19.
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Figure 3.18: The five trajectories which have the best score with a model tube. The mean
of the model is shown in the bold blue line. The score is determined by using the multivariate
normal distribution density function with weighted mean µw and weighted covariance matrix
Σw as parameters.

Figure 3.19: The five trajectories which have the worst score with a model tube. The mean
of the model is shown in the bold blue line. The score is determined by using the multivariate
normal distribution density function with weighted mean µw and weighted covariance matrix
Σw as parameters.

The problem is that we do not expect these trajectories to be in this cluster. The reason
these are is a flaw in the implementation of the clustering method. To see if this happens
rarely or not we need to get a better idea of how well the model compares to the data. What
we can do is calculate for every tube how well the trajectories in this tube compare to he
model. We can quantify how well the usage patterns are described by the model by giving
them a score. The higher score the better the model is.

In the table below we have calculated every score for all tubes/usage patterns as well as
the mean score off the entire model for this clustering approach. The scores for the usage
patterns are in order of trajectory amount, the same way the figures of the modelling results
are represented.
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Method Mean score Usage pattern score

Hierarchical clustering 4D 0.568 0.587
0.520
0.560
0.621
0.593
0.544

Hierarchical clustering 6D 0.548 0.590
0.524
0.519
0.601
0.479
0.479

DBSCAN 4D 0.612 0.612
0.587
0.613
0.644
0.655
0.599
0.593
0.612

DBSCAN 6D 0.609 0.607
0.580
0.608
0.645
0.660
0.597
0.616

HDBSCAN 4D 0.614 0.614
0.591
0.612
0.649
0.648
0.599

HDBSCAN 6D 0.610 0.605
0.585
0.609
0.649
0.649
0.604

The takeaway from this is that the hierarchical clustering methods have a lower score then
the density based approaches DBSCAN and HDBSCAN by a significant amount confirming
our conclusions gained from the modelling figures. To see how the distribution is of theses
scores we can look at Figure 3.20. Here are all trajectory scores shown for each method in a
histogram. The best result would be to have a peak as far to the right as possible because
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then all trajectories would fit the model perfectly, obviously this is not the case but there is
a clear distinction between the hierarchical approach and the density based approach.
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Figure 3.20: Distributions of trajectory scores. Each trajectory in the cluster is scored by
how well it fits in the model. So the trajectories are compared to the model for all time steps,
Rstep. Effectively this mean that the probability function is filled in with the position of
the trajectory at that time. We want to have the score to be as high as possible. As can
be seen from these histograms the hierarchical clustering approaches do not give good model
results. The density based clustering approaches do, having the highest peak as close to 1.0
as possible and not having many trajectories that do not fit well at all.
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Chapter 4

Conclusion and Discussion

In order to create a better understanding of crowd flows the ability to separate more complex
usage patterns automatically is a good next step. To do this, knowledge about clustering is
needed as well as an idea of how to implement this knowledge.

This thesis focussed on three different clustering methods. Initially hierarchical clustering
in the form of complete linkage clustering was investigated. The results gained from this were
initially promising but there were also problems with this strategy. The two main problems
were the fact that this algorithm needs to know the amount of clusters beforehand, which
often is not known initially so this has to be almost guessed or chosen based on assumptions,
and that is wants to include every trajectory in a cluster even if it actually does not really fit
in there because it is an odd trajectory not suited for a common usage pattern.

To solve these issues other clustering algorithms were investigated which eventually led
to the density based clustering algorithm BDSCAN. The results from this algorithm initially
looked very promising but is was quickly discovered that the free parameter ε could cause
trouble because it was very sensitive, a small change would either put all trajectories in a
single cluster or consider them all as noise. To prevent this the adaptation HDBSCAN was
investigated. This proves to be the best method in the case of this dataset and probably also
for others, since it gets rid off odd trajectories while not having a sensitive parameter. In the
end the difference between 4D and 6D clustering was almost non-existent. This means that it
is either not necessary to take more points into account or that the points should be chosen
more carefully depending on the area the data comes from.

The next step was to model the usage patterns so that we could decrease the amount of
information required to describe the usage patterns while trying to stay as close as possible to
the original usage patterns seen from the data. Again the density based clustering approaches
proved to be the best when trying to model the usage patterns. The difference between
the model correctness between the hierarchical approach and the density based approach is
significant with an average score of 0.55 for the hierarchical approach versus 0.61 for the
density based approaches.

In the end HDBSCAN is the preferred method for finding usage patterns from a lot of
trajectory data because it gives the best results and is the easiest to implement.
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CHAPTER 4. CONCLUSION AND DISCUSSION

4.1 Future work

Main work that could be done to improve the methods described in this thesis is trying
to eliminate speed differences between walking pedestrians by scaling the time axis. This
improvement was also briefly investigated during the time this thesis was done but in the end
it was chosen to not delve deeper into this subject. In hindsight this will probably increase
the correctness of the results.

Another future work suggestion is to look deeper into usage patterns within usage patterns.
For example the Starbucks shown in Chapter 1 had a lot of visitors but this is not shown in
our results. It could be very well possible that each usage pattern has more usage patterns
within it. To get these out it is probably needed to redefine what data we want to cluster.

This leads to another suggestion. Since there was not much of a difference between the
4D and 6D case it may be that adding more points is not the correct way of looking at the
problem. Maybe instead we will need to look at key points in the recorded area and cluster
based on them to get the correct usage patterns. Still the initial and final points we clustered
are very good starting key points to find the main usage patterns but more subtle choices
could maybe lead to finding more subtle usage patterns.
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Appendix A

Cross-entropy minimization

We have two multivariate Gaussian distributions given by P = N (µ,Σ) and Q = N (m,S).
To calculate how similar they are we have to calculate the Kullback-Leibler divergence
DKL(P ‖Q) [9].

DKL(P ‖Q) =
1

2

(
tr(S−1Σ)− d+ (m− µ)S−1(m− µ) + log

(
det(S)

det(Σ)

))
(A.1)

In the case of a two dimensional distribution d = 2 and the means µ and m and the covariance
matrices Σ and S are given by,

µ =

(
µ1

µ2

)
, m =

(
m1

m2

)
, Σ =

(
σ2

1 ρσ1σ2

ρσ1σ2 σ2
2

)
, S =

(
s2

1 rs1s2

rs1s2 s2
2

)
. (A.2)

Filling in these definitions in the Kullback-Leibler divergence DKL(P ‖Q) and simplifying
results in,

DKL(P ‖Q) =
1

2(1− r2)

(
(µ1 −m1)2

s2
1

− 2r
(µ1 −m1)(µ2 −m2)

s1s2
+

(µ2 −m2)2

s2
2

)
(A.3)

+
1

2(1− r2)

(
σ2

1 − s2
1

s2
1

− 2r
ρσ1σ2 − rs1s2

s1s2
+
σ2

2 − s2
2

s2
2

)
(A.4)

+ log

(
s1s2

√
1− r2

σ1σ2

√
1− ρ2

)
(A.5)

The minimum Kullback-Leibler divergence DKL(P ‖Q) = 0 can only exist in the case
µ = m and Σ = S. This means that for the minimal cross-entropy, assuming the data is
a Gaussian distribution, the means and covariance matrices have to be equal thus filling in
the mean and covariance matrix of the data in the probability function results in the best
approximation model of the data.
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