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RESUME

Avec 'avéenement des nouvelles technologies au cours des dernieres décennies, les techniques
de collecte de données ont évolué et changé considérablement. Des appareils moins chers et
plus récents ont facilité les taches de collecte de données, tandis que la culture de la science
ouverte a contribué a la disponibilité des ensembles de données collectées. D’autre part, les
innovations technologiques et les méthodes d’analyse en constante amélioration ont facilité
la tache de traitement des données. Si ces changements technologiques contribuent a une
évolution de I'analyse des données, les capacités humaines restent limitées. Par conséquent,

les taches manuelles peuvent potentiellement ralentir ce processus.

Les méthodes d’apprentissage non supervisées constituent une solution pour résoudre le prob-
leme de la gestion et de 'analyse des mégadonnées. Les algorithmes de groupement (“clus-
tering”), comme sont appelées les méthodes d’apprentissage non supervisées qui traitent de

I’assignation des données a des catégories, jouent ici un role clé.

Les études de circulation sont un domaine qui a largement utilisé ces algorithmes. Les
trajectoires, en tant que source majeure d’informations dans les études de circulation, ont vu
de nombreuses applications des méthodes de groupement. Cependant, dans la plupart des

cas, I’évaluation des performances de ces méthodes a été négligé.

Dans ce contexte, ce projet de recherche se concentre sur le probleme de I’évaluation non
supervisée du groupement de trajectoires. L’objectif principal de ce projet de recherche était
de développer un cadre pour les méthodes de groupement qui fonctionnerait entierement sans
I’étiquetage manuel des trajectoires. L’objectif secondaire était de procéder a une comparai-

son entre mesures de distance pour trajectoires et entre algorithmes de groupement.

Pour répondre a l'objectif principal, un cadre, avec une combinaison de mesures de perfor-
mance a la fois non supervisées et supervisées, est développé pour comparer les configura-
tions de groupement. En outre, une méthode est proposée pour générer automatiquement
des groupes de trajectoire de référence en fonction de leurs points d’origine et de destination
qui sont utilisés par des mesures de performance supervisées. L’ensemble de la procédure

fonctionne sans supervision a la fois dans les étapes de groupement et d’évaluation.

Enfin, une tache de comparaison est menée entre les mesures de distance populaires, les
algorithmes de clustering et les mesures d’évaluation. La comparaison se compose de six

mesures populaires de distance pour les trajectoires (c’est-a-dire “Dynamic Time Warping”
(DTW), “Longest Common Sub Sequence” (LCSS), “Edit Distance on Real sequence” (EDR),
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Piciarelli-Foresti (PF), Hausdorff et “Symmetric Segment-Path Distance” (SSPD)), dont trois
ont été essayées avec six valeurs de parametres, six algorithmes de groupement (c’est-a-dire
“k-Medoids”, “k-Means”, “agglomerative hierarchical”, “spectral”, DBSCAN et OPTICS),
ainsi que différents nombres de groupes allant de 2 a 30. Sept mesures de performance
sont prises en compte dans la comparaison, a savoir 1’exhaustivité, 'homogénéité, la valid-
ité, I'“Adjusted Mutual Information” (AMI), 1'“Adjusted Rand Index” (ARI), le “Fowlkes-
Mallows Index” (FMI) et la Silhouette. Les comparaisons indiquées sont basées sur les

données de sept intersections dans deux villes différentes.

Les résultats montrent qu’il n’y a pas de configurations de groupement spécifique et méme
de mesures de distance ou d’algorithmes de groupement spécifique qui surpassent les autres
systématiquement ou du moins systématiquement apparait parmi les dix meilleures configu-
rations pour toutes les intersections. Les résultats montrent qu’il y a des gagnants clairs pour
des sites spécifiques. Chaque site a un, et jusqu’a trois, algorithmes ou distances surpassant

les autres. Cependant, il n’y a pas de tendance claire dans I’ensemble des sites.
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ABSTRACT

With the advent of new technologies in the past few decades, data collection techniques have
evolved and changed significantly. Cheaper and newer devices have made data collection tasks
easier, while open source culture has contributed to the availability of the collected datasets.
On the other hand, technological innovations and ever-improving analytical methods have
facilitated the data processing task. While these technological changes are contributing to an
evolution in the data analysis, human capabilities remain limited. Therefore, manual tasks

can potentially slow down this process.

One solution to address the problem of managing and analyzing big data is unsupervised
learning methods. Clustering algorithms, as unsupervised learning methods which deal with

categorical assignment of data are called, play a key role here.

Traffic studies is an area that has made extensive use of these algorithms. Trajectories, as
a major source of information in traffic studies, have been the target of many studies that
considered the application of clustering. However, in most cases the performance evaluation

aspect of clustering has been overlooked.

In this context, this research project focuses on the unsupervised evaluation of trajectory
clustering. The primary objective of this research project was to develop a clustering frame-
work that would work entirely without the manual labeling of trajectories. The secondary
objective was to conduct a comparison between popular trajectory distance measures and

clustering algorithms.

To address the primary objective, a framework, with a combination of both unsupervised and
supervised performance measures is developed that compares the clustering setups. Also, a
method is proposed to automatically generate reference clusters based on their origin and
destination points to be used by supervised performance measures. The entire procedure is

unsupervised both in the clustering and evaluation steps.

Finally, a comparison is conducted between popular distance measures, clustering algorithms
and evaluation measures. The comparison consists of six popular trajectory distance measures
(i.e. Dynamic Time Warping (DTW), Longest Common Sub-Sequence (LCSS), Edit Distance
on Real sequence (EDR), Piciarelli-Foresti (PF), Hausdorff and Symmetric Segment-Path
Distance (SSPD)), three of them tried with six parameter values, six clustering algorithms
(i.e k-Medoids, k-Means, agglomerative hierarchical, spectral, DBSCAN and OPTICS), as

well as different numbers of clusters ranging from 2 to 30. Seven performance metrics are
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considered in the comparison, namely, completeness, homogeneity, validity, Adjusted Mutual
Information (AMI), Adjusted Rand Index (ARI), Fowlkes-Mallows Index (FMI) and Silhou-
ette. The noted comparisons are done based on data from seven intersections in two different
cities.

The results show that there is no single clustering setup and not even a specific distance
measure or clustering algorithm that outperforms the others systematically or at least con-
sistently appears among the top ten best clustering setups for all intersections. The results
show that there are clear winners for specific sites. Each site has one, and up to three, al-
gorithms or distances outperforming the others. However, there is no clear pattern in these

observations across the sites.
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CHAPTER 1 INTRODUCTION

1.1 Background

Measuring and data collection is the basis of quantitative studies in different transportation
tasks, such as transportation planning, design and construction, transportation management,
as well as traffic related studies. Traffic studies range from congestion management, safety
analysis, calculating road capacity and level of service, traffic monitoring to road design
and all of these fields require knowledge on movement of road users in road network. Even
law enforcement tasks can benefit from road user movement data to automate or enhance
the law enforcement procedures. A popular method of collecting this data is recording
time-stamped locations of road users during the span of data collection and generating time-

ordered sequences of them that are called trajectories.

Especially with the advent of new technologies, user movement data collection is becoming
more and more easy and accessible. Global Navigation Satellite System (GNSS) devices,
smartphones, regular and infrared cameras, Light Detection and Ranging (LiDAR) and even
communication networks such as Bluetooth, WiFi and cellular networks can be used to collect
trajectory data (though the latter might no be as high quality as the rest of them). With the
advancement and improvement of these technologies quality and reliability of data collection
improves [1]. In addition, some problems that are present in active data collection can be

avoided through passive and non-intrusive data collection [1,2].

The evolution of technology also results into the availability of these devices in locations that
could not easily be used before and leads to an ever-growing coverage of transport networks.
It is also worth mentioning that these technological improvements when added to the growing
popularity of open-source culture, results into massive amounts of data becoming accessible

to researchers (and the public).

Advancement in technologies has also improved the processing tasks and increased the speeds
through faster devices, raising the limits, introducing new devices, such as Solid-State Drive
(SSD) and Neural Processing Unit (NPU). Furthermore, it has reduced the installation com-
plexity and costs of the devices. This provides the opportunity to perform data analyses task

easier and better than any time before.

On the other hand, we as human beings are limited in our capabilities. We may find new
ways to manage these capabilities to push our limits and improve our performance and our

skills, but we cannot escape these limits in the same way that we do with other technological



objects through changes that sometimes may change their essence. Therefore, in order to
keep up with the pace of changes in data collection and analysis, we need to lower the required
supervision and interaction of human operators, even if we might not be able to completely
eliminate it. In addition to speeding up the analysis procedure, it will also lower the labor

burden and cost.

A crucial step towards decreasing the need for human supervision in data analysis is using
unsupervised learning algorithms: “unsupervised (learning) algorithms are those that experi-
ence only features but not a supervision signal”; also called label or target [3]. In many cases,
the problem can be pictured in the form of splitting objects or observations into different

groups. Such unsupervised tasks are referred as clustering.

Even though the application of clustering methods in trajectory analysis is well studied

(discussed in Chapter 2), avoiding use of labels for performance evaluations is overlooked.

1.2 Thesis Objectives

The proposed research project aims to investigate the problem of trajectory clustering evalua-
tion. Specifically, the focus will be on performance evaluation with an unsupervised approach.

It is divided more specifically into a primary and secondary objective:

Primary objective: developing a framework to evaluate and compare distance measures
and clustering methods without requiring manually-labeled trajectories. The sub-objectives

are:

o The framework should evaluate and compare a desired set of candidate clustering setups
(i.e. combination of trajectory distances, clustering methods and their parameters)

without the need for manual data labeling, and return the top performing methods;

« In addition to regular unsupervised performance measure(s), which do not require ref-
erence labels, a method should be proposed and implemented to extract reference labels

from trajectories to be used by supervised performance measures.

Secondary objective: exploring the performance of popular clustering setups on differ-
ent datasets. The comparison should be carried out with different distances and clustering

algorithms with a range of parameter values.

1.3 Thesis Organization

The remainder of this thesis is organized as follows:



In Chapter 2, we briefly introduce different learning approaches. Then we introduce
different components of trajectory clustering and review prior literature on trajectory

clustering.

In Chapter 3, we explain the outline of the workand present an overview about the two

different datasets used for the experiments.

Chapter 4 contains the main body of the study in the form of a paper submitted for

publication in the journal IEEE Transactions on Intelligent Transportation Systems.

In Chapter 5, we further discuss the details of the method and implementation. It also

contains some extra experiments and results.
In Chapter 6, we further investigate and discuss the results.

Finally, in the last chapter we summarize the study, discuss the limitations of the work

and possible suggestions for future studies.



CHAPTER 2 LITERATURE REVIEW

This chapter is dedicated to reviewing the previous related research. At the beginning, an
overview about traffic data collection is presented. Video-based object detection as a major
source of traffic data collection is then explained with its applications, such as traffic event
monitoring, parking monitoring and law enforcement. Then we will review how different

pattern recognition approaches have been used to extract knowledge from traffic trajectories.

2.1 Video Surveillance

Whether the data collection be through fixed or moving sensors, e.g. on vehicles or pedestri-
ans, such as pole or drone mounted regular or infrared cameras, radars, LiDARs and GNSS
devices [4-7], various kinds of sensors provide user trajectories, i.e. the series of their positions
over time. Video based traffic studies is especially emerging fast due to increasing number of
cameras, growing coverage of the road network [8] not requiring active participation of road

users.

Video-based object detection and pattern recognition has been deployed for different traffic
problems in urban environments such as vehicle counting, speed and movement detection
(e.g. for traffic violation detection), road user interaction analysis and automatic incident
detection. In several cases, a reliable approach is through the recognition of license plates,
i.e. Automatic Number Plate Recognition (ANPR) or Automatic License Plate Recognition
(ALPR) [8].

Vehicle detection is a well-known application of computer vision that is deployed in different
environments with vision challenges and occlusions [9-11]. Comparing the performances in
highways vs. rural roads, it seems that detection and classification in urban environment is

more challenging compared to highways [8].

Traffic event monitoring is studied in several researches [12-14]. Li and Porikli [12] developed
an algorithm to detect several types of traffic events such as heavy congestion, high vehicle
density with high speed and vacancy in different weather situations. Video-based automatic
incident detection is also used to monitor the traffic in locations where temporary road lane

changes for increase in road capacity is practiced [15,16].

Parking lot monitoring and management is another application of video surveillance related
to traffic management. Unauthorized parking detection and vehicle identification (in case

of blockages) are among the issues that are addressed in some researches [15,17]. Law



enforcement is another area where video-based traffic monitoring can be useful. Traffic
violations such as illegal movements, speeding, running red lights, vehicle driving in the
wrong direction or in a bus lane can be automatically detected in real time [8,15,18]. The
output of video records in traffic surveys are usually stored as trajectories which are essentially

time-series that represent the positions of objects over time.

2.2 Pattern Recognition

As the name suggests, pattern recognition is the task of learning patterns and regularities
within data through algorithms [19]. Statistical modelling, machine learning and deep learn-
ing are some of the popular terms in the nomenclature of pattern recognition. They refer
to different types of learning methods with different algorithms (explained in the following
sub-section), yet with the same objective, which is reaching high accuracy by minimizing

some loss function(s) [20].

2.2.1 Learning Types

Statistical methods are traditional learning methods that are based on statistics and are
well studied theoretically regarding the optimality of the results in different situations. On
the other hand, machine learning algorithms rely less on statistical assumptions (often non-
parametric methods) and have relatively more emphasis on prediction performance as the

main concerns, even if the optimality of the results is not mathematically proven.

Most statistical and machine learning methods consist of two main steps: a feature engineer-
ing step to extract features from raw data to be used as the input for the methods, and a

training part to fit a model to those features using the algorithms.

2.2.2 Supervision Types

A dataset consists of the recorded values for several variables and may or may not include
the response variable. If present, the response variable is sought to be predicted based on the
other variables. Based on the presence/use of response variable, also called label or target,
learning methods are divided into supervised, unsupervised and semi-supervised algorithms.
If labels are available and used by a method, it is considered supervised while unsupervised
methods do not use any label. Semi-supervised methods use a combination of labeled and

unlabeled data. The labels can be either continuous (numeric) or discrete (nominal) variables.

Clustering is a category of unsupervised learning methods which are often used in the absence



of prior knowledge on the labels, but also sometimes used while the labels are known in the
dataset as a pre-processing step to give insight about data for further analysis [21]. Given
a similarity measure, clusters are made by putting similar objects/observations in the same

groups or clusters.

2.2.3 Time-series Analysis

Time-series data consists of single or multiple sequence(s) of time-ordered records. The
learning task can be either at the shape level or structure level. The former is when performing
on multiple sequences to study the similarity /dis-similarity among them, while the latter tries

to find similar sub-sequences within a single or multiple sequence(s) [22].

There are three types of learning depending on the input type used [21,22]:

o Temporal-proximity based, shape based or raw-data based: when the learning
method takes raw time-series as input with no need for pre-processing steps on data,

except for those steps needed to extract the time-series themselves from the data.

« Representation based or feature based: when the data should be processed to ex-

tract features from trajectories and those features are the input of the learning method.

o Model based: these methods assume that the data comes from models/distributions
and tries to split the data into groups of observations where each group is assigned to

one of the models.

A crucial part of clustering problems is selecting a suitable measure of similarity. Among
the similarity measures used in time-series analysis are lock-step measures [23,24] such as
Dissimilarity metric (DISSIM), Bhattacharyya distance, Euclidean Distance (ED) and more
generally the L, norms that are based on comparing fixed (one-to-one) pairs of elements
from input time series of the same length [24]. On the other hand, elastic measures such as
Dynamic Time Warping (DTW), distances based on Longest Common Sub-Sequence (LCSS),
Edit distance with Real Penalty (ERP), Edit Distance on Real sequence (EDR) and Sequence
Weighted Alignment model (SWAIe) can handle time-series of different lengths. However,
this flexibility in input length usually comes at the cost of higher computational burden. For
instance, the computational burden for the ED and Bhattacharyya distances is O(n) while
computing several elastic measures including DTW and LCSS are of O(mn) where m and n

are the lengths of the time-series [25].

Studies including time series data analysis can be categorized in two different ways: based

on the characteristics of the data or of the method [26]. Regarding the dataset, it is possible



to train models on raw time-series. But this is not practical to extract complex relations
from large real-world datasets because of the need for more complex models and thus higher
computational cost. Also, in some cases, the algorithms require the input series to have the

same length. Therefore, data pre-processing is usually needed before training the model.

A popular type of time-series data pre-processing is transforming the data. Simple curves can
be fitted to complete or subsets of time-series to represent the sequences. Discrete Fourier
Transformation is another method to extract features from time-series. The data can also be

mapped into lower-dimension subspace by orthogonal transformations [25].

According to the analysis approach, the three main characteristics of time series analysis
are distance measure, classification/clustering algorithm used and evaluation method. Many
algorithms used to compare time series are generally the same as those for stationary (non-
time series) data, only with the information being summarized in a set small number of

features that are inputs of the algorithms [26].

2.3 Trajectory Clustering

Various problems, such as road user counting, speed measurement and traffic violation de-

tection are solved/eased using trajectory-based road user detection and clustering [8,27-29].

In the following sections, popular methods used in the literature for the computation of
the distances between trajectories, clustering and evaluation of clustering performance are
explained. As explained later in the article in Chapter 4.3, we define a clustering setup w
that consists of a distance d, distance parameters «, a clustering algorithm A, algorithm

parameters 5 and the number of clusters k. Also D denotes the set of np trajectories M.

2.3.1 Distance Measures

As mentioned earlier, distance measurement is the first step of trajectory clustering. Al-
though none-elastic distances such as ED, Bhattacharyya and DISSIM which use one-to-one
mapping technique for distance measurement are more time-efficient, they are not suitable
for trajectories with unequal lengths [21]. But real trajectories are usually different in du-
ration and length. Therefore, only elastic distance methods are considered in this study as

they can handle trajectory pairs with unequal lengths.

Some of the most popular distance measurement methods in the trajectory clustering litera-
ture are as follows [21,25,30]:

e Dynamic Time Warping (DTW) First introduced by Sakoe at early 70s for speech



recognition [31], this method is among the most popular techniques for calculating the

dissimilarity of trajectories.

Given the trajectories M = (pi,...,p} and M? = (p?, ..., p? and starting from the start
points of both trajectories p} and p?, it maps the points from M?! to the points from
M, while preserving the temporal order and minimizing the distance of the matched
pairs of points. After finding the optimal mapping, the distance is the sum of distances

between all pairs. It can be formulated as [32]:

0 if |M' =|M?=0
00 if [M'|=0or |M?*| =0
d(p;, p?)

DTW (M", M?) = .
+min (DTW(H(Ml), M?),

DTW(Ml, H(M2)),
DTW(H(Ml),H(M2))) otherwise

Where H(M) is the trajectory M with its last point removed. The complexity for
the pair of trajectories M' and M? is of O(mn). It is also worth mentioning that the

mappings M — M? and M? — M! are similar and the distance is thus symmetrical.

Longest Common Sub-Sequence (LCSS) is also among the most popular measures
in trajectory analysis. When mapping trajectories M — M? it allows points from

either trajectories to remain unmatched. The measure is calculated as below [33]:

0 ifm=0o0rn=20
LCSS(M', M?) = {1+ LCSS.(H(M*), H(M?)) if | — po| < €
max <LOSS€ (H(MY), M2), LOSS. (M, H(M2)>> otherwise

Where € is the matching threshold, that is, the maximum distance between points to
be considered as similar. The LCSS returns the length of the longest uninterrupted
sub-sequence of the two trajectories where the points are close enough (regarding €) to
the other trajectory. The choice of € depends on the characteristics of the road and

road users (e.g. road/lane width, vehicle width and driving behavior).

Also as suggested by Vlachos et al. [34] to turn this similarity measure into a distance

(to be used with the algorithms), we convert the measure as in Equation 2.1:



1 — LOSSe(M?Y, M?)

d M M?) =
ross. (M-, M7) min(m,n)

(2.1)

Where LC'SS(M*, M?) is the LCSS similarity between trajectories M' and M? i.e. the
lengths of the longest common subsequence between them. The LCSS similarities and
distances are also symmetric. Finally, the complexity of this method for calculating

the similarity for a pair of trajectories is O(mn).

Edit Distance on Real sequence (EDR) is also widely used in the literature. This
measure represents the minimum number of points needed to be changed so that the

two trajectories would be similar. The formula to calculate the measure is as below:

n ifm=20
m ifn=20
EDR.(M"', M?) = {min <EDRE (R(M"), R(M?)) + subcost,
EDR.(R(MY), M?) +1,

EDR.(M", R(M?)) + 1) otherwise

Where € is the matching threshold, R(M) is the trajectory M with the start point being
removed and subcost = 0 if the start points of the two trajectories are close enough (i.e.
Ipl, p?| <€), otherwise it is 1. The EDR is also a symmetric distance and its calculation
complexity is O(mn). Also the trajectories do not need to be of equal lengths, though

unequal lengths of the two trajectories automatically inflates the measure [33].

Piciarelli-Foresti(PF): starting from start points pi and p?, the method tries to
match every point p; from the first trajectory M' to a point p? within a time window
around a similar point (in order) from M? (i.e. p? € M?) where the time window grows

with time. The distance is calculated as the average distance of the paired points:

PF(M M?) = L3~ dpr(p}, M) (2:2)
Where:
dpr(p!, M?) = min ('pcﬂ) re {l(1=0)i]...[(1+ )} (2.3)
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In an study to compare distance and clustering methods for trajectory cclustering,

Morris and Trivedi [35] suggest to set the normalization constant ¢, = 1.

Informally, the Hausdorff distance represents the maximum of all the distances from

a point in one set to the closest point in the other set. It is formally defined as [30]:

dHausdm«ff(Ml,M2) = max{ max dps(]#as?)?

1 .2
. . . max dps (pj7 S; )}
Z€[17~~~a|Ml‘]’]6[1’~~"|M2_1H ’LE[L...,|M1—1H,je[l,...,|M2H

(2.4)
Where segment s is the straight line between two successive points p§, pj,,; € M, and
point-to-segment distance dp(p}, s7) is defined as:

2

o if p*} € s;

d ( 1 2) |p217p*z
p,’S. =
P min <|pl-1, q]2-|, s, q]2~+1|> otherwise

Where p*; is the orthogonal projection of p} on the line including segment 2.

The computation complexity of the Hausdorff distance is O(n?) [36].

Symmetric Segment-Path Distance (SSPD) has been proposed in [30,36] as:

MY
1
dspo(M*, M*) = 37 3 dye(pr, M) (2.5)
i=1
d M, M?) +d M2 M!
dsspp(M', M?) = seolM’, M) + dspp(M, M) (2.6)

2

Where dps(p;, s3) is point-to-segment distance (defined in Equation 2.3.1), and point-

to-trajectory distance dy;(p}, M?) is deined as:

dy(p}, M?) = min (], 5)) (2.7)

The computation complexity of the SSPD is O(n?) [36].

Fréchet distance Originally introduced by Fréchet [37], this measure is used in the
literature for trajectory analysis and was initially included in this work. But it can
be very time consuming, having a worst case complexity of O(n?log(n?)) [38] . This

was reflected in the long run-times (compared to other distances) when calculating the
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distance matrix based on this measure. Also sometimes the available implementation

had crashes. Therefore, we decided to exclude it from the experiments.

2.3.2 Clustering Algorithms

After calculating distances between trajectories, the next step is to use a clustering method

to split the set of trajectories into groups of similar objects based on distance values.

Some of clustering methods such as k-Means and Gaussian Mixture Model (GMM) rely on
calculation of centroid for sets of objects which cannot be defined for objects of time-series
type. Therefore, these methods are not applicable unless trajectories are mapped into a

proper space where each trajectory is represented with a single point [39].

The following are some popular clustering methods which do not rely on calculation of cen-
troid points [21,25]:

o k-Medoids is very similar to k-Means but tries to find k£ points from the dataset
(rather than the feasible space) to represent the center of each cluster. Given a set of
initial cluster centers, in every step it updates each cluster center with a point from
the corresponding cluster while trying to minimize the sum of the distances of each

observation to cluster centers. The complexity of the method is of O(npk) [40].

o the Hierarchical clustering approach generates a dendogram which splits the obser-
vations into clusters while showing “the nested grouping of patterns” [41]. The approach
consists either in splitting a set into subsets in each step (divisive), or in merging sets

of observations into a superset (agglomerative), or in a mix of the two (hybrid).

According to the study by Morris and Trivedi [35], these algorithms have similar per-
formances in trajectory clustering. Beside the number of clusters k, there is another
parameter called linkage for this algorithm that defines the criterion used to merge the

subsets. There are four values for this parameter:

1. Single linkage is based on the minimum distance between objects from the two

sets.

2. Complete or maximum linkage is based on the maximum distance between

objects from the two sets.
3. Average linkage takes the average of distances over all objects in the two sets.

4. Ward linkage is based on variance of objects in the two sets. This method was

not used in the final results presented in this paper due to very poor results.
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« the Spectral clustering algorithm takes a distance matrix 7', decomposes it to its
eigenvalues and eigenvectors and picks the eigenvectors corresponding the k& smallest
eigenvalues. These k eigenvectors are used as a low-dimensional embeddings of the

dataset to apply a regular clustering method (such as k-Means) [42,43].

« Density-based spatial clustering of applications with noise (DBSCAN) finds
points associated with high density (core points) and expands the clusters by connecting
the core points that are close enough to each other. Its parameters are the zone radius
r, (for density check around each point) and minimum number of points around a point

min
P

to be considered a core point n

e Ordering Points To Identify The Clustering Structure (OPTICS) is another
density based method similar to DBSCAN which relaxes the requirement of setting the
parameters n, and 7, to deal with varying density environment. Giving boundaries for

these two parameters is optional and reduces the complexity of the calculations.

2.3.3 Unsupervised Performance Measures

To evaluate clustering performance in the absence of ground truth, unsupervised performance
measures (also known as internal indices) are used. Some of the most popular unsupervised
performance measures are Silhouette (S) [44], Calinski-Harabasz Index (CHI) [45] and Davies-
Bouldin Index (DBI) [46]. These measures all use the distance d, to check the performance

of the clustering setup w.

o Silhouette is a very popular internal performance metric which does not need ground

truth for evaluation. It is defined for each object ¢ as [44]:

bi—ai
S; =

2.8
mazx(a;, b;) (28)
Where a; is the mean distance between the object ¢ and all other objects within the
same cluster, and b; is the mean distance between the object ¢ and all the objects within
the closest cluster to i. The total clustering performance based on Silhouette S is then

calculated as the average silhouette coefficient over all objects.

 the Calinski-Harabasz Index (CHI) is based on the dispersion of objects within
and between clusters. For the dataset D of size np we have [45]:
tr(B) np—k

CHI = (V) X (2.9)
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Where tr(By) and tr(W},) are traces of between cluster and within-cluster dispersion

matrices, respectively, and are calculated as below:

Wk = ,; ZC (z —cg)(x—c)" (2.10)

By = ]; ng(cq — cp)(cqg — cp)” (2.11)

Where n, is the number of objects in cluster ¢, and ¢, and ¢p are the centers of cluster

q and dataset D, respectively.

« the Davies-Bouldin Index (DBI) was proposed in [46].It is formally defined as:

1 k
DBI = — R, 2.12
2 qz; I(g?q% a,q ( )
Where:
d d,
R,y = G (2.13)
dqvq’

d, is the average distance of objects in cluster from its centroid, and d, , is the distance

between centroids of the clusters ¢ and ¢'.

These performance measures are unsupervised and are used widely in the literature. They
are mostly suitable for comparison between clustering setups with same algorithms since they

make assumptions about cluster structure [21].

However, unsupervised performance measures cannot reflect results expected for specific ap-
plications. If an expected, even partial, reference clustering is known, generating a result

that matches this clustering may not yield the best unsupervised performance measure.

Also in the case of CHI and DBI, these two measures require definition of centroid for clusters,
which is not naturally defined for a set of trajectories. Therefore, only Silhouette is applicable

for trajectory clustering purposes.

2.3.4 Supervised Performance Measures

When reference labels are available, supervised performance measures can be used to evaluate

clustering performance. In the following, some of popular supervised performance measures



in the literature are explained:

14

« Completeness, homogeneity and V: according to [47], for the reference labels C

and a cluster assignment K, we define entropy of C' and K as:

. Ne

=-> —.log (2.14)
—=n n

Ky,

=—-> — log— (2.15)
k=1 T

Also we have conditional entropies of C given K H(C|K) and K given C H(K|C) as

H(C|K) =

H(K|C) =

Then we define performance metrics completeness (¢) and homogeneity (h):

 H(K)

Finally, based on these two metrics, we can calculate V' measure:

L .
-y ok Jog —E (2.16)
c=1k=1 Tk
K| 0] ) e
Yy ek o .17
k=1C=1 ”c
H(K]C) H(C|K)
-0 (2.18)
_ (1 —; i)hx+hcx c (2.19)

We use 3 =1 to give equal weights to completeness and homogeneity indices.

« Adjusted Mutual Information (AMI): with the same definition of entropy as

above, defining P(i) =

reference set C; and defining P(i,j) =

Ul V] )

ZIZIP i,] logpig

% of a random picked object feom dataset would belong to

‘C OK: we have Mutual Information (MI) [48]:

B (2.20)

Since MI index is more in favor of clustering with higher number of clusters k, we use
Adjusted Mutual Information (AMI) instead:
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MI — E[MI]

AMI = maz(H(U), HV)) — E[MI]

(2.21)

Where E[/M]I] is the expected value of MI index.

o Adjusted Rand Index (ARI): Rand Index (RI) is a simple, yet popular index used

as an external clustering performance. It is defined as [49]:

a+b

RI =
Cy

(2.22)

Where a is the number of object-pairs that are in same group in both C' and K, b is the
n(n—1)
2
is the total number of object-pairs in the dataset. For a random label assignment, MI

number of object-pairs that are in different groups in both ¢ and K, and C} =

is not necessarily zero. Instead, we use Adjusted Rand Index which fixes this using

expected value of RI:

RI — E[RI]

ARI = max(RI) — E[RI|

(2.23)

» Fowlkes-Mallows Index (FMI): is also based on the classification of the object
pairs, considering two objects being in the same clusters in both assignments as the
positive class and two objects being different ones as the negative class. For such a
binary classification problem, the numbers of True Positives (TP), False Positives (FP)
and False Negatives (FN) can be counted and the Fowlkes-Mallows Index (FMI) is

calculated as the geometric mean of precision and recall [50]:

TP
FMI = (2.24)

(TP +FP)(TP+ FN)

2.3.5 Previous Trajectory Clustering Studies

Choong et al. used K-means and Fuzzy C-Means (FCM) for trajectory clustering for the
traffic surveillance at intersections [51]. They used LCSS as their similarity measure and
then the Gaussian kernel function to convert LCSS similarity into distance. Finally, they

compared the results against ground-truth through the Rand Index (RI).

In [52], the researchers used the average pairwise distance of the first NV points of trajectories

to represent the dissimilarity of each pair of trajectories, where N is the length of the shorter
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trajectory. They also used two layer clustering based on FCM, Spectral and hierarchical

clustering algorithms and compared them against each other.

Zhao et al. [53] used Douglas-Peucker (DP) based compression for re-sampling marine tra-
jectory data, together with the DTW for calculating the distances between the trajectories.
Finally they used a Density-Based Clustering of Application with Noise (DBSCAN) algorithm
for clustering and evaluated them with a custom performance metric based on ground-truth
labels.

To address scalability of trajectory distance calculations and lower the run-time, Kumar et al.
proposed a method based on DTW distance which is suitable for large datasets of overlapping
trajectories in dense road networks. They also proposed a four step Visual Assessment of
(cluster) Tendency (VAT) based clustering method. This method tries to order the distance
matrix based on distance of the objects and provides visual assistance based on an image
representing the oredered distance matrix. This visual assisstance is used as an assessment
to find suitable number of clusters. Finally they compared their proposed methods with
DBSCAN, OPTICS, NETSCAN and NEAT using two unsupervised performance metrics,

namely Silhouette and Dunn measures.

The automatically counting vehicle movements at intersections was considered in [54]. Their
approach consists of vehicle trajectory detection/tracking and then trajectory clustering. The
LCSS was employed as a similarity measure in a customized clustering algorithm similar to
K-means. Finally, they used traffic turning count as ground truth to calculate the Weighted

Average Percentage Error (WAPE) | for the optimization and evaluation purposes.

In a recent work, Wang et al. first extracted a representation of the network [39]. They
used it to learn the embedding vectors of the vehicles. They used Gaussian Mixture Models
(GMM), K-means and K-medoids clustering algorithms. To investigate the performance of
these clustering algorithms with different hyper-parameter values, they used three common
internal performance indices, namely the Silhouette coefficient, the Davies-Bouldin Index
(DBI) and the Calinski-Harabasz Index (CHI).

Xue et al. [55] proposed a method for source-destination clustering to produce candidate ODs
paths. Then they used these trajecory paths for a classification task using Longest Common
Sub-Sequences (LSTM) based methods.

Even though different methods of similarity measurement and clustering algorithms are ap-
plied in trajectory analysis and novel methods have been proposed in the literature, unsu-

pervised performance measurement is mostly overlooked.

As mentioned, unsupervised performance measures use the same distance d, used in the
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clustering procedure to check the performance of the clustering setup w. This can be an issue

especially when comparing distance measurement methods.

On the other hand, a large body of literature uses supervised performance measures with
manually labeled data. However, given the heuristic nature of clustering approaches and the
concern about their sensitivity to different data characteristics, errors in data and also in
judgement [56], it may be necessary to systematically evaluate the clustering performance on

each dataset. Manual data labeling would cost extra time and effort for such evaluation.

In this study, the focus is on providing a method for using a combination of both unsupervised
and supervised performance measures without needing manually labeled data. The proposed
method automatically generates trajectory reference clusters based on origin and destination
points of trajectories to be used by supervised performance measures. Therefore, the entire

procedure remains unsupervised both in the clustering and evaluation steps.
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CHAPTER 3 RESEARCH PROJECT APPROACH

In this chapter, the outline of the work is discussed. First, a brief description of the com-
ponents of the framework is provided and the choices of programming software is discussed.
Then, the distance methods and clustering algorithms used in the comparison are explained.

In the end, the characteristics of the datasets used for comparison of the methods are detailed.

3.1 Framework

To achieve the objectives of the research project that were set out in section 1.2, a framework

is developed and coded in a programming language. Figure 3.1 shows the overview of the

framework.

Trajectory Generating
clustering reference labels

-

— ; : Start/end

- ———p  trajectories  —) ;

-— g I points

Performance Evaluation
Top setups @ @

Unsupervised Trajectory OD clusters
evaluation clusters
Performance ‘
measures
Supervised Reference
evaluation labels

Figure 3.1 The overview of the framework

The framework is explained in detail in Section 4.3, Algorithms 1 and 2. It consists of
three main steps, namely, automatic reference label generation, trajectory clustering and

performance evaluation.

The distance measures with their parameter values used in this study for trajectory clustering

are presented in Table 4.1. As mentioned earlier, the time complexity of Fréchet distance is of
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O(n?log (n?)). This was reflected in the long run-times (compared to other distances) in early
tests when calculating the distance matrix. Also sometimes the available implementation had

crashes. Therefore, it was excluded from the final comparison experiment.

Table 4.2 shows clustering algorithms used for trajectory clustering and parameter values.
Since the two parameters of DBSCAN are highly sensitive to the choice of the distance mea-
sure, its range and the distribution of the distances in the dataset, different parameter values

are picked manually by trial and error for every distance measure, illustrated in Table 3.1.

Distance measure | n, | r,

DTW 8 | 150
LCSS 6 | 0.41
PF 5 | 205
EDR 2 |0.02
Hausdorff 10 | 4.7
SSPD 5 2

Table 3.1 Parameter values of DBSCAN for different distance measures

For the Spectral clustering method, the heat kernel is used to convert distances into similarity
values [57]:

s=ePs (3.1)

Where ¢ is the standard deviation of the distance values and § = 1.
The performance measures used in this study are presented in Table 4.3.

Given the diverse tasks in the framework and to make it easy and convenient to use by the
public, Python was used as the main programming platform: it is an open-source, general-
purpose programming language which is frequently used in scientific researches as scripting

language [58,59].

Out of different options for data management (discussed in section 5.1), Structured Query
Language (SQL) was used to keep the run times low while avoiding overload on Random
Access Memory (RAM). Although there are different free and open source SQL softwares
with built-in functions to support spatial and geographical calculations, SQLite was chosen.
SQLite is an embedded database software available for many programming languages. It
comes bundled with Python as a module, therefore no further software installation or re-
quirement is needed here. This adds to the convenience of use of the code developed here for

the end user.
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3.2 Data

To investigate the sensitivity of distance measures and clustering algorithms to different
data specifications (e.g data collection method, road network type and regulations, road user
behaviors, data noise and quality), the comparisons are conducted on data from different sites.
We use seven sets of trajectories from two different datasets, with different characteristics. To
keep the run-times reasonable (less than a day per intersection), 500 trajectories are sampled

from the set of trajectories of each dataset for for clustering.

3.2.1 NGSIM Dataset

The first dataset used in this work is originally from a dataset made publicly available by
the Next Generation SIMulation (NGSIM) program [60]. The program was initiated by the
United States Department of Transportation (US DOT) Federal Highway Administration
(FHWA) in the early 2000’s. It is a popular dataset used among traffic researchers as a

reference for benchmarking their empirical studies [61].

The data was collected through a network of synchronized digital video cameras. A cus-
tomized software application called NGVIDEO was developed for this program. NGVIDEO
extracted the vehicle trajectory data from video. The output trajectory data contains loca-

tion of each vehicle within the study area at time every one-tenth of a second [62].

One dataset from the NGSIM was collected on a segment of Peachtree Street, in downtown
Atlanta, Georgia (shown in Figure 3.2) on November 8 and 9, 2006. The street is an arterial
with primarily north-south direction and the speed limit of 35 miles/hr. The study considers
the intersections of this arterial road with 5 streets namely, 10th, 11th, 12th, 13th and 14th

streets.

The videos were recorded using 8 cameras being mounted on a 30 floors building. Figure
3.3a shows the segments of the arterial with the camera coverage, as well as the location
of cameras. Figure 3.3b represents a schematic of the study area with unique identification
numbers for intersections and lanes. Overall these segments cover almost 2,100 feet long, and

two or three arterial through lanes at each intersection.

There are five intersections with intersection 1 as the southernmost, where Peachtree and 10th
street meet and intersection 5 at the northernmost section of the study area, where 14th cuts
Peachtree. Intersections 1, 2, 3, and 5 are signalized while intersection 4 is unsignalized
and is controlled by stop signs. In this study we only considered signalized intersections.
Figure 3.3b presents the street lanes with incremental numbers being started at the closest

lane to the median, with the exception of left-turn bays along Peachtree street, which are
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Figure 3.2 Locations of data

numbered 11.

3.2.2

inD Dataset

collection sites for NGSIM data in Atlanta, Georgia

The second set of trajectories is from the intersection Drone (inD) project. This project used
the drone technology to collect and create a trajectory dataset in Aachen, Germany from

2017 to 2019 [63]. The data collections sites are from different locations in the city to cover

different traffic rules and densities as well as road layout (shown in Figure 3.4).
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Figure 3.4 Locations of data collection sites for NGSIM data in Aachen, Germany

It contains tracked trajectories with a high level of accuracy and precision (positioning error
less than 0.1 meters). For video recording the drones were flying to a predefined position at
an altitude up to 100 meters above the ground. Each video sequence included 20-22 minutes
video recording with DJI Phantom 4 Pro at 25 fps in 4K (4096 x 2160 pixel) resolution.

To produce the trajectories, first a computer vision algorithm based on deep neural networks
was used to detect and classify the positions and types of the road users in each frame. Then
the detections between consecutive frames were compared and matched by their distances
and a Bayesian smoothing approach and a constant acceleration method were employed to

refine trajectories based on information related to all detections of the corresponding track.

Generally, the dataset represents trajectories of 13,599 road users including 5366 Vulnerable
Road Users (VRUs) (e.g. pedestrians and bicyclists) as well as 8233 cars, trucks and busses

The trajectory sets from inD data used in this study are collected from three intersections:

« Bendplatz intersection (inD 1) is a four-way intersection near a university and railway



24

depot, where Kiihlwetterstrafie and Siisterfeldstrafie meet. The intersection is unsignal-
ized, but Siisterfeldstrafie (North-West/South-East) is the major road. It has one left
turn lane on each side, however the pedestrian crossings are not regulated. The inter-
section has a high number of cyclists, buses and pedestrians, due to the closeness to the
university. Therefore, it seems there are interactions between pedestrians and cyclists
and the turning vehicles at this intersection. Figure 3.5 shows an aerial photo of the

intersection.

Figure 3.5 Aerial photo of Bendplatz intersection (inD 1), Aachen, Germany

o Frankenburg (inD 2) is a four-way intersection near the city centre (shown in Figure
3.6). It is the meeting point of Bismarckstrafie and Schlossstraie. There is a park
on the south-east corner of the intersection. The Intersection is not symmetric as the
Schlossstrafle is not perfectly aligned on the sides of the intersection. In addition to

the regular parking lots on each street side there are extra parking lots just east of the
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intersection on the Bismarckstrale. The vehicles moving in or out of the parking lot
affect the traffic flow.

At this intersection the right-hand rule applies. Due to the proximity to a residential
area and also a park at the corner of intersection, there is an increased frequency of cy-
clists and pedestrians. This makes a lot of interactions between the vehicles and cyclists
at the intersection. Also, there are a considerable number of pedestrians, especially at

the zebra crossing on the east of the intersection.

Figure 3.6 Aerial photo of Frankenburg intersection (inD 2), Aachen, Germany

o Heckstrasse (inD 3) is an unsignalized T-intersection joining HeckstraBe and Von-
Coels-Strafie with Von-Coels-Strafie being the priority road. This intersection is located
in a suburban area far from the city core compared to the other intersections. There
are cycle paths along the main road and also there is a traffic island in the middle for
the pedestrian crossing. Therefore, there are interactions between the vehicles that are

turning and the cyclists. Figure 3.7 shows an aerial photo of the intersection.
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Figure 3.7 Aerial photo of Frankenburg intersection (inD 3), Aachen, Germany

3.2.3 Data Quality

Even though inD data was collected by drone-mounted camera, we did not find noise or
irregular patterns in our visual investigations among the trajectories. The trajectories and

intersection boundaries were neat and consistent across different recordings.

In the other hand, the intersection boundaries in NGSIM data were not fixed (in different
recordings) and irregular patterns were observed (probably the same identifier assigned to
two different road users). Above all, road users entering the survey zone were not detected
from the very beginning of their presence within the boundaries. The latter especially created

severe issues when we tried to cluster the start points.

Regardless of these data quality issues, we refrained from dataset-specific data cleaning to
remain loyal to the main purpose of this study, which is lowering human intervention in data

analysis. This way, we sought to find a method that would be robust and work in real-life
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situations when facing uncleaned data without (or with minimum) human supervision of any

kind.
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Abstract

Advancements in Intelligent Traffic Systems (ITS) have made huge amounts of traffic data
available through automatic data collection. A big part of this data is stored as trajectories
of moving objects and road users. Automatic analysis of this data with minimizing required

interference an operator would both lower the costs and eliminate subjectivity of the analysis.

Trajectory clustering is an unsupervised task. It is an effort to extract patterns without
knowing labels which otherwise should be generated by a human operator. Trajectory clus-
tering requires a measure to calculate similarity of the trajectories, a clustering algorithm to

extract the patterns and a measure to evaluate its performance.

In this paper, we perform a comprehensive comparison of similarity measures, clustering
algorithms and evaluation measures using trajectory data from seven intersections. We also
propose a method to automatically generate trajectory reference labels based on their origin
and destination points to be used for label-based evaluation measures. Therefore, the entire
procedure remains man-made-label-free both in clustering and evaluation levels. Finally, we
use a combination of evaluation measures to find the top performing similarity measures and

clustering algorithms for each intersection.

4.1 Introduction

Data collection and analysis is the basis for transport planning and traffic management.
Better serving users while minimizing the negative impacts of transportation systems requires
better data. From automatic traffic counting, surveys, incident detection, road network
state recognition to law enforcement tasks, transport management tasks all benefit from
increasing amounts of data with good temporal and spatial coverage collected thanks to the
advancements in hardware and software technology [15]. Exploiting the full potential of

the massive data collected every day by Intelligent Transportation Systems (ITS) requires
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automatic data management and analysis with minimum intervention from human operators.

Whether the data collection be through fixed or moving sensors, e.g. on vehicles or pedestri-
ans, such as pole or drone mounted regular or infrared cameras, radars, LIDARs and Global
Navigation Satellite System (GNSS) devices [4-7], various kinds of sensors provide user tra-
jectories, i.e. the series of their positions over time. These trajectories are then processed in

various ways for many transport applications, as noted above.

In some data analysis tasks such as motion prediction, the expected answer of the model
for each trajectory is known, either retrospectively (for example in the case of time series
prediction) or through expert annotation. Such a task is therefore supervised, i.e. a label
is available for each trajectory. If the label is a discrete variable, it is a classification task,
while if it is continuous, it is regression task. However, this is typically not the case for
many other tasks such as automatically learning OD matrices, identifying trip patterns in
the population, anomaly detection for example to spot incidents or law violations [28,64—68].
Such tasks consist in putting together similar trajectories into subsets of the whole dataset
using a similarity measure or distance, also called clustering. These tasks are naturally
unsupervised, as a good partition of the dataset or clustering depends on the application or
purpose. Even when possible, annotation is time consuming, costly, error-prone and can be

subjective or ambiguous.

We refer to the combination of clustering algorithm, distance or similarity metric and their
parameters as the clustering setup. Finally, performance measures are used to evaluate how

well the clustering method is working.

Even though clustering algorithms are unsupervised by definition, a large body of literature
use labeled data to evaluate the performance of these models. Since the performance of a
given clustering setup may depend on each dataset it is applied to, this approach means
that some data must be labeled every time to measure the performance on new data, which
is impractical and negates to some extent the need for clustering in the first place. This

motivates our exploration of unsupervised performance measures for trajectory clustering.

In this paper we propose a framework for a comprehensive search of suitable trajectory-
clustering setups with common unsupervised evaluation measures. We also propose a method
to generate reference clusters for trajectories based on their origin and destination points to
be used in supervised evaluation measures. We then use the results from the performance
measures (both unsupervised and supervised) and combine them to generate a metric to
compare several popular trajectory distances and clustering algorithms. The remainder of
this paper is organized as follows. Section 4.2 outlines the prior literature related to trajec-

tory clustering and discusses how this research builds on the prior work. Section 4.3 quickly
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introduces the similarity measures, clustering algorithms and evaluation methods and then
explains the steps of the proposed comprehensive comparison and evaluation method. Sec-
tion 4.4 discusses the results and insights from testing the clustering algorithm on real-world

data. Section 4.5 describes the conclusions of this research and the proposed future work.

4.2 Related Work

Trajectory-based road user detection, classification and tracking has been deployed for differ-
ent traffic problems in various environments such as road user counting, speed measurement
and movement detection (e.g. traffic violation detection), road user interaction analysis and

automatic incident detection [8,27-29].

A crucial part of time-series data clustering problems is choosing a suitable measure of simi-
larity or distance. There are two categories of similarity measures used in time-series analysis:
lock-step and elastic measures [23,24]. “Lock-step measures compare fixed (one-to-one) pairs
of elements” [24] from input time series of the same length: well-known measures are the
Bhattacharyya distance, the Euclidean Distance (ED) and more generally the distances de-
rived from the L, norms. On the other hand, elastic measures such as Dynamic Time Warping
(DTW), distances based on Longest Common Sub-Sequence (LCSS), Edit distance with Real
Penalty (ERP), Edit Distance on Real sequence (EDR) and Symmetric Segment-Path Dis-
tance (SSPD) can handle time-series of different lengths. Among these similarity measures,
LCSS and DTW are very popular among researchers for their ability to compare trajectories
with different lengths [21,35,36,69]. However, this flexibility in input length usually comes
at the cost of higher computational burden. For instance, the computational burden for the
ED and Bhattacharyya distances is O(n) while computing several elastic measures including
DTW and LCSS are of O(mn) where m and n is the lengths of the input time-series [25].

A body of literature focuses on trajectory clustering, using different Machine Learning (ML)
approaches. Choong et al. used trajectory clustering for the traffic surveillance at inter-
sections [70]. They used Longest Common Sub-Sequence (LCSS) for measuring similarity
and then used Gaussian kernel function to convert LCSS similarity into distance. K-means
and Fuzzy C-Means (FCM) are used for clustering and the results were compared against
ground-truth through the Rand Index (RI).

Fu et al. used average pair-wise distance of first N points of each pair of trajectories to
represent the dissimilarity of them, where N is the length of the shorter trajectory [52].
Then they used two layer clustering based on FCM, Spectral and hierarchical clustering

algorithms and compared them against each other. For evaluation of performances they used
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Tightness and Separation Criterion (TSC) which is based on within and between cluster

dispersion of objects.

Zhao et.al [53] used Douglas-Peucker (DP) based compression to re-sample marine trajectory
data. DTW is then used to calculate distances between the trajectories. Finally Density-
Based Spatial Clustering of Applications with Noise (DBSCAN) algorithm is used for clus-
tering. A custom performance metric based on ground-truth labels was used for evaluation
of the method.

Belisle et al. worked on automatically counting vehicle movements at intersections [54]. Their
method consists of vehicle detection and tracking, then trajectory clustering with a focus on
parameter optimization. They used LCSS as similarity measure and a customized clustering
algorithm similar to K-means. The algorithm picks trajectory prototypes to represent each
cluster. For optimization and evaluation purposes, traffic turning counts were used as ground
truth to calculate the Weighted Average Percentage Error (WAPE).

Even though different methods of similarity measurement and clustering algorithms are ap-
plied in trajectory analysis and novel methods have been purposed, unsupervised performance
measurement is mostly overlooked. Given the heuristic nature of clustering approaches and
the concern about their sensitivity to different data characteristics, errors in data and also

in judgement [56], reiterating evaluation measurements for each site could be essential.

In this study, we focus on providing a framework to use several internal and external perfor-
mance indices without ground-truth labels to facilitate easier clustering evaluations. More
specifically, we propose a method to generate reference labels for supervised performance

metrics and use a combination of supervised and unsupervised performance measures.

4.3 Methodology

4.3.1 Clustering Setup

For each site of interest, let D be the set of road user trajectories within the boundaries of the
site. Let each trajectory M; € D be a time-ordered sequence of m; time-stamped positions

%

of road user i as (2},y;,t;) where 2’

and y; represent the coordinates of the road user at

timestamp ¢}, 1 < j < m,.

Clustering algorithms split the dataset into groups with similar objects based on a similarity
or distance measure. According to the literature, we use the terms "distance" and "dissim-
ilarity" in their broad meaning to mention a method that measures unlikeness of a pair of

trajectories. Value of a distance measure is essentially non-negative and the more alike a pair
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of trajectories are, the lower is the distance value. On the other hand, a similarity measure
represents a method of comparing trajectories which assigns (still non-negative) higher values

when two trajectories are more alike [71].

(Dis)similarity Measures | Parameters | Experimental Values
DTW - -

LCSS T 1,2,3,5 7,10 m

EDR T 1,2,3,5,7,10m

PF w 0.01, 0.05, 0.1, 0.2, 0.3, 0.5
Hausdorft - -

SSPD - -

Table 4.1 Similarity measures

Table 4.1 shows an overview of the (dis)similarity measures used in this study and their
parameters. For all the measures in Table 4.1, the Euclidean distance was used for calculating
point-to-point distances. LCSS and EDR both have a parameter r, which is the threshold
on point distances to decide if two points are close enough and may be part of their similar

subsequence.

Since LCSS provides a similarity measure, we convert it to the distance dpcgs as suggested
by Vlachos et al. [34]:

1 — LOSS(M;, M)

dress(M;, M;) = min(me, my)
75 1105

(4.1)

where LC'SS(M;, M;) is the LCSS similarity between trajectories M; and M;, i.e. the lengths

of the longest common subsequence between them.

Given a distance measure d, with parameters «, all distances d; ; between all pairs of trajec-
tories < M;, M; > in D are calculated and stored in matrix T 4,. The distance matrix T 4,
is then used by a clustering algorithm A! with parameters 3 to split D into k groups. We
define the clustering setup as w = (s, a, A', 8, k). Even though there are algorithms which do
not use the whole matrix but rather some of its elements (e.g. DBSCAN and spectral clus-
tering), pre-computing the matrix saves time since it is used repeatedly in our experiments

for different clustering algorithms A' and number of clusters k.

In this study, we used six popular clustering algorithms used for trajectory clustering, namely,
k-Medoids [40], agglomerative hierarchical clustering [41], spectral clustering [42], Density-
based spatial clustering of applications with noise (DBSCAN) and Ordering Points To Iden-
tify The Clustering Structure (OPTICS).
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It is worth mentioning that DBSCAN and OPTICS do not take into account a number of
clusters as input. In these two cases, the number of clusters k is a result of the algorithm and
cannot be controlled directly. The table 4.2 summarizes the clustering algorithms used in

this study with their corresponding parameters (in addition to the number of clusters when

possible).
Clustering Algorithm Parameters
k-medoids -
agglomerative clustering | linkage € {complete, average, single}
spectral -
DBSCAN i,
OPTICS i

Table 4.2 Clustering algorithms

Figure 4.1 shows an example of trajectories recorded from an intersection in Atlanta, Georgia,

after trajectory clustering.
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Figure 4.1 Example of trajectories D in an intersection after clustering. Clusters are repre-
sented by different colors (in some cases the colors assigned to different clusters are similar
due to the limit on number of colors while maintaining the contrast high enough to keep
them visually distinctive).

For the reasons highlighted in the introduction of cost, time and subjectivity of manually

labelling trajectory clusters, the focus of this work is on the unsupervised evaluation of the
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performance of methods for trajectory clustering. Besides, there is an inherent contradiction
to the use of labels for clustering: if labels can be unambiguously assigned, it means the task

can be supervised and is not a clustering task.

Thus, there are no reference to check the clustering results presented in Figure 4.1. While
we may visually confirm that the generated clusters are meaningful and can be considered as
representatives of different manoeuvres in the intersection, this is not always the case. The
clusters presented in Figure 4.1 result from a clustering setup w picked based on the results
of this work. Indeed, it is not trivial to make the choice of w and the best clustering setup
may be different from one location to another because of different characteristics of the road
configuration and the road user trajectories. The next sections introduce the performance
metrics used in this work and how supervised performance metrics can be used without

ground truth.

4.3.2 Unsupervised Performance Measure

There are several unsupervised performance metrics for clustering evaluation. These metrics
only rely on distance values d,, to evaluate the clustering setup w. The silhouette (S) [44] is one
of these metrics which is widely used in the literature for trajectory clustering evaluation [21].
It is defined for each object i as [44]:

bi — Q;
§; = ——— 4.2
mazx(a;, b;) (42)
Where a; is the mean distance between the object ¢ and all other objects within the same
cluster, and b; is the smallest of the mean distances between the object ¢ and the objects in
another cluster (different from the one object i belongs to. The total clustering performance
based on the Silhouette S is then calculated as the average silhouette coefficient over all

objects.

Other unsupervised performance measures like he Calinski-Harabasz Index (CHI) [45] and
the Davies-Bouldin Index (DBI) [46] cannot be used as they rely on the computation of
cluster centers as averages of all objects in each cluster, which cannot be done simply for

variable length vectors such as trajectories.

However, unsupervised performance measures such as Silhouette are mostly suitable for com-
parison between clustering setups with the same algorithms since they make assumptions
about cluster structure [21]. Also, unsupervised performance measures cannot reflect re-

sults expected for specific applications. If an expected, even partial, reference clustering is
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known, generating a result that matches this clustering may not yield the best unsupervised

performance measure.

We have observed that if two trajectories are mistakenly considered similar by A' based on
distance d, an unsupervised performance measure based on d may make the same mistake
and confirm AYs decision. Figure 4.2 shows an example case in which the silhouette method
mistakenly confirms the clustering results. As one can see, the cluster 1 should be split in
two groups, each being merged with either cluster 6 or 20. Thus, while we expect several
negative silhouette values for the trajectories in the first cluster, they are mostly positive and

confirm the clustering mistakes.
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(a) Clustered trajectories with colors showing
the closest cluster for each trajectory, com- (b) Silhouette values for trajectories in the
puted as the mean distance to all elements clusters shown in the left

in that cluster.

Figure 4.2 Example of error in clustered trajectories and their silhouette values

4.3.3 Weak Trajectory Clustering Supervision using Origin-Destination

To overcome this problem, we suggest that beside using common unsupervised evaluation
measures, a method independent of the distance d and trajectory clustering algorithm A!
be used to validate the result of trajectory clustering. The method that we propose here
is generating trajectory “reference” clusters based on clustering simply the first and last

points of the trajectories (origins and destinations) and using these reference clusters with
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supervised evaluation measures.

To do so, we extract the origins and destinations of the trajectories in D put them in two sets,
respectively Do and Dp. The points in each set are clustered using the Fuclidean distance
and the clustering algorithm A2, which may not be the same as A', with the parameters 3o
and fp and number of clusters ko and kp, respectively. The steps are provided in detail in
Algorithm 1.

The elbow method is used to make good choices for kp and kp, since it is a popular technique
in point clustering [72]. Figure 4.3 illustrates the average distances d with respect to ko and
kp: in this case we picked ko = 8 and kp = 4. Figure 4.4 depicts an example of the origin
and destination clusters for the trajectories in the same intersection of the NGSIM dataset
(which will be introduced in section 4.4.1). If the proportion of trajectories starting from
origin cluster ¢p and destination cluster ¢p is more than a threshold ¢ = 0.01, i.e. over 1 %
of all trajectories, the origin-destination pair is deemed significant and we assign label ¢op

to the corresponding trajectories.

Origin clusters Destination clusters

40 40

20 20

10 ’== 10

15 15
ko kp

Figure 4.3 Average distances for the datasets of origins (left) and destinations (right) with
respect to the number of clusters. The mean plus and minus two standard deviations are
computed over several replications of the clustering algorithm for each number of clusters.
The graphs are produced based on data from an intersection in NGSIM dataset using the
agglomerative hierarchical clustering algorithm with average linkage as the merging criterion.

Using these reference clusters, we calculate six additional performance measures, namely,
the completeness, homogeneity and Validity (V) measures [47], the Adjusted Rand Index
(ARI) [49], Adjusted Mutual Information (AMI) [48] and Fowlkes-Mallows Index (FMI) [50].
These measures represent the agreement or similarity between the reference clusters and the

clusters generated by the given setup w, ignoring permutations of the clusters. In particular,
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Figure 4.4 Trajectory origin (left) and destination (right) clusters with ko = 8, kp = 4 and
agglomerative hierarchical clustering algorithm with average linkage.

for ARI and FMI, the measures rely on the joint classifications of object pairs, whether they

are both in the same or different clusters in the reference and result of w.

« Completeness, homogeneity and V [47]: for a cluster assignment K, we define

entropy of K:

G .log 1G] (4.3)
n n

k

H(K) = =3

i=1

The entropy H(Ref) of the reference clusters Ref is defined accordingly. Let kg.; be
the number of reference clusters. The conditional entropy is also defined, for example

of Ref given K H(Ref|K):

nr,i

kRef k nryi
H(Ref|K)=—>_Y —".log (4.4)
r=1 i=1

n n;
Where n,; is the number of objects belonging to reference cluster r and cluster 7. The
conditional entropy H(K|Ref) of K given Ref is defined in a symmetric manner. We
can then finally define the performance measures completeness (¢) and homogeneity

(h), and V' as their harmonic mean:

. H(K|Ref)
 H(Ref|K)
h H(Ref) (4.6)
C(1+pB)xhxe
V= Bxh+ec (47)

We use 5 =1 to give equal weights to the completeness and homogeneity measures.
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» Adjusted Mutual Information (AMI): we first define the probabilities P(r) = [Refr|

n

and P'(i) = |C L of a randomly picked object to belong respectively to reference cluster
r and cluster ¢, and P(r,i) = “=* we define the Mutual Information (MI) [48]:

MI(Ref, K) Z Z Tl logm (4.8)

Since the MI favors clustering with a higher number of clusters k, we use the Adjusted
Mutual Information (AMI) instead:

MI — E[MI]

AMI = mean(H (Ref), H(K)) — E[MI]

Where E[M1I] is the expected value of the MI index [48].

the Adjusted Rand Index (ARI) is a simple, yet popular index used for external

clustering performance. It is defined as [49]:

a+b

RI =
Cy

(4.10)

Where a is the number of object pairs that are in same cluster in both Ref and K,

b is the number of object pairs that are in different clusters in both Ref and K, and

Ccy = ”("2_1) is the total number of object pairs in the dataset. For a random label

assignment, RI is not necessarily zero. Instead, we use the Adjusted Rand Index (ARI)
which fixes this using the expected value of Rl E[RI|:

RI — E[RI]

ARI = max(RI) — E[RI|

(4.11)

the Fowlkes-Mallows Index (FMI) is also based on the classification of the object
pairs, considering two objects being in the same clusters in both assignments as the
positive class and two objects being different ones as the negative class. For such a
binary classification problem, the numbers of True Positives (TP), False Positives (FP)
and False Negatives (FN) can be counted and the Fowlkes-Mallows Index (FMI) is

calculated as the geometric mean of precision and recall: [50]:

FMI = rr (4.12)

/(TP + FP)(TP+FN)
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Evaluation Need for
Measures Reference Clusters | Higher-the-better | Range

S X
completeness
homogeneity
v

AMI

ARI

FMI

RN
ASENENENENENEN

Table 4.3 Evaluation metrics

Table 4.3 provides an overview of the performance measures used in this work.

The trajectory dataset was permuted n = 10 times in order to make the results more robust
for each clustering setup w. For each clustering setup, the mean and standard deviation are
computed for each performance measure, to compute intervals of the performance measures

as the mean plus or minus two standard deviations which are plotted in the result section.

Finally, we use a combination of these evaluation measures to identify top performing clus-
tering setup ws. For each performance measure v and each w we calculate the average
performance v, and, assuming t-student distributions (unknown standard deviation), we

calculate the lower bound of the confidence interval for 95 % confidence level v!ower:

w .

Ulower Ov,w

Uy — tos,0 % ——=
w 0 \/ﬁ

(4.13)

Then for a given evaluation measure v, we use v/°“*" to order w and assign rank rv,w to
each setup w. Finally we use average of these rankings over different evaluation measures
v to calculate combined performance of the clustering each clustering setup r,. A formal

description of the computation of the clustering performance is presented in Algorithm 2.

4.4 Experimental Results

All the codes developed in this work to produce the results are available online under an

open source license in (this GitHub repository).

4.4.1 Datasets

We have have tested our framework on seven sites from two datasets:


https://github.com/Mr28/Poly-MSc-thesis-trajectory-clustering
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Algorithm 1: Clustering trajectories based on their origins and destinations to produce

reference clusters

input : Sets of trajectories D with derived sets of origins Do and destinations Dp,
minimum and maximum number of clusters k,,;, and k,,q., cluster size
threshold ¢, clustering algorithm A?

output: Set ®pp of trajectory clusters pop

for ko € [kmin, kmae) do

Cluster trajectories based on their origins using A? into ko clusters;

Let @ be the set of all clusters ¢p, with average center co,;

Calculate the average within-cluster sum of squares or average distance

Ciko — i=l D using the Ly norm || |[;

Draw the graph of Jko values against ko;

Pick the ko where an unusual drop in the d values occurs;

Repeat all the steps above for Dp and pick kp:

Split D into kop = ko * kp clusters depending on the cluster of the origin and

destination of each trajectory;
return the set $op of all trajectory clusters ¢pop containing at least € trajectories;

NGSIM

The first dataset used in this work is extracted from a dataset made publicly available by
the Next Generation SIMulation (NGSIM) program [60]. It is a popular dataset containing
trajectory data collected at four sites in the U.S. and used among traffic researchers for
benchmarking their works. It consists of positions of vehicles moving in or crossing the five
lane Peachtree street in Atlanta, Georgia . The data is recorded at 10 Hz during both the
morning and afternoon rush-hours from multiple synced cameras mounted on tall buildings
to cover the roads over several hundreds meters. The (sub-)trajectories within the boundaries
of four intersections were extracted from this dataset. Figure 4.5a shows an aerial photo of
intersection NGSIM 1.

inD

The second set of trajectories is from the intersection Drone (inD) dataset, collected from
three intersections in Aachen, Germany from 2017 to 2019 [63]. The trajectories are extracted
from video recordings of around 20 minutes recorded via a drone-mounted camera at 25 Hz

frame rate. Figure 4.5b shows an aerial photo of intersection inD 2.

The table 4.4 gives a summary of sites used for the experimental results.
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Algorithm 2: Computing the clustering performance measures with permutation of the
trajectory dataset

input : Sets of unsupervised and supervised performance evaluation measures V* and
V¢, number of iterations n, subset of trajectories D = UsopedonPoD
output: Average performance rank for the clustering setups 7,
for each candidate d,, do
Calculate distance matrix T 4, with elements d; ; = do(M;, M;);
for [ € [1,n] do
Permute randomly D:;
for each candidate clustering algorithms Al, parameters B and number of clusters
k do
Cluster D with the setup w = (d, a, A*, 8, k) ;
Let ®; be the set of resulting clusters;
For all v € V* calculate performance measure v,,; = v(®;);
For all v € V* calculate performance measure v,,; = v(®;, Pop);

forve V*UV?® do
for each w = (s,a, A', B, k) € Q do

n
_ V.1 (D
L Calculate average performance measure v,, = Liiy Voat(®0),

Niter !

Calculate lower bound v/ = ¥, — tgs0.9 * G

Order all clustering setups w based on v/°“*" and assign rank r, ,;

for w € Q2 do

— Tv,
Calculate average rank 7, = Liseyugys T

L [VuuVs|
Site Camera | Intersection Types | Traffic Lights
inD 1 drone 4-way X
inD 2 drone 4-way X
inD 3 drone T-intersection X
NGSIM 1 | building 4-way v
NGSIM 2 | building 4-way v
NGSIM 3 | building 4-way v
NGSIM 4 | building 4-way v

Table 4.4 Site summary with their characteristics (multiple synced cameras were mounted

on buildings for the NGSIM datasets).

4.4.2 Performance Plots

Figure 4.6 shows the performance results for NGSIM 1 intersection based on the EDR simi-

larity measure with parameter w = 7. Each of the nine plots in the figure shows one of the

seven performance measures as a function of the number of clusters k used in the clustering.
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Given seven intersections studied in this work, three distances d with no parameters and
distances having a parameter with six tested parameter values «, there are 7 x 21 = 147
figures similar to Figure 4.6. Given that the general patterns observed here in Figure 4.6
is not necessarily shared in the other 146 figures, analyzing such enormous amount of data
and finding the best clustering setup w = (d, o, A', 3,41, k) is not feasible through visual

comparison of those 147 figures.

4.4.3 Performance Measure Combination

To summarize the information and ease the decision process on picking the best setup, we
want to combine the performance results. However, some evaluation measures may be cor-
related with each other and including all of them regardless of the correlations would over-
emphasize the performance features corresponding to these correlated measures. Figure 4.7
shows the correlations between the seven performance measures for an NGSIM 1 intersec-
tion?.

Based on correlation plots from the seven intersections, evaluation measures V, homogene-
ity, FMI and S are all highly correlated together with absolute correlation values between
them above 0.75 for all pairs of measures in all intersections. Therefore, we only use S,

Completeness, Homogeneity, ARI and AMI for the combined metric.

The ten best setups for each site are picked based on the average rank r,,. The Figure 4.8
shows the top performing distances and clustering algorithms for each site, more precisely
the proportion of the 10 best setups in which each distance and algorithm appears. The first
observation is that there is no one clustering setup and not even a specific distance measure
or clustering algorithm that outperforms systematically the others or at least always appears
among the top ten best clustering setups for all sites. Hierarchical clustering is the most
common clustering algorithms appearing in the top ten for all sites. Though not similarly
frequent, Spectral algorithm is also showing some consistency in appearing among the top
performers in most, although not all, the sites. For distances, SSPD and Hausdorff appear
frequently, especially for the NGSIM datasets, while the LCSS appears in the top ten for two

inD datasets.

The second observation is that there are clear winners for specific sites. Each site has one, up
to three, algorithms or distances outperforming the others (in some cases, LCSS or hierar-
chical clustering appear several times in the top with different parameters). However, there

is no clear pattern in these observations across sites, whether some dataset characteristics

1Given the limits of space in a paper, the correlation results were provided for a single intersection. In
this thesis version, the correlation results for all intersections are provided in Appendix A
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may explain to some extent the heterogeneity or whether trajectory clustering is intrinsically

sensitive to the input data.

4.5 Conclusion

In this paper, we proposed a way to combine unsupervised and supervised clustering per-
formance metrics without any manual annotation of the trajectories. Namely we tried six
distances, three of them each tried with six parameter values, i.e. a total of 21 distances, six
clustering algorithms, different numbers of clusters when used as input by some the clustering
algorithms ranging from 2 to 30 and used nine performance measures. We did the experi-
ments on seven intersections from two different datasets, i.e. collected in different countries,

different road types and through different data collection methods.

Even though usually useful, unsupervised performance measures use the same distance d used
in the clustering, and their results often align with the clustering results As complementary
performance measures, we proposed a method to generate reference clusters based on the

origins and destinations of the trajectories to be used in supervised performance measures.

Finally, using a metric based on a combination of performance measures, we picked the top
performing distances and clustering algorithms. The results show that there is no single
combination of distance and clustering algorithm that is always among the top ten clustering
setups. Even looking at them independently, the finding was similar. There are distances
that performed better compared to the others in specific intersections, but none of them are
present among the top performers for every intersection. Among the clustering algorithms,
agglomerative hierarchical clustering was the only one that was among the top performers
in all seven intersections, though not always with the same linkage type. Also the plots do
not show a visual dominance of it over other clustering algorithms based on frequency of its

appearance among the top performers for every intersection.

Based on these findings, we believe that the choice of similarity measure and clustering
algorithm greatly depends on the intersection type, environment and road user behaviors.
Therefore, we suggest that similar comparison procedures be followed for new sites among
the candidate setups. To facilitate this, we have made all the essential codes developed in

this work available online under an open source license (GitHub repository).

A systematic search of the parameters of the clustering algorithms and distances to determine
whether some results depend on the choice of parameters. Further work is necessary to better
characterize clustering performance, e.g. based on domain specific tasks like origin-destination

clustering, and apply these to more datasets and better characterize the factors that may


https://github.com/Mr28/Poly-MSc-thesis-trajectory-clustering

determine clustering performance.
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(b) Site map of intersection inD 2 (one out of three)

Figure 4.5 An example of intersection for each of the two datasets
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Conr

Figure 4.6 Performance results for the NGSIM 1 intersection based on EDR similarity mea-
sure with parameter w =7 m
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Figure 4.7 Correlation of the performance measures for the NGSIM 1 intersection
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Figure 4.8 NGSIM intersection 4
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CHAPTER 5 METHODOLOGICAL ASPECTS AND COMPLEMENTARY
RESULTS

5.1 Some Details On Implementation

The entire procedure of trajectory clustering and performance evaluation explained in this
work involved different tasks: loading data, creating trajectories, calculating distance ma-
trices, trajectory clustering, origin/destination clustering and performance evaluation. We
performed over 36,000 clustering for each of the seven sites. To keep the total run-time rea-
sonable, we had to take different measures to ensure light and fast performance of the code.

Here we explain three of those main measures that we took to boost the speed.

5.1.1 Database Management System

Given the diverse type of tasks in our method that needed to be coded, Python was used as the
main framework for programming. Python is an open-source, general-purpose programming
language which is frequently used in scientific researches as scripting language [58,59]. With
all its capabilities, running simple data queries is not one of Python’s strengths. Also to
work with data, first it should load it on RAM. This method is not ideal for large datasets.
To address these limits and keep the framework scalable, the use of a database management

system was essential.

Candidates were Structure Query Language (SQL) based software which are solutions de-
signed for managing data held in Relational Database Management System (RDBMS). Some
of this software even supports some spatial functions out of the box. However, installing a
second software would have imposed an extra burden on the operator. Also it would have

prevented the full integration and interruption-free flow of the framework.

Another candidate was Pandas which is a module provided for Python. This is a popular
tool for data manipulation and analysis. However, its speed is not on par with SQL-based
software (specially in SELECT queries) [73]. Also, it loads the entire data on RAM which

can be quite demanding for large datsets and limit scalability.

Finally, SQLite was picked for data management in the framework which is an embedded
database software available for many programming languages. Since it comes bundled with
Python as a module, the framework remains interruption-free and no further software instal-
lation by operator is required. Despite the lack of built-in spatial functions and visualization

(which was especially a disadvantage in the coding phase of the project), similar to other
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SQL-based software, it works fast and is not demanding for RAM.

5.1.2 Low-level Compilation And Parallelization

Another area that was considered to save run-time was distance-matrix calculation. Given
that such calculation for a set of np trajectories is of complexity O(n%,) (also distance calcu-
lation for a pair of trajectories with lengths m! and m? is of complexity O(m!, m?)), lowering

the run-time of this step of the framework was crucial for scalability.

To boost the speed, the possibility of compiling down the Python codes to native machine
code (within Python) and also parallelization was investigated. The two popular options
are the Cython and Numba packages. Both methods support both low-level compilation
and parallelization [74], although Numba may be faster in some situations [75]. It is worth
mentioning that these benefits come at the cost of severe restrictions in form of losing access
to many tools available in Python (such as Scipy package and some basic functions from
Numpy package). Also, functions compiled using Numba can only take limited input types
(that should be strictly pre-defined). Thus, functions and classes cannot be used as input for

such functions.

Both solutions were tried. For Numba, the method was implemented in the code, and for
Cython, a package for calculating popular trajectory distances developed by Guillouet [76].
Although neither methods could be run on GPU, Numba could still run on CPU cores
simultaneously, thus running several times faster. Therefore, Numba method was used as the
main solution in the framework, except for Hausdorff and SSPD distances which required

passing functions as input to the main distance functions.

5.1.3 Caching The Objects

When conducting a comparison among clustering setups, naturally the run-time grows with
an increase in the number of setups. As a reference, in the comparison carried out in this
study (explained in Chapter 3) with over 3600 setups and 10 iterations for each setup (using
the final/tuned version of the code), about 85 % of the total run-time was consumed for
the trajectory clustering and evaluation tasks while less than 15 % of the total run-time was
used for trajectory extraction, calculation of distance matrices and extraction of OD reference

labels, altogether.

Therefore, even though the trajectory clustering and evaluation tasks are complex and use
of Numba and Cython methods are either not feasible or very hard to implement because of

the limits of these two methods, given the significant portion of run-time consumed by this
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part of the framework in comprehensive comparisons, even a marginal boost in speed can

save considerable amount of time.

To do so, a simple, yet effective approach is caching the objects that are frequently called
in the code. In this case, both sets of clustering algorithms and performance measures were
loaded and cached on the memory early in the for-loops so that the call-time would be saved.
To do so, each clustering algorithm was loaded and cached with different parameter values.
Also the input for both clustering algorithms and performance metrics were standardized to

require minimum manipulation of objects later in the code.

5.2 Further Results

5.2.1 Correlation Of The Distance Measures

Figure 5.1 represents the correlations between the distance measures with different parameter
values. While the correlation values are positive in most of the cases, we can see interesting

patterns there.

First of all, the distance measures between variants of the same method with different pa-
rameter values show the highest correlations values. Considering different distance methods,
SSPD and Hausdorff are highly correlated, which is expected as their calculation method
is very similar. It is also consistent with our observation that they both appear frequently

among the top performing distance measures (Figure 4.8).

PF has the highest correlation with DTW. This could also be expected given the similarity of
their calculation methods: both reflect average point-to-point distances with points compared

in order.

Another observation is that the smallest correlation coefficients (in some cases even negative)
are between EDR and three other distance methods, namely, DTW, SSPD and Hausdorff.
This is also in line with the findings of our proposed evaluation method. As we can see in
Figure 4.8, contrary to DTW, SSPD and Hausdorff, EDR does not appear among distances

with the highest average rank in any of the sites.

5.2.2 Sensitivity To Data Permutation

Although changes in performance measures based on change in sample data are expected,
the sensitivity varies among different setups. Even the same algorithm may show different

performance values when paired with different distance measures.

The Figure 5.2 shows the performance of different clustering algorithms based on the LCSS
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Figure 5.1 Correlation between distances measures with different parameter values

distance with d, = 5 m for intersection NGSIM 2. We can see that performance variation is

considerably higher for agglomerative hierarchical clustering. However, such high sensitivity

is not observed for the same pair of algorithm and distance on every other datasets. Figure 5.3

shows the performance of the algorithms with the same distance measure on intersection

inD 1. We can see that agglomerative clustering has a performance variation similar to the

other algorithms.
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Completeness Homogeneity \

FMI

Figure 5.2 Performance variation of agglomerative clustering paired with LCSS (d, = 5 m)

on NGSIM 2

5.3 Extra Experiments Using Centroid-based Algorithms And Performance Mea-

sures

k-Means is claimed to be “by far the most popular clustering algorithm used in scientific
and industrial applications” [77]. This clustering approach looks for k arbitrary points from
the feasible space representing the cluster centers that would minimize the sum of distances
of all data points from their corresponding closest cluster centers [78]. A simple algorithm
suggested by Lloyd [79] suggests picking k arbitrary initial cluster centers and assigning
observations in the dataset into their closest cluster center. Once the clusters are formed,
the cluster centers are calculated by averaging over the cluster points, and the procedure is
repeated until the clusters are stable [78]. This algorithm has the complexity of O(nk) [40].
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Completeness Homogeneity \

Figure 5.3 Performance variation of agglomerative clustering paired with LCSS (d, = 5 m)
on inD 1

Despite the simplicity and popularity of k-Means, the use of centroids imposes limitation
on its application in time-series clustering. Also, because of the nature of trajectories, the
common definition of centroid is generally not meaningful for a set of trajectories. Therefore,
in order to use k-Means in such settings, trajectories should first be mapped into an embed-
ding space. There are several sophisticated embedding techniques used in the literature in

coordination with k-Means [39].

As an experiment, we experimented with the distance matrices as the input for the k-Means
algorithm. This means that we mapped each trajectory into an n-dimensional embedding
space where each object i is associated with a trajectory M* and represents the distances to

all the trajectories.
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Figure 5.4 shows the distance and clustering algorithms associated with highest rank accord-

ing to our proposed combined evaluation measure.

As we can see, the results are generally similar to Figure 4.8, but k-Means also appears
among the top-ten clustering algorithms with highest rank of combined evaluation measure.
Indeed, even though it is not dominant in any of the sites, it appears in most cases. On
the other hand, this minor change (compared to Figure 4.8) had no effect on the distance
measures associated with the top-ten clustering setups. There is the only a change in distance

parameter value of only one (out of ten) clustering setup for the inD 2 dataset.



Figure 5.4 inD intersection 3

Figure 5.4 NGSIM intersection 4
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CHAPTER 6 GENERAL DISCUSSION

The approach for achieving the objectives of the research project was explained in Chapter
3, 4 and 5. This chapter provides a summary of the results, as well as a critical analysis of
the methodology and techniques used. Also, it discusses whether they were appropriate to

achieve the objectives.

As a reminder, the primary objective of the work presented here was to investigate the prob-
lem of trajectory clustering evaluation in the absence of ground-truth labels. We aimed to
develop a framework to find suitable setups for trajectory clustering that do not require hu-
man intervention. There was also a second objective to compare different popular trajectory
distance measures and clustering algorithms with a range of parameters using the developed

evaluation method.

The following subsections provide a summary of the methodology used, their results, the

decision made in this regard, as well as the evaluation of these decisions.

6.1 Trajectory Clustering Framework

To address the primary objective of the research, a framework was developed for comparing
clustering algorithms and trajectory distance measures. The trajectory clustering framework

and its components were covered in the article presented in chapter 4.3.

The approach is unique in its emphasis on unsupervised performance evaluation of trajectory
clustering. The framework developed in this work does not require the intensive human
labor for labeling observations or providing reference clusters. Therefore, it can be even used
to find suitable site-specific clustering setups on road networks with numerous intersections
where generating manually labeled samples for every site would be labor intensive (beside
the subjectivity of the labels).

As it was initially aimed in the objectives, the entire framework was coded in open source
platforms using a single programming language and it does not need manual trajectory
labeling. It is available online in a GitHub repository to encourage the use and replication
of this work.

The steps are completely integrated and they work together without any essential intervention
required from the operator. They also work without requiring any expert supervision. Once
the dataset is defined and the desired distance measures and clustering algorithms are picked,

it does a comprehensive comparison across different clustering setups and returns the best
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performing setups according to the combined evaluation measure.

The only remaining human intervention in the process, which is optional, would be the choice
of ko and kp, the number of origin and destination clusters. To facilitate this task, an option
is included to visually help the operator for making the decision through using elbow method
on origin/destination clustering performance results. This can also be avoided by pre-defining

the values if the operator is willing to do so and has enough confidence in his/her choice.

Generally, trajectory clustering deals with objects of time-series type. This adds to the
complexity of the clustering problem (compared to regular point clustering). Yet in this
study, with the simple proposed method of using the two extracted features, this complexity

was turned to an opportunity.

6.2 Comparison Of Clustering Setups

A comparison of clustering setups with different popular distances and clustering algorithms
was provided in the sections 4.4 and 5.2. Six trajectory distance measures, three of the
distances each with six different parameter values, and seven popular clustering algorithms,

one of them with three different parameter values, were used for the comparison.

Overall, the results show that there is no specific distance measure or clustering algorithm
that systematically outperforms the others or at least always appears among the top ten best
clustering setups for all intersections. On the other hand, there are clear winners for specific,
though not every, intersections. These findings are in line with the concerns mentioned in

the literature about sensitivity of clustering with respect to data-specific characteristics [56].

As mentioned in Chapter 2, most studies in the trajectory clustering domain assume that
their clustering method/setup has robust performance across different datasets. However, the
experiments used in this work and the provided examples show that the choice of clustering
setup may greatly depend on data specifications. Therefore, the results of the comparison of
clustering setup presented at the end of chapter 4.4 show that the superiority of performance

of a distance measure or clustering algorithm is not necessarily valid across different datasets.

Indeed, the sample observation presented in section 5.2.2 shows that even if the performance
of a clustering algorithm has low variance on a dataset, suggesting reliable performance
values, this may not hold true with the same distance measure on another dataset. Therefore,

checking site-specific suitability of algorithms and also reiterating the evaluation is essential.
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CHAPTER 7 CONCLUSION

In the previous chapter, the objectives of the research project were reiterated. A critical
analysis of the methodology was also carried out to determine whether it was appropriate
to achieve the objectives. The current chapter closes the study by presenting a synthesis of
the work, its contributions, the limitations of the approach and the perspectives for future

research work.

7.1 Summary Of Works

The principal objective of this work was to develop a framework for the performance evalu-
ation of trajectory clustering. This framework was supposed to work without using manu-
ally labeled trajectories or reference clusters. This makes it suitable for finding site-specific
clustering setups while avoiding extensive human labor. To address this objective, a frame-
work, with a combination of both unsupervised and supervised performance measures, was
developed to automatically compare the clustering setups. A method was proposed to auto-
matically generate trajectory reference clusters based on their origin and destination points
to be used by supervised performance measures. Therefore, the entire procedure remains

unsupervised both in the clustering and evaluation stages.

A comprehensive comparison of distance measures, clustering algorithms and evaluation mea-
sures was also carried out using trajectory data from seven intersections. The clustering
setups used in the comparison task include six popular trajectory distance measures, three
of them were tried with six parameter values, i.e. a total of 21 distances, six clustering algo-
rithms, different numbers of clusters when used as input by some of the clustering algorithms
ranging from 2 to 30 and seven performance measures were tested. The experiment was
done on seven intersections from two different datasets, i.e. collected in different countries,

different road category types and also different data collection methods.

Finally, after using a metric based on a combination of performance measures, we picked
the top performing distances and clustering algorithms. The results show that there is no
single combination of distance and clustering algorithm that is always among the top ten
clustering setups. Even looking at them independently, the finding was similar. There
are distances that performed better compared to the others in specific intersections, but
none of them are present among the top performers for every intersection. Between all the

clustering algorithms, agglomerative hierarchical clustering was the only one that was in the
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top performers in all seven intersections, though not always with the same linkage type. Also
the plots do not show a visual dominance of this approach over other clustering algorithms

based on frequency of its appearance in the top performers for each intersection.

Based on these findings, we believe that the choices of similarity measure and clustering
algorithm may depend on the intersection type, environment as well as road user behaviors.
Therefore, we suggest that similar comparison procedures to be followed for new sites among
the candidate setups. To facilitate this, we have made all the essential codes developed in

this work available online under an open source license (GitHub repository).

7.2 Limitations

The limitations can be split into data as well as methodological limitations. When considering

the methodological aspect, one may note the following issues:

o The choice of parameters of DBSCAN and OPTICS is highly dependent on the range
and distribution of distance values. However, the choice of distance measure in tra-
jectory clustering is a problem of its own and many distance measures with a range
of parameter values are involved in the comparison. Therefore, one should either use
fixed (or a limited number of parameter values) for these algorithms, or increase the
run-time to the level that considering a vast number of parameter values would not be

an issue.

» As mentioned in Chapter 6, even though the steps of the framework are fully integrated
and work with almost no intervention required by the operator, the choice of ko and

kp still needs the operator to make a decision.
Regarding the data, the following points can be considered:

o Although NGSIM data is a de facto standard for benchmarking empirical researches in
traffic studies, it was collected about two decades ago. This implies that the driving
behaviour represented in the data might not be a perfect representation of the actual

driver behaviour.

o Both the NGSIM and inD datasets are related to a very short time period (e.g. two 15
minutes intervals within one day in the case of NGSIM). Thus, they represent a subset

of the traffic pattern distributions over a day/week/year.
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7.3 Future Research

A systematic search of the clustering algorithm parameters and distances to determine

whether some results depend on the choice of parameters is suggested.

By combining supervised and unsupervised performance metrics, this method is versatile,
and thus easy to apply to more sites and datasets. However, as all the noted algorithms
rely on comparing all the trajectories by computing their distances, the time consumption
for creating distance matrices is of O(n?). Using methods such as recurrent neural networks
(RNN) and variational auto-encoders (VAE) [3] may help and decrease the complexity to
O(n).

Further work is necessary to better characterize clustering performance, e.g. based on do-
main specific tasks like origin-destination clustering. Also, it is recommended to apply these
methods to more diverse datasets and better verify the factors that may determine clustering

performance.
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APPENDIX A PERFORMANCE MEASURE CORRELATIONS
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