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Abstract. One of the techniques for the analysis of travel patterns on
a public transport network is the clustering of the users movements, in
order to identify common patterns. This paper analyses and compares
two different methodologies for public transport trajectory clustering:
feature clustering and geospatial trajectory clustering. The results of
clustering trip features, such as origin, destination, or distance, are com-
pared against the clustering of travelled trajectories by their geospatial
characteristics. Algorithms based on density and hierarchical clustering
are compared for both methodologies. In geospatial clustering, different
metrics to measure distances between trajectories are included in the
comparison. Results are evaluated by analysing their quality through
the silhouette coefficient and graphical representations of the clusters on
the map. The results show that geospatial trajectory clustering offers
better quality than that obtained through feature clustering. Also, in
the case of long and complete trajectories, density clustering using ERP
distance outperforms other combinations.
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1 Introduction

An increasing interest in promoting less polluting means of transportation, such
as public transportation, has been apparent in recent years for most developed
countries citizens. This change has been encouraged by institutions like the
United Nations through the Sustainable Development Goals or the European
Union through the European Green Deal. To incentivize the use of public trans-
portation, the understanding of the users behaviours and habits is considered of
capital importance, so the services can adapt better to their needs [1,2].
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In order to identify patterns that are relevant for a significant number of
users, a massive number of trips need to be analysed. To cope with this amount
of data, a straightforward approach is to cluster their registered movements in
an automated way and then analyse the characteristics of those said clusters.

Two different methodologies for clustering public transport data are consid-
ered in this study. The first methodology focuses on extracting a certain number
of features from each trip, in order to perform clustering according to those fea-
tures, while the second methodology uses ordered sequences of GPS coordinates
to measure similarity between trips in order to cluster them.

The objective of this work is to expand the area of knowledge in this appli-
cation field and to try to determine which methodology offers more reliable re-
sults. To make this comparison more complete and understand with more depth
which methodology has a better performance, two different hierarchical clus-
tering algorithms have been chosen: HDBSCAN and Agglomerative clustering.
Both algorithms have been applied using the Dynamic Time Warping (DTW)
and Edit distance with Real Penalty (ERP) distance measures. The results have
been quantified using the Silhouette coefficient as cluster evaluation technique,
and verified using maps with a graphical representations of the clusters. As a
test bench for the comparative, a public dataset containing the GPS traces of
the trips registered by the users of the transport system of the city of Mon-
treal, Canada; has been used. These trips are labelled by the purpose of the trip,
enabling segmented analysis of users movements.

2 Related work

Trajectory clustering is a complex problem that has various practical appli-
cations such as surveillance security, abnormal behaviour detection, crowd be-
haviour analysis, or traffic control among others [4].

This work focuses on clustering GPS traces of public transport users. To
perform this analysis, it is primarily recommended to carry out a statistical
analysis of the data set, such as is proposed in [5] to obtain a detailed description
of the data set. Additional statistics can also be obtained, such as common stop
sub-sequences or probable destinations from an origin stop.

One of the biggest drawbacks that arise when grouping trajectories is the
characteristic nature of the data, since they are composed of GPS locations and
timestamps rather than independent variables on an abstract euclidean space.
Two potential solutions have been proposed in the majority of cases found in lit-
erature. The first involves extracting variables or features from each trajectory,
such as length, starting and ending point, etc. In Aaron et al. [6] spatial and
usage habit features are extracted from user trajectories. Additionally, Yunzhe
et al. [7] employs users trajectories data to determine different users character-
istics such as place of residence or conveyance. The second is to apply clustering
techniques using distance measures similar to those used in time series analysis,
as in Li He et al.[8].Two reviews can be highlighted in the literature regarding
trajectory clustering. The first one is about clustering of spatio-temporal data,



Comparison between geospatial and feature trajectory clustering 3

which includes trajectory clustering [9]. The second review analyses the distance
metrics in the literature used to perform trajectory clustering [10]. In this study,
two of those said distance measures, Dynamic Time Warping (DTW) and Edit
distance with Real Penalty (ERP), are employed.

3 Methodological proposal

The aim of this study is to determine which methodology has a better perfor-
mance, feature or geospatial trajectory clustering. This section introduces the
concept of trajectory, as well as the clustering algorithms and distances used,
and defines the metrics employed to determine the result of the comparison.

For feature clustering, the features selected are: origin and destination coor-
dinates, number of points on the trajectory and the distance travelled. For tra-
jectory clustering, the distance measures between trajectories DTW and ERP
are tested. Finally, numerical quality results of the clusters are analysed using
the silhouette coefficient as a metric. The best results are plotted on a map to
verify their coherence.

3.1 Trajectory definition

A trajectory is defined as a sequence of geolocated points and corresponding
timestamps, which are arranged in chronological order to indicate the subject’s
movement [3]. The focus of this study is on routes, where each GPS coordinate
represents a point on the trajectory. In equation 1, it can be observed how
a trajectory is constructed, where P is formed by latitude, longitude, and a
timestamp.

T = (Py,Py,.... P,) (1)

3.2 Clustering algorithms

HDBSCAN and Agglomerative Clustering are be used as clustering algorithms.
The reason for using these two algorithms is that they allow the use of different
distance metrics than the conventional ones (Euclidean, Manhattan, etc.). This is
important because trajectories cannot be measured with these types of distances,
as they are a sequence of spatial locations. Therefore, DTW and ERP distance
measures are used.

HDBSCAN is an extension of DBSCAN that implements a hierarchical al-
gorithm to establish the maximum distance between neighbours, taking into
account the stability of the clusters [12]. DBSCAN is a density-based clustering
algorithm that uses the maximum distance between neighbours to determine
which instances belong to the same cluster and which ones do not. This algo-
rithm does not assign a cluster to all instances, but some may be classified as
noise if they do not have neighbours.
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Agglomerative Clustering is a hierarchical clustering algorithm [13], which
means that it constructs a tree that has all instances in a single cluster at the
root and each instance in a different cluster at the leaves. In this study, an
ascending construction has been used, so it starts from the leaves and joins
instances until the desired number of clusters is obtained.

3.3 Distance measures

Specific distance measures are needed for trajectory clustering. This is because
distances like Euclidean or Manhattan measure distances between independent
variables. However, when working with trajectories, there is a sequence of stops
that can also have a variable length. To calculate these distances, measures that
compare these sequences to each other are used, such as DTW and ERP. For
this study, an adapted version for trajectories which measures distances in two
dimensions instead of one [10] is used.

DTW is a distance measure that, originally, allows comparing two time series
by looking for the optimal alignment between them [14]. From this alignment,
it measures the distances that exist between them.

ERP is based on edit distance on real sequence (EDR) [15]. This measure
calculates the distance between two time series by calculating the number of
modifications that would have to be made so that the two signals are equal
with a certain tolerance. ERP, in turn, calculates the actual distance necessary
to equalize the two series. In case the series do not have the same distance, a
reference point is used. It is important to establish an adequate reference point.
For this study, the Montreal city geographical centre is used as a reference pint.

3.4 Results evaluation

The silhouette coefficient [16] has been selected as evaluation metric. It allows to
use both DTW and ERP to calculate the quality of the clusters. In equation 2,it
can be observed how the silhouette coeflicient of an instance (4) is calculated. In
the formula, a represents the average distance with the other instances in this
cluster, while b represents the minimum distance of the instance with another
cluster, which is the closest cluster to the instance being evaluated. To obtain the
silhouette coefficient of the clustering, the average of the silhouette coeflficient of
all instances must be obtained.

b—a
max(a,b)

s(i) = (2)

The representation of the clusters on the maps is drawn using the most central
trajectory of the cluster. This trajectory is the one that has the lowest average
distance with the rest of the trajectories of the cluster. This is done due to the
impossibility of calculating the average of a trajectory and the need to obtain a
trajectory that can represent the cluster.
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4 Dataset description and preprocessing

4.1 Description

This study uses the open dataset from the city of Montreal [11] to perform the
comparison of algorithms of the two methodologies. This dataset was obtained
through a mobile application that records users’ trips and inquires about the
purpose of the trip at the end of the route. For privacy reasons, the start, and end
of the route have been removed in the dataset. Instead, the route begins and ends
at the nearest intersection to the start and end of the route. Additionally, this
dataset includes only filtered routes, and inconsistent routes have been removed.

4.2 Preprocessing

The Montreal dataset consists of 185,285 trajectories, out of which 12,935 belong
to public transportation and has been selected for the study. Next, a filtering
of the data has been carried out, discarding the trajectories with no defined
purpose, which are only 5. To optimize calculations, the number of stops per
trajectory have been reduced by only keeping those points that are the closest
to a public transportation stop. For this purpose, the distance to the nearest
stop of each point is calculated, and then points that are more than 20 meters
away from a stop are discarded. Also, if there are multiple consecutive points
close to the same stop, the farthest ones are discarded. After this, trajectories
that do not pass through at least two stops are discarded, resulting in 6,567
trajectories.

The dataset has been divided into subsets according to their purpose to
make the experiment more robust. This results in different datasets that belong
to different population segments with different characteristics. Table 1 shows
a statistical description of each of these subsets, including the number of tra-
jectories in each subset, the average number of stops, and the average distance
travelled.

5 Experiments and results

In this section, the results obtained in the experiments are presented and anal-
ysed. Two exploring grids of experiments have been designed. The first one,
which is used for feature clustering, is a combination of each of the clustering
algorithms with each of the subsets. The second one, which is used for trajectory
clustering, is a combination of all clustering algorithms with all distance metrics
and all subsets of data. Next, the results are compared, and finally, some of the
best results are represented on a map for visual inspection.

To understand the results, it is important to take into account the algorithm
configuration, specifically the number of clusters used. The configuration used for
Agglomerative Clustering is 5 clusters. On the other hand, for HDBSCAN, this
number can vary, although the minimum number of instances per cluster is set
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Table 1: Number of trajectories, average number of stops of the trajectories and
average distance travelled by the trajectories for each of the purposes.

Purpose Num. Trajectories|Avg. Stops|Avg. Distance (m)
Back home 2646 8.18 6382
Work 2101 8.16 6429
Leisure 602 7.83 5333
Education 469 7.9 7268
Shopping 323 8.17 4220
Gastronomic 160 6.83 5738
Other 97 8.27 6622
Health 96 8.28 5689
Picking up a person|73 8.03 5327

Table 2: Number of clusters generated by HDBSCAN for feature clustering, ERP
trajectory clustering and DTW trajectory clustering.

Purpose Features|Traj.+ERP|Traj.+DTW
Back home 2 23 43

Work 3 23 3

Leisure 2 18 4

Education 5 17 3

Shopping 3 14 2
Gastronomic 2 10 2

Other 2 9 0

Health 0 9 0

Picking up a person|0 6 0
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to 5 by default. In order to understand the results of HDBSCAN, Table 2 shows
the number of clusters created for feature clustering and trajectory clustering.

After clustering the features using both algorithms and obtaining the Sil-
houette Coefficients as shown in Table 3, the results are evident. The results
achieved through Agglomerative Clustering are stable but relatively low. On the
other hand, HDBSCAN exhibits peaks where it produces significantly better
results, while in other cases, it fails to create any clusters at all. It is appar-
ent that forming clusters for smaller datasets is considerably more challenging,
and if clusters are formed, they tend to be of inferior quality compared to those
obtained through Agglomerative Clustering.

Table 3: Silhouette coefficient obtained in the clustering of features

Purpose Agglomerative| HDBSCAN
Back home 0.16 0.40

Work 0.21 0.33
Leisure 0.20 0.23
Education 0.20 -0.19
Shopping 0.18 -0.10
Gastronomic 0.22 -0.01

Other 0.26 -0.11
Health 0.21 -

Picking up a person|0.24 -

The Silhouette Coefficient results obtained from geospatial trajectory clus-
tering are presented in Table 4. It can be observed that the optimal algorithm
combination, in the case of this dataset, is HDBSCAN with ERP. Conversely,
the worst performing algorithm combination is HDBSCAN with DTW, which
exhibits notably poor results and, in some instances, can not form clusters. Ad-
ditionally, Agglomerative Clustering performs well with ERP. It is noteworthy
that HDBSCAN is optimized for each dataset individually, while Agglomerative
Clustering requires optimization of the number of clusters for each dataset. In
this study, Agglomerative Clustering uses the same configuration for all datasets.
Nonetheless, the results are consistently stable for all purposes. Based on the re-
sults obtained from both methodology, it can be concluded that better clusters
are obtained in the experiments with geospatial trajectory clustering. Partic-
ularly, the results obtained in geospatial trajectory clustering with ERP are
significantly better than those obtained in feature clustering. To verify that the
results are coherent, some of the experiments that yielded better results are
visually analysed.

The maps represent the central trajectory of each obtained cluster; that is,
the trajectory with the shortest distance to the rest of the trajectories in the
cluster. Each is represented by a circle that indicates the start of the trajectory
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Table 4: Silhouette coefficient obtained in the clustering of geospatial trajectories

Purpose Agglo. ERP|Agglo. DTW|HDBSCAN ERP/HDBSCAN DTW
Back home 0.61 0.34 0.99 -0.46

Work 0.61 0.15 0.99 0.43

Leisure 0.62 0.28 0.97 -0.26

Education 0.62 0.25 0.97 -0.25

Shopping 0.62 0.31 0.92 -0.04
Gastronomic 0.63 0.18 0.84 0.08

Other 0.63 0.10 0.78 -

Health 0.63 0.38 0.78 -

Picking up a person|0.63 0.33 0.63 -

and a line marking the completed path. In Figure 1, the results of HDBSCAN
trajectory clustering and Agglomerative Clustering for the purpose of ’going to
work’ are shown. It can be observed that HDBSCAN has many more clusters,
and they cover a greater variety of trips, while Agglomerative Clustering has
fewer and closer clusters. This explains the better results of HDBSCAN due to
its greater adaptability.

Mopitreal

(a) HDBSCAN and ERP (b) Agglomerative Clustering and ERP

Fig. 1: Representation of the trajectories for clusters that aim to go to work

When analysing one of the intermediate values in Table 4, such as gastro-
nomic trips (Figure 2), it is noteworthy that agglomerative clustering results
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in more dispersed clusters. However, HDBSCAN has achieved a better repre-
sentation of the more dispersed clusters. Lastly, when comparing agglomerative
clustering with HDBSCAN, agglomerative clustering does not account for clus-
ters that move from the northwest to the southeast, which could be a heavily
trafficked area.

7

MOQI;EH[ Mﬁreal
(a) HDBSCAN and ERP (b) Agglomerative Clustering and ERP

Fig.2: Representation of trajectories for clusters of people moving for gastro-
nomic purposes

In Figure 3, a comparison of HDBSCAN and Agglomerative Clustering is
shown, which have very similar silhouette coefficient results. It can be observed
that in this case, the difference in the number of clusters is only 1. On the other
hand, HDBSCAN results are more dispersed, but in general, the results are very
similar in both cases.

6 Conclusion and future work

This work presents a comparative for better understanding the clustering algo-
rithms used for clustering routes. In this case, we center on trajectory on public
transport in urban environments. The objective is to determine which method-
ologies and algorithms are more suitable for clustering trajectories. It can be
concluded that trajectory clustering offers more solid results than feature clus-
tering. However, it should be noted that this may vary depending on the selected
features. On the other hand, the distance measure that offers better results for
this type of trajectory is ERP. Lastly, the best clustering algorithm is HDB-
SCAN, although in some cases it is more unstable, and we cannot determine the
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- -
Moiftreal : Mogitreal
(a) HDBSCAN and ERP (b) Agglomerative Clustering and ERP

Fig. 3: Representation of the trajectories for clusters whose purpose is to go and
pick up a person

number of clusters. Meanwhile, Agglomerative Clustering has poorer results, but
it has greater stability.

This study presents two principal limitations. The number of clustering algo-
rithms used, which in this case is limited by the need of use of certain distance
measures. Also, the study includes a dataset obtained on just one city, as the
availability of this kind of datasets is lower than with other problems.

Based on these results, several lines of future work can be studied. On the
one hand, the algorithm configurations can be studied deeply, emphasizing the
parameter optimization, especially in Agglomerative Clustering. On the other
hand, it remains pending of study the applicability of these clusters in tasks such
as demand or route prediction. Additionally, a detailed analysis of the charac-
teristics of the clusters could be performed in order to explain and understand
what defines them.
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