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Abstract

Clustering temporal traffic data can improve road safety and efficiency in Intelligent Transportation Systems. The
aim of the study is to analyse spatio-temporal transport data in order to extract traffic characteristics on the section of
St. Petersburg Boulevard in Plovdiv. The present study is part of a larger group of studies that apply conventional
methods for clustering data. The data are initially grouped into 24-hour time series for each direction, missing values
are filled, and then K-means clustering of speed and number of vehicles passed is applied. The number of clusters is
determined by the Silhouette score, and the results are visualized via MDS transformation. The results show that traffic
flow in the direction of the Ring Road exhibits greater variability - the traffic volume fluctuates within a wider range
throughout the day compared to the traffic heading toward the city Center.
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INTRODUCTION

In modern urban environments, the
efficient management of transportation
systems has become one of the most critical
challenges for urban planning and sustainable
development. The proliferation of digital
infrastructure—ranging from GPS-enabled
devices to traffic flow sensors—generates
vast amounts of data daily. This "Big Data" in
transport offers unprecedented opportunities
to understand mobility patterns, reduce
congestion, and optimize public infrastructure
[1-3].

Extracting actionable insights from raw,
high-dimensional transport datasets requires
robust data mining and machine learning
techniques. Among these, cluster analysis
stands out as a powerful tool for discovering
hidden structures within data without prior
labeling. This study focuses on the

application of the K-Means algorithm, a
cornerstone of unsupervised learning, due to
its efficiency and scalability in processing
large-scale spatial and temporal datasets [4-
5].

The primary objective of this research is to
categorize transportation data into meaningful
groups to identify key mobility trends, such as
peak travel intervals, and anomalous patterns
in the network. The paper details the
experimental workflow, including data
preprocessing, constructing time  series,
handling missing values, the selection of the
optimal number of clusters using the
Silhouette score, and a interpretation of the
experimental results of clustering.

METHODS
This section presents the methods used for
data processing and analysis. The main stages
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of data preparation, time series construction,
missing value handling, similarity
measurement, clustering, and visualization of
results are discussed. In the experimental
stage of this study, a variant in which an
additional step - data normalization was also
investigated. The final result of clustering in
this case was that the data formed a dense,
homogeneous cluster, which indicates that the
shape of the traffic load and the speed is
similar. The current variant was chosen in
order to be able to see the values of the daily
profiles on a real scale. Figure 1 presents a
chart of the pipeline. The ovals represent the
stages at which data is outputed.

Input data

O

Preprocessing

Constructing time series

-..

Handling missing values

O

Calculating similarity

O

Clustering

¥,

Fig. 1. The pipeline of the used methodology.

The following subsections of this section
discuss the stages of the methodology, with
the clustering step including an additional
stage - selecting the number of clusters.

2.1. Preprocessing and Input Data.

In the experiment is used data for 2022,
2023 and 2024 from the road equipment on
St. Petersburg Blvd. of the Technical
University of Sofia, Plovdiv Branch in
Plovdiv. It was necessary to use such a long
period because there are many days for which
there are no records. The data contain
timestamp, direction and information about
the number of vehicles passing and the

average speed. The data are in the following
format:

date Direction v_count v_vel
1/20/2023 13:00 Ring Road 426 43.93
1/20/2023 13:00 Center 312 48.46

2.2. Constructing time series.

The time series are constructed by forming
a vector of 24 points for each day,
corresponding to an hour of the day. The rows
represent a day, and the columns a
combination of direction and time. Separate
matrices are formed for the two directions -
Center and Ring Road, as well as for speed
and number of vehicles.
2.3. Handling missing values

Days for which data is not available are not
processed. Missing hours are filled by 2D
linear interpolation. The value is calculated as
a weighted average of the closest observed
values - cl, c¢2 and c3, with the weights A
depending on the geometric arrangement of
the points.

cah=hicithacathzes (1)

If interpolation is not possible, the nearest
neighbor method is used. The remaining
missing values are filled by the median per
column [6].

2.4. Calculating similarity between time
series.

The similarity metric used in this study is
Euclidian distance, defined as:

T
Dy | ) (et @
=1

[7].
2.5. Clustering.

K-Means is an iterative clustering
algorithm that partitions observations into k
clusters by minimizing the intra-cluster
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variance in Euclidean space. K-Means uses
computed centroids that represent the average
of all points in the corresponding cluster. The
algorithm is based on minimizing the
following objective function:

J =T T Ix — > @

where Ci is the set of observations in
cluster i, wi 1is the centroid of the cluster,
Ix—pill*> is the squared Euclidean distance
between an observation and the centroid. The
procedure begins with an initialization of the
k centroids, after which two main steps are
repeated:

o Assignment step: each observation
is associated with the closest
centroid according to the Euclidean
distance.

e Update step: centroids are
recalculated as the arithmetic mean
of all points in the corresponding
cluster [8].

2.6. Determining the optimal number of
clusters

To select the optimal number of clusters k,
the Silhouette metric is used. It evaluates the
quality of clustering by the ratio between the
intra-cluster and inter-cluster distances:

. b-a()
S(l)_max(a(i),b(i))’ (4)

where a(i) is mean distance to the cluster
and b(i) is mean distance to the nearest
cluster. The procedure involves testing values
of k in the range from 2 to 5 and calculating
the Silhouette coefficient for each value;
selecting k at which the coefficient is
maximum. The advantage of Silhouette
coefficient is that it accesses the quality of
clustering without the need for predefined
labels, taking into account the compactness of
clusters and their separability, which allows
for an objective assessment of the results [9].
2.7. Visualization and interpretation

The results are visualized using the
Multidimensional Scaling (MDS) method,
which projects the day profiles into a three-
dimensional space while preserving the
relative distances between objects. The
method provides an intuitive representation of
clusters, facilitates the detection of structures
and outliers, and aids to the interpretation of
results [10].

RESULTSSSSS

The aim of current study is to identify
typical traffic patterns by applying K-Means
clustering on daily traffic profiles for different
days and directions.

3.1. Silhouette score.

Figures 2 and 3 show the Silhouette score
for the number of vehicles and speed towards
the Center. As can be seen from the graphs,
the optimal number of clusters in both cases is
2.

Silhouette vs k - Center Count
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Fig. 2. Silhouette score for number of vehicles for
direction Center.
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Fig. 3. Silhouette score for velocity for direction
Center.
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Figures 4 and 5 show the Silhouette score
for the number of vehicles and the speed
towards the Ring Road. As can be seen from
the graph, the optimal number of clusters is 3
for the number of vehicles and 2 for the
velocity.

Silhouette vs k - Ring Count
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Fig. 4. Silhouette score for number of vehicles for
direction Ring Road.
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Fig. 5. Silhouette score for velocity for direction
Ring Road.

Based on the graphics can be concluded
that traffic in direction Center is more
homogeneous, while in direction Ring Road -
more diverse.

3.2. 3D graphics of MDS.

K-Means clustering results of Euclidian
distance are visualized using 3D MDS
projection of daily traffic time series. Each
point represents a daily observation, colored
according to cluster membership. In the plots,
individual clusters stand out clearly, with each
color representing a different cluster.

Figure 6 shows 3D MDS graphic for
number of vehicle for direction Center.

K-Means (Euclidean)

Fig. 6. 3D MDS graphic for number of vehicles
for direction Center.

On the graph of number of vehicles for
direction center the two clusters are clearly
separated. CO (blue) is smaller and probably
covers days with more stable profiles
throughout the day, while C1 (orange) is
larger and represents days with higher
variability in the number of cars.

Figure 5 shows 3D MDS cluster profiles of
the average speed for the direction center.
Each profile reflects the average speed
dynamics within a 24-hour cycle for a group
of days with similar behavior.

K-Means (Euclidean)

Fig. 7. 3D MDS graphic velocity for direction
Center.

In the velocity plot for the Center direction
of k-means, the data appears to be distributed
in a compact cluster with evenly spaced
points around it. K-means splits this cluster
into 2 through the middle.

Figure 8 shows 3D MDS graphic of
number of vehicles in direction Ring Road.
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K-Means (Euclidean)

Fig. 8. 3D MDS graphic for number of vehicles
for direction Ring Road.

The wvehicles count graph for direction
Ring Road clearly distinguishes 3 clusters: CO
(blue) — a compact group on the left of the
graph. These are probably days with more
stable and regular traffic, with less variation
in the number of cars during the day. Cl
(orange) — more scattered points in the central
part of the graph. This indicates days with
high variability in the number of cars — for
example, peak days or days with
accidents/events; C2 (green) — a separate,
small cluster on the right. These are
anomalous or rare cases, for example,
holidays, special events etc.

Figure 9 shows 3D MDS graphic of
velocity in direction Ring Road.

K-Means (Euclidean)

w.

Fig. 9. 3D MDS graphic for velocity for direction
Ring Road.

The speed graph of the K-Means algorithm
presents 2 equally large clusters, with the
orange one being more scattered, likely
including holidays and days with incidents,
while the blue one is more compact, reflecting
days with regular traffic.

CONCLUSIONS

The article presents a method for analyzing
daily traffic profiles using a combination of
Euclidian distance and K-Means clustering.
The method allows detection of typical traffic
patterns.

The results obtained from the clustering
provide information about the nature of the
daily traffic profiles in the studied section -
the two lanes of St. Petersburg Blvd. in
Plovdiv.

Additionally, experiments with
normalization show that it leads to a more
compact cluster, at the cost of losing
information about the real values. Therefore,
an approach without normalization was
chosen, which allows for better interpretation
of the results in the context of real traffic.

The results show a difference in the
homogeneity of traffic in both directions. In
the  direction towards the  Center,
homogeneous traffic is observed, which is
confirmed by the number of selected clusters -
2, both for the number of vehicles and for
speed. In the direction of the Ring Road, the
clusters for the number of vehicles are 3, and
the clusters for speed - 2. This indicates
greater variations in traffic, probably
influenced by factors such as outflow from
the city, events or seasonal effects.

MDS visualizations further confirm these
observations. Towards the Center, the clusters
are clearly demarcated and compact,
indicating stability of traffic patterns. Along
the Ring Road, the clusters are more
dispersed, reflecting higher dynamics and the
presence of atypical days.

Despite the results, the study has some
limitations. First, the presence of missing data
necessitates the use of interpolation, which
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may introduce inaccuracies. Furthermore, the
analysis is based on data from a single
location, which limits the possibility of direct
generalization to other urban environments.

Future work will focus on comparing the
results obtained with results from other
conventional clustering methods, such as K-
Means, Hierarchical Clustering, and Density
based clustering. Another possibility for
future studies is to enrich the studied data
with meteorological data.
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