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Faculty of Transport and Traffic Sciences, University of Zagreb, Croatia

filip.vrbanic@fpz.unizg.hr

Abstract—Traffic patterns are useful for analyzing and identi-
fying representative traffic scenarios from traffic data. Traffic
scenarios are important when machine learning is used for
traffic control to ensure good controller performance in all
cases. This article tackles the problem of identifying relevant
scenarios from clustered data for urban mobility analysis. The
unsupervised learning approaches k-means, principal component
analysis, and self-organizing maps were applied on real traffic
data from Slovenian motorways to analyze and group traffic
scenarios. Obtained observations present a solid foundation for
future research on a wide-scale data-set, including data from
more measuring points for creating relevant traffic scenarios for
learning of traffic controllers.

Keywords—Intelligent Transportation Systems; Urban Mobil-
ity; Traffic Scenarios; Data Science

I. INTRODUCTION

The ever-increasing traffic demand for the use of traffic
infrastructure makes it necessary to expand its capacity. One
way to do this is to build new infrastructure, which is not
very cost-effective. Another way is to implement various
solutions derived from intelligent transportation systems, such
as adaptive traffic signal control, variable speed limits, and
ramp metering. These approaches need to be validated before
implementation. This is usually done by running multiple
simulations using microscopic traffic simulators. The simu-
lations need to be as realistic as possible to capture the real-
world traffic behavior. Various parameters like speed limits
and right of way must be adjusted to calibrate a simulation
model in microscopic simulators to simulate realistic traffic
scenarios [1]. Microscopic simulations validate or refute the
(dis)advantages of the proposed traffic control approaches.
Thus, multiple scenarios need to be created to obtain and
analyze traffic behavior.

The main motivation for this paper is to detect and create
relevant traffic scenarios obtained by performing unsupervised
learning based data clustering. Those relevant scenarios will
be used for machine learning algorithms in traffic control.
We applied k-means, Principal Component Analysis (PCA),
and Self-Organizing Maps (SOM) on the data collected from
induction loop detector 645 on urban motorway A2 town
Šmarje, Slovenia (Fig. 1), in both traffic flow directions.
Furthermore, we analyzed the clustering results and concluded
the number of relevant scenarios needed to accurately capture
traffic behavior which is the contribution of this paper. The
same methodology for data-set analysis can be performed on
any traffic data gathered from other measuring points.

II. RELATED WORK

An important goal of traffic data analysis is to discover the
vehicle traffic behavior patterns and cluster these patterns [2].
These clustered patterns can then be used to create traffic
scenarios as an input to the simulation and applied for machine
learning based methods for traffic control. These scenarios
are particularly valuable for evaluating variable speed limit
and ramp metering approaches for emerging mixed traffic
flows [3]. The importance of calibrated traffic scenarios used
to evaluate the performance of various traffic signal control
approaches was emphasized in [4]. The generation of realistic
traffic scenarios in [5] was done by using a global positioning
system and lidar data, which were programmatically changed.
In contrast, the prioritized genetic feature model was used to
generate various traffic scenarios in [6]. In [7], research on
traffic flow modeling and prediction based on the available data
collected by the automatic counter (induction loop detector)
822 on Slovenian on the motorway from Ljubljana to Postojna
was made. Traffic flow was quantitatively characterized by the
rate of vehicles passing the mentioned measurement point in
dependence of time and with various environmental driving
variables. Previously created traffic flow model from [7] was
extended to congestion forecasting based on the number of
cars in traffic jam in front of a congestion area [8]. The new
fundamental diagram of traffic flow was formulated and used
in the formulation of partial differential equations describing
the dynamics of traffic flow in the congested area. These
equations further provided for the prediction of traffic jam
evolution based upon forcasted input flow.

III. USE CASE AND APPLIED METHODOLOGY

The data-set for identifying relevant traffic scenarios was
created using data collected from the mentioned detector
(Fig. 1), during a period of eight years. The collected data were
filtered and statistically analyzed to obtain insight into traffic
patterns. The key goal was to make a solid foundation for
studying the traffic patterns to create relevant traffic scenarios
that can be used for simulation calibration. Furthermore, this
paper provides valuable insight into the traffic data processing
domain and identification of relevant traffic scenarios.

Thus, in this section, the used data-set for the traffic
pattern recognition analysis is presented. The description of the
urban area is followed by a comprehensive description of the
methodology used for traffic pattern detection, data clustering
and analysis.



Figure 1. Measurement detector location on A2 motorway [10]

A. Analyzed motorway area

For analysis, the A2 motorway, as one of the busier Slove-
nian motorways, connecting the Karawanks Tunnel on the
Austrian border via the capital city Ljubljana with the Croatian
border crossing Bregana was chosen. Ljubljana is the largest
employment center in Slovenia, with more than 266, 795
workplaces, the majority coming from other municipalities [9].
The dispersed settlement, which is becoming more frequent
with the construction of new residential neighborhoods and
shopping centers on the periphery of Ljubljana, contributes
to the increased use of passenger cars. Motorways near the
city of Ljubljana serve local, regional and European traffic
flows. Such a mixture of traffic flows causes major congestion
and traffic jams when peak hours coincide. Thus, we decided
to perform an analysis of data collected at the A2 motorway
detector Šmarje (Fig. 1) southeast of the city of Ljubljana for
both traffic directions. The measurement of traffic flows for
both directions to and from Ljubljana was performed using
induction loops at 1-hour intervals. Traffic data were recorded
for each day from the 1st of October 2007 to the 31st of
December 2015. Thus, the total number of measurements per
traffic direction was 3, 014 days or 72, 336 hourly measure-
ments, giving a total of 144, 672 measurements for the entire
data-set. Each measurement consists of the total number of
vehicles during 1-hour intervals. The gathered data grouped
by the measured hourly traffic flow and by days in a week
can be seen in Fig. 2 for both traffic flow directions.

B. Applied methodology

The methodology used to obtain the needed traffic scenarios
consists of three steps (Fig. 3). The first step was filtering the
data by detecting and removing unusual data outliers, such as
when the detector was out of service. It was done manually by
eliminating known false data caused by traffic sensor errors.
The measured traffic data were collected in two data-sets, each
for a different traffic direction.

The second step was performed to obtain more information
about traffic behavior. Thus, we applied PCA, defined as an

(a) Ljubljana - Zagreb direction

(b) Zagreb - Ljubljana direction

Figure 2. Preprocessed daily traffic flow data

orthogonal linear transformation that transforms the data into a
new coordinate system [11]. The largest variance (eigenvalue)
by a scalar projection of the data comes to lie on the first
coordinate (called the first principal component), the second
largest eigenvalue on the second coordinate, and so on. These
principal components represent the data patterns of the main
data-set. Dimensionality reduction makes it easier to visualize
and process high-dimensional data-sets, while preserving as
much of the eigenvalue as possible in the data-set. Result of
PCA for both traffic directions is visible in Fig. 4.

We performed an in-depth analysis regarding traffic flow by
applying the k-means method. K-means clustering is a widely
used technique for data analysis [12]. In this case, a cluster
is a collection of aggregated data measurements that share
certain similarities. The number k, which refers to the number
of centroids in the data-set, is defined after analysis. K-means
uses a centroid, the imaginary or real data point that represents
the center of the cluster. Each data point is assigned to each



Figure 3. Data processing steps
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Figure 4. PCA of collected traffic data
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Figure 5. K-means clustered traffic data for Ljubljana - Zagreb direction

of the clusters by reducing the inter-cluster sum of squares.
The k-means data clustering results were reconfirmed with the
analysis by training the SOM neural network on the same data-
set (Fig. 6). The SOM network was trained using the vector
hourly traffic data as input. SOM neural network was chosen
as it allows for data visualization of high-dimensional data
and neural distances between neurons. By performing the k-
means analysis with increasing k value, the data is clustered
into an increasing number of clusters, which decreases the
inter-cluster dispersion, as shown in Figs. 7 and 8. The goal
is to find optimal number of clusters with the lowest k value
combined with the lowest error value (Figs. 7(b) and 8(b))
that corresponds to the sum of inter-cluster point-to-centroid
distances. The obtained k-means results for two, three, and
four clusters can be seen in Fig. 5 for the Ljubljana - Zagreb

traffic direction. For the Zagreb - Ljubljana direction, the re-
sults were similar, with the main difference being inconclusive
clustering for k = 4.

The third step was based on a calculation of the optimal
number of clusters using the Calinski-Harabasz score [13]. It
represents the ratio of the sum of the dispersion from cluster
to cluster and inter-cluster dispersion for all clusters. The
Calinski-Harabasz score is calculated according to:

s =
tr(Bk)

tr(Wk)
× n− k

k − 1
, (1)

where n is the size of data-set, k is the number of clusters,
tr(Bk) is the trace of the cluster to cluster dispersion matrix
and tr(Wk) is trace of inter-cluster dispersion matrix. The
matrix tr(Wk) is defined by:
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Figure 6. SOM analysis for Ljubljana - Zagreb direction

Wk =

k∑
q=1

∑
x∈cq

(x− cq)(x− cq)
T , (2)

where cq is the set of data points in cluster q, cq is the center
of cluster q. The matrix tr(Bk) is defined by:

Bk =

k∑
q=1

nq(cq − cE)(cq − cE)
T , (3)

where cE is the center of the data-set E, and nq is the number
of data points in cluster q. Basically, the higher the value of
the index, the better the clustering performance. The plot in
Figs. 7(a) and 8(b) represents the inter-cluster sums of the
point-to-centroid distances or tr(Wk).

IV. RESULT ANALYSIS AND DISCUSSION

In our case, PCA was performed on a set of vectors, each
representing daily traffic flow values, and the dimensionality
was reduced to two principal components for visualization.
These daily traffic flow values for the Zagreb - Ljubljana traffic
direction can be seen in Fig. 4(a), while Fig. 4(b) shows the
values for the Ljubljana - Zagreb direction. The legend in
Fig. 4(a) applies to Figs. 4(a) and 4(b).

The percentage of total eigenvalues explained by each
principal component for the Zagreb - Ljubljana traffic direc-
tion data was 82.65% and 10.53% for these two principal
components, respectively, accounting for 93.18% of the total
eigenvalues. The percentage of the total eigenvalues explained
by each principal component for the Ljubljana - Zagreb traffic
direction data (Fig. 4(b)) was 78.51% and 12.5%, respectively,
accounting for 91.01% of the total eigenvalues. This is suffi-
cient to provide a reliable visual representation of the data-set.

From the analysis of the traffic data-set using the Calinski-
Harabasz index, the optimal cluster number for the Zagreb
- Ljubljana traffic direction is determined using the elbow

method [14] and is clearly visible in Fig. 7. For the Ljubljana
- Zagreb traffic direction, the elbow method does not provide
such a precise optimal cluster number. Consequently, by
observing the PCA shown in Fig. 4(a), it is visible that the data
are not grouped in such a clear way into two clusters. Sunday
and Saturday data are separated from the rest of the workdays
and can be separated between the two. The same conclusion
can be made for Friday, which stands out from the rest of
the workdays. This is also visible in Fig. 5 where the optimal
number of clusters for the Ljubljana - Zagreb traffic direction
is four. This conclusion can be reconfirmed by the Calinski-
Harabasz value visible in Fig. 8, and the sum of inter-cluster
point-to-centroid distances for k = 4 shown in Fig. 8(b).

Fig. 6 was obtained using a 10 × 10 neural network. The
main advantage of SOM is the neural distance map shown in
Fig. 6(a), which provides data about the neural connections
between the clustered data. The lighter the color, the stronger
the connection between clustered data. The two main clusters
are observable, with some inter-cluster scattering. Thus, the
neuron activation count map (Fig. 6(b)) shows the number of
clustered data contained for each neuron.

The most important information is the ability to detect larger
outliers, which should also be considered as traffic scenarios.
One such outlier can be observed on the neuron activation
position (6, 0) with 27 activation counts (Fig. 6(b)), which
corresponds to 0.9% of all measured data. This cluster could
also be considered a traffic scenario. The machine learning
algorithm for traffic control applied in the simulator has also
to learn how to cope with such a scenario and act accordingly.
One has to note that a traffic controller has to solve daily
repeating patterns and atypical patterns caused by incidents,
events and similar causes. The SOM neural network was also
trained in the same way for the Zagreb - Ljubljana traffic
direction, but no significant outliers were found. Thus, those
figures are not presented in this paper.
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(b) Trace of inter-cluster dispersion matrix
Figure 7. K-means clustered traffic data for direction Zagreb - Ljubljana

Based on the obtained clustering conclusions, Figs. 9 and 10
were created. These figures show the cluster centroid positions
for the k-means values k = 2 (Figs. 9(a) and 10) and
k = 4 (Fig. 9(b)). The scenarios represent the actual cluster
centroid positions, while the spline scenarios are the scenarios
with cubic spline data interpolation. The main argument for
selecting four scenarios for the Ljubljana - Zagreb direction is
that the scenarios with increased traffic demand would not be
considered if we were to select two scenarios as input for
the simulation. This would indeed not represent the actual
traffic demand, and the simulations would not be performed
with increased demand. Suppose we were to analyze traffic
control approaches on an urban motorway, such as variable
speed limit, this lower demand (Fig. 9(a)) could potentially
cause the traffic control approach to underperform when actual
traffic demand exceeds scenario 1 presented in Fig. 9(a).
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Figure 8. K-means clustered traffic data for direction Ljubljana - Zagreb

V. CONCLUSION AND FUTURE WORK

Traffic patterns for the Zagreb - Ljubljana, and Ljubljana
- Zagreb traffic directions were identified and clustered using
data-driven methods, and traffic scenarios were created. The
initially observed traffic patterns are used to create relevant
traffic scenarios that can be used in traffic microsimulation
software. The presented methodology can be used to capture
and recognize traffic patterns and cluster data for any traffic
detector. The performed analysis concludes that the k-means
algorithm is not sufficient to determine the optimal number
of clusters for creating relevant traffic scenarios. However, the
use of PCA provided additional insight to aid and reach a
conclusion on the optimal cluster number and optimal traffic
scenarios. Analysis by the SOM neural network provides com-
parable results to the k-means algorithm and greater detection
of outliers, which can also be considered traffic scenarios.

Further work will include data from additional measurement
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Figure 9. Traffic scenarios for Ljubljana - Zagreb direction
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Figure 10. Traffic scenarios for Zagreb - Ljubljana direction

points, analysis of seasonal traffic demand changes during the
year, and adding traffic flow performance indicators such as
mean speed.
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