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Abstract: The increased development of urban areas results in a larger number of vehicles on the road
network, leading to traffic congestion, which often leads to potentially dangerous situations that can
be described as anomalies. The tensor-based methods emerged only recently in applications related
to traffic anomaly detection. They outperform other models regarding simultaneously capturing
spatial and temporal components, which are of immense importance in traffic dataset analysis.
This paper presents a tensor-based method for extracting the spatiotemporal road traffic patterns
represented with the speed transition matrices, with the goal of anomaly detection. A novel anomaly
detection approach is presented, which relies on computing the center of mass of the observed traffic
patterns. The method was evaluated on a large road traffic dataset and was able to detect the most
anomalous parts of the urban road network. By analyzing spatial and temporal components of the
most anomalous traffic patterns, sources of anomalies can be identified. Results were validated using
the extracted domain knowledge from the Highway Capacity Manual. The anomaly detection model
achieved a precision score of 92.88%. Therefore, this method finds its usages for safety experts in
detecting potentially dangerous road segments, urban traffic planners, and routing applications.

Keywords: anomaly detection; tensor-based approach; traffic data; speed transition matrix; Intelligent
Transport Systems

1. Introduction

The increased development of urban areas results in a larger number of vehicles on the
road network, leading to traffic congestion, especially in rush hours. Intelligent Transport
System (ITS) solutions present applications that can be useful in detecting and dealing with
problems that are related to congestion like increased pollution [1]. In this context, anomaly
detection represents attractive research topic in the ITS field because it is one of the crucial
parts in detecting dangerous and potentially life threatening situations on the road traffic
network. Anomaly detection, in general terms, is a process that aims to find unexpected
or significantly different behaviors of some data instances in the observed dataset. Its
importance, combined with the analysis of the anomalous events, lies in potentially useful,
actionable information for road traffic information providers and authorities to identify
severe traffic accidents, traffic congestion, or a violation of the regulations.

This paper presents a tensor-based method for the extraction of the spatiotemporal
road traffic patterns, with the aim of detecting anomalies on the urban road network.
To distinguish between the recurrent congestion and anomalous events, this method is
focused on two types of anomalies: The first one is sudden braking in transition which can
be described as a bottleneck start, and the second type is intense acceleration in transition
where vehicles are achieving unexpectedly high speeds when leaving the congested area.

The proposed method differs from other proposed methods in this research field
because it presents a novel traffic anomaly paradigm based on Center of Mass (CoM)
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computation of the observed traffic pattern represented by the Speed Transition Matrix
(STM). Compared to the traffic flow-based approaches, the main advantage of such an
approach is its property that congestion cannot be wrongly detected as an anomaly.

In the context of mentioned disadvantages, the contributions of this paper are as follows:

– proposed method for the spatiotemporal road traffic patterns extraction which includes
STM computation,

– the usage of the tensor composed of STMs to model the traffic patterns to address the
spatiotemporal nature of the traffic data,

– proposed anomaly detection paradigm for the road networks based on the center of
mass computation which addresses the problem of averaging many speed records into
one value,

– the results of the anomaly detection are evaluated on the urban road network segments
in a medium-sized European city.

The proposed method consists of the three main steps: (i) Data preprocessing, (ii) grid-
based map segmentation with STMs computation, and (iii) anomaly detection. The anomaly
detection results are validated using the domain knowledge, extracted from the Highway
capacity Manual (HCM) level of service values, with the achieved precision score of 92.88%.

In this context, we revise and extend our previous work [2] by (i) more detailed
problem and methodology description, (ii) introducing the STMs computing the harmonic
vehicle speed, defined as relative values to be comparable with any road segment, (iii) im-
proved tensor construction, introducing the grid-based map segmentation of the city area,
and (iv) novel paradigm for the traffic anomaly definition on the road networks based on
the computation of the STM.

This paper is organized as follows. Section 2 presents related work on road traffic
anomaly detection methods, emerging tensor-based traffic data modeling techniques,
and general tensor-based models for anomaly detection. In Section 3, the background,
definitions, and preliminary concepts are presented. Section 4 presents the proposed
methodology used for the anomaly detection. Section 5 presents the method’s results,
including data processing, validation, analysis of the anomalous spatiotemporal patterns,
and comparison to other approaches. Finally, Section 6 concludes the paper with a summary
and future work directions.

2. Related Work
2.1. Traffic Data Modeling

Most traffic data like speed, density, or traffic flow profiles were represented by vectors,
which consist of time series data [3]. Each value in the vector represents the observed traffic
parameter, which is averaged within a defined time interval. The limitations of such an
approach are reflected in the impossibility of representing spatial components like spatial
correlations between consecutive road segments. On the other hand, matrix-based models
are used to model more complex traffic data and are often represented as traffic images [4,5].
Authors in [6] generated traffic images as an input to proposed spatiotemporal generative
adversarial network with a goal to represent urban mobility dynamics. In [7], authors
modeled traffic data using matrix that represent counts of origin and destination trips of a
car-hailing service. Indexes of the matrix cells are often labeled as m× n where m represents
the road traffic segments and n time intervals. These models are used for spatiotemporal
dependencies extraction between the observed traffic parameters, but only if the matrix
is constructed to represent both spatial and temporal components. Such cases can be
observed when using common mobility data representation, Origin-Destination (O-D)
matrices. To extract temporal components of the O-D matrices, one more dimension must
be introduced. One of the most used matrix decomposition methods, Principal Component
Analysis (PCA), is used here. The PCA method is suitable for data interpretation with a
smaller number of components and detects anomalies. On the other hand, the authors in [8]
report that the PCA was not a suitable method when analyzing the traffic data because
of large deviations in data due to many outliers in sensor readings. As the PCA relaxes
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three-dimensional data to the bi-dimensional form, authors in [9] claim that it cannot be
used for spatiotemporal patterns extraction.

Commonly, researchers extract speed profiles from different large traffic datasets.
Values in speed profiles are extracted mainly by aggregating a large amount of Global
Navigation Satellite System (GNSS) data recorded in defined time intervals into a single
value. This process could result in significant deviations. Similarly, if O-D matrices
represent data, there could be a large number of missing values in some data intervals. In
most cases, large traffic data includes many delivery vehicles that significantly influence O-
D matrices due to predefined delivery routes. The proposed STM traffic data representation
model can avoid this behavior.

As a traffic data modeling technique, tensor-based models emerged only recently. The
main advantage is that those models do not suffer from mentioned limitations regarding
spatiotemporal data representation because of their property to model multi-dimensional
data. The proposed method in this paper incorporates a tensor-based approach that
is constructed using STMs. The model does not suffer large deviations as data is not
aggregated from narrow time intervals. Secondly, the method can be used regardless of
delivery vehicles because speed is the main observed traffic parameter.

2.2. Tensor-Based Anomaly Detection Approaches

Tensor-based approaches can be divided into three classes: (i) Supervised, (ii) semi-
supervised, and (iii) unsupervised approaches. Supervised approaches are based on
prediction [10], classification [11], and the dimensionality reduction [12]. Semi-supervised
approaches use normal data for a tensor construction, and for the baseline, decomposition
results are used. The anomaly is estimated by observing the examples that do not pass the
null hypothesis test [13], or fails to align with the baseline by comparing the eigenvectors
and eigenvalues of the factor matrices [14]. Most of the unsupervised approaches rely on
the manual anomaly detection performed by the field expert after the decomposition [15].

Tensor decomposition methods fins their usages in traffic-related research especially in
modeling of time-evolving traffic networks modeling [16,17], traffic data anomaly
detection [18], road segments travel time estimation [19], correlation analysis of spatiotempo-
ral traffic data [20], traffic parameters prediction [21,22], and missing data imputation [23].

This paper presents the tensor-based method for extracting the road traffic patterns on
a city-wide scale represented by the graph-based map segmentation. Using the method for
detecting the anomalous road segments expands the efforts to use tensor-based methods
in road traffic-related studies. The unsupervised method is proposed, which is validated
using the expert’s knowledge extracted from the HCM.

2.3. Road Traffic Anomaly Detection Approaches

Many anomaly detection methods are developed for specific application domains,
while there are some more generic methods. Review papers on anomaly detection focus
only on some outlier detection categories like statistical or pattern mining methods. Most
of the review papers present anomaly detection methods not explicitly designed for some
area [24]. Schubert et al. [25] presented the review on local outlier detection with an
application on spatial data, video, and network outlier detection methods. In [26,27] the
authors presented an overview of the methods related to the trajectory of data mining
techniques. Methods for various tasks related to the mining of trajectory data are presented,
like trajectory pattern mining, anomaly detection, movement behavioral analysis, and
trajectory classification. Gupta et al. [28] presented the review paper on the detection of
temporal anomalies. It gives an overview of various data types like time series data, data
streams, distributed data, spatiotemporal data, and network data. Methods for anomaly
detection are presented for each data type. The most recent survey paper [29] gives a
comprehensive review of traffic anomaly detection methods in an urban area context. It
divides the anomaly detection methods into two main categories: Trajectory and traffic-
related anomalies.
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There are three general approaches in anomaly detection: (i) Model-based, (ii) proximity-
based and (iii) density-based methods [30]. Model-based methods include statistical models
based on the assumption that normal observation has a much higher probability of occurrence
in the model than the outlier occurrence. Capturing data is fitted to the statistical model,
and a statistical interference test is applied to determine if the data behaves according to
that model or not [31]. Proximity-based approaches are distance-based anomaly detection
methods. Anomalous observations are those values that are the most distant from all of the
other values [32]. Density-based methods estimate the density of observations, and the anomaly
is detected as the observation with low density when compared to its local neighbors [33].

This paper presents the novel paradigm for the anomaly detection of the traffic
networks using the STM. The proposed measure explains an anomalous traffic state as
unexpected traffic flow behavior and avoids detecting the recurrent congestion as an
anomaly as the anomaly is defined as sudden breaks and intense accelerations events. Many
road traffic anomaly detection methods are based on the detection of the large deviations
within the traffic parameter observed in a defined time period. When analyzing the hour-
by-hour data, recurrent traffic congestion could be wrongly detected as an anomaly because
it represents the peak traffic load in rush hours that do not occur simultaneously with
the same intensity on the whole city-wide area. For example, many anomaly detection
methods based on the computation of the traffic volume cannot detect the anomaly in some
time interval if the daily average traffic volume is not changed. Based on the STM, the
proposed approach does not suffer from false anomaly detection, and it is adaptable for
near real-time and real-time anomaly detection applications.

3. Background
3.1. Road Network Elements and Anomaly Definitions

Definition 1. Road network: A road network is represented as a directed graph G = (V, E) where
V is a set of vertices representing the points of connection between two edges and E is a set of edges
of the graph representing the road segments. Every edge ei ∈ E from a graph G represents a road
network segment with the starting vertex vi and the ending vertex vj.

Definition 2. Transition: A transition is a movement of one vehicle between two consecutive road
network segments ei and ei+1. Where origin edge of transition is ei and destination edge is ei+1.

Definition 3. Speed transition: A speed transition is a change in obtained speed when a vehicle is
traveling through one transition. Then, speed on the origin edge ei is named origin speed sO and
speed on the destination edge ei+1 is named destination speed sD. Both speeds are computed as
harmonic mean speeds of all obtained speed values on the origin and destination edges.

Definition 4. Traffic anomaly: This method is focused on two types of road traffic anomalies:
The first one is sudden braking in transition which can be described as a bottleneck start, and the
second type is intense acceleration in transition where vehicles are achieving unexpectedly high
speeds when leaving the congested area. The anomaly is defined as a distance-based approach by
computing the distance between the CoM and the closest point at the diagonal of the STM, dCoM.
The main goal is to find the anomaly distance dA, which is used as a threshold value for the anomaly
detection. Then, if distance from the observed CoM from the diagonal dCoM is larger or equal than
dA anomaly is detected. In Figure 1 two types of anomalies are represented: (a) Sudden breaks and
(b) intense accelerations.
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(a) (b)

Figure 1. Example of two possible anomaly types: (a) Sudden breaks and (b) intense accelerations.

3.2. Speed Transition Matrix

The STM is a novel traffic data representation and modeling technique that captures
the vehicle’s speed at the movement between two consecutive road segments called transi-
tion [34]. It is used to represent the speed probability change, and therefore it represents
the speed probability distribution at one transition in one time interval. The transition is
defined as a spatial change in vehicle trajectory when traveling from edge ei to edge ei+1
in time interval ∆t. As a traffic parameter under observation, the relative harmonic speed
is used. The speed is relative to the speed limit on the observed edge. Two examples of
the transition are visually represented in Figure 2 with red and green colors. Transitions
describe the vehicles that are traveling between edges h− f , and l − g with corresponding
STMs. The STMs represent a very different traffic pattern: (i) On the left-hand side, the
traffic congestion with very low origin and destination speeds, and (ii) on the right-hand
side, stable traffic flow with origin and destination speeds around 60% of the speed limit.
The red circles show the CoM for represented traffic patterns. It can be observed that
the position of the CoM is one of the most important parameters when estimating the
traffic state, and the next chapters will debate how to use the position of the CoM for
anomaly detection.

Figure 2. Transitions (center), congested STM (left), and normal traffic STM (right) examples on a
simple road network.

In this paper, 5% is chosen as the discretization period, and 100% is the maximal possi-
ble speed, which resulted in matrix dimensions of 20 × 20. The STM can be represented as:
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X(∆t) =


p11 p12 . . . p1n

p21
. . .

...
...

. . .
...

pm1 . . . . . . pmn

 (1)

where pij represents the probability of transitioning from speed value i to j.

3.3. Tensors

Tensor T is defined as multi-dimensional array T ∈ RN1×N2×...×NM , where M repre-
sents the order of the tensor (number of dimensions). A vector is then represented with the
first-order tensor, matrix with the second-order tensor, and three or more order tensors are
called higher-order tensors [35]. For the analysis of the road traffic spatiotemporal data,
most authors use a third-order tensor composed using origin × destination × time and
pro f ile× roadsegments× time where profile represents the speed or volume time series on
the observed road network segment. Notations and abbreviations are adopted from Kolda
and Bader [35].

The decomposition method used in this article is the CANDECOMP/PARAFAC
(CP) in its non-negative form. The CP decomposition factorizes a tensor into a sum of
component rank-one tensors. For tensor T CP is the following:

T ≈
R

∑
r=1

ar ◦ br ◦ cr (2)

where R is a positive integer that represents the decomposition rank. Then, rank one
components can be expressed as factor matrices A ∈ ( a(1) a(2) ... a(R)) , B ∈ ( b(1) b(2) ...
b(R)) , and C ∈ ( c(1) c(2) ... c(R)) .

Most of the authors predefined a tensor rank based on the underlying knowledge of
the phenomena that is observed [16]. The Core Consistency Diagnostic (CORCONDIA) [36]
method is used in this paper

4. Methodology

This paper aims to propose a tensor-based road traffic pattern extraction method
for the purpose of spatiotemporal anomaly detection. The proposed methodology is
presented in Figure 3, and encompasses the main steps: (i) Data preprocessing, (ii) grid-
based map segmentation with STMs computation, and (iii) anomaly detection based on
the CoM estimation.

Figure 3. Proposed methodology for the anomaly detection.
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4.1. Grid-Based Map Segmentation

When constructing a tensor, many researchers are using one tensor to model the
spatiotemporal dataset. In this paper, the goal was to extract many different traffic flow
patterns to capture more diverse patterns that are different for many parts of the city. The
grid-based map segmentation approach is used to divide the city into many smaller cells.
Then, for every cell, all transitions were extracted. The cell’s size was fixed to 500 × 500 m.
According to [37], this cell size is sufficient to capture the most important traffic patterns.
Transitions were further filtered by discarding every road segment with a speed limit
smaller than 50 kmph. This filter was used to avoid any possible false anomaly detection
regarding the observed road segments’ low speed or parking lots. There are many different
approaches for map segmentation. This approach is used because this paper aims to find
and analyze the anomalies on a city-wide scale and give an overview of the city’s most
dangerous road segments and possible problems with inadequate traffic signalization.

4.2. Tensor Construction

In this paper, the spatiotemporal tensor composed from the STMs is proposed as a
traffic data modeling method. The tensor is constructed by flattening STMs into matrix
as a frontal slices, placing transitions as spatial components, and adding time intervals as
temporal components, represented in Figure 4. Tensor T ∈ Rm×n×t is constructed, where
m represents the flattened size of the STM, n represents the number of observed transitions
in the road network, and t represents eight time intervals. Frontal slices of tensor T can
be represented with matrix T::t ∈ Rm×n, where every STM matrix X is flattened into a
vector x ∈ Rm×1 and placed into the matrix T::t as column. Dimension m had the value of
400 as STM size is 20× 20. Instead of using one tensor with all the data, data is divided
into several smaller tensors using the grid-based map segmentation, where n represents
the number of the transitions inside one grid cell. Then, the final form of the tensors is
T(1),T(2), ...,T(N) where T(i) ∈ R400×n×8. With the proposed approach, anomalies can be
captured from different parts of the road network, while smaller spatial dimensions of the
cells allows capturing more diverse traffic patterns.

Figure 4. Steps that are describing the tensor construction method using the STMs: (1) Grid-based
map segmentation, (2) STM extraction, (3) tensor construction, and (4) factor matrices.

4.2.1. Tensor Rank Estimation

In this paper, CORCONDIA is applied as the tensor rank estimation method using the
AutoTen algorithm [38]. It is essential to mention that tensor rank estimation methods are
used to get recommendations more than the rank’s exact actual value. The algorithm was
run five times on randomly chosen tensor T(i), and the average estimated rank resulted in
a value of R = 10, which is the rank used for the experiments.

4.2.2. Factor Matrix Discussion

The tensor decomposition resulted in three factor matrices A ∈ R400×10, B ∈ Rn×10,
and C ∈ R8×10 as presented in Figure 4. Factor matrix A consists of extracted characteristic
traffic patterns on the road network. If the column a:j ∈ R400×1 of the factor matrix A is
reshaped into the matrix 20× 20 it represents the characteristic STM (traffic patterns). The
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goal of anomaly detection is to find the anomalous traffic patterns and link them to the
corresponding values in spatial and temporal factor matrices. The matrix B represents
the spatial factor matrix, and the values in the rows bi: represent how well each of the
characteristic STM represents the traffic flow on the corresponding transition on index i.
The values in the columns b:j show how well each characteristic matrix describes each of
the transitions (spatial components) in the observed road network. The matrix C represents
the temporal factor matrix. The values in the rows ci: represent how well each of the
characteristic STM represents the corresponding time interval on index i, and the values
in the columns c:j show how well each characteristic matrix describes each of the time
interval (temporal components). The larger values in the factor matrices B, and C suggest
the greater impact of the spatial or temporal components on the corresponding factor [39].

4.3. Anomaly Detection

When working with traffic data represented by the STM, the anomalous traffic can
be represented by large deviations between origin and destination speeds, which highly
depends on the represented pattern’s position. These dangerous traffic situations can be
identified by the vehicle’s sudden braking, or a very high acceleration, with the corre-
sponding positions in the STM, lower left, and the upper right corner. Then, normal traffic
behavior can be represented if the position of the pattern is close to the diagonal of the
STM. Those values represent normal traffic behavior, which extends from the congested
(upper left corner) to the free traffic flow (lower right corner). All scenarios are illustrated
in Figure 5.

Figure 5. Regions in the STM that shows pattern location importance for anomaly detection.

To amplify the importance of the location of the patterns, the method for the anomaly
detection is based on (i) CoM estimation for the pattern represented by the characteristic
STM, and (ii) measuring the relative distance between CoM and the diagonal of the STM.
CoM is computed for every characteristic STM extracted from the tensor decomposition
method. With this, extracted CoM represents the most probable speed transition in the
characteristic STM. This approach is used because the position of the pattern represented
by the STM is crucial for the traffic state estimation and the anomaly detection [40]. CoMs
are computed based on the computation of the expected value, adopted from [41]. Firstly,
marginal distribution for the coordinates (origin and destination speed) are computed
using Equations (3) and (4):

px(xj) =
m

∑
i=1

pij, j = 1, 2, ..., n, (3)

py(yi) =
n

∑
j=1

pij, i = 1, 2, ..., n, (4)
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where px(xj) and py(yi) represent the marginal distributions for the coordinates. Then, the
CoM coordinates are computed using:

cx =
n

∑
j=1

px(xj) · j, (5)

cy =
m

∑
i=1

py(yi) · i, (6)

where cx and cy represent coordinates of the CoM.
After the CoM estimation, the relative distance between the CoM and the diagonal is

measured using the Euclidean distance. The most suitable anomaly detection method is
chosen by comparison of the most used methods represented in Table 1, that reports the
name of the anomaly detection method, number of anomalies detected, and the lower and
upper bounds. Relative distance from the diagonal values that are placed outside of the
computed bounds are considered as anomalous ones. The box plot method resulted in
detecting the most anomalies, three sigma rule, and MAD resulted in detecting the same
amount of anomalies, while, adjusted box plot detected eight anomalous characteristic
matrices. After examining the relative distance distribution (Figure 6a), the adjusted box
plot is chosen as an anomaly detection method. It is a method that does not take any
parametric assumptions and uses med couple as a robust skewness estimator [42]. Other
methods assume the normal distribution of the data and cannot be used in this case. The
results of applying all the methods can be observed in Figure 6b, where the plotted lines
show the upper bound of the anomaly detection methods with plotted CoMs for every
calculated characteristic STM resulted in tensor decomposition. It can be observed that the
adjusted box plot resulted in detecting only the most anomalous transitions regarding the
anomaly definition presented in Section 3.1.

(a) (b)

Figure 6. Choosing the anomaly detection method: (a) Distribution of the relative distances to the diagonal
of the STM, and (b) CoMs of the characteristic matrices with labeled anomaly measures results.

Table 1. Comparison of the multiple anomaly detection methods

Method N. Anomalies Detected Bounds

Box plot 261 [−15.00, 25.00]

Three sigma rule 58 [−20.12, 39.13]

MAD 58 [−24.38, 38.52]

Adjusted Box plot 8 [−4.65, 46.13]
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The tensor-based anomaly detection method is presented in Algorithm 1. The algo-
rithm begins with the empty lists initialization, namely, list of tensors T and the list of
anomalous characteristic matrices M. Every tensor T(i) is constructed by flattening every
STM recorded inside the spatial cell g(i) ∈ G, and constructing a frontal slice T::t explained
in detail in Section 4.2. Then, on every tensor, the Non-negative Tensor Decomposition
(NTD) is applied to compute three factor matrices. Ai represents extracted traffic patterns,
where every row a:i represent flattened extracted characteristic matrix, Bi spatial factor
matrix, and Ci temporal factor matrix. Then, every a:i is reshaped into two dimensional
STM X(i)

ch and CoM coordinates are computed using Equations (3)–(6). The final step is
the anomaly detection, which is estimated by using two distances dCoM and dA, where
dCoM represents the distance from the CoM to the diagonal of the STM, and dA threshold
distance for the anomaly detection visually shown in Figure 6. The anomaly is detected if
the dCoM is larger or equal than the dA and placed into list M.

Algorithm 1 Tensor-based anomaly detection pseudo code
Input: Spatial cells G, STMs

1: Initialize empty list of tensors T
2: Initialize empty list of anomalous characteristic matrices M
3: for each spatial cell g(i) in G do
4: Construct a new tensor T(i) ∈ Rm×n×t using STMs for cell g(i)

5: Add new tensor T(i) to list T
6: end for
7: for each tensor T(i) in list T do
8: Apply Non-negative Tensor Decomposition on T(i) and store the result in matrices

Ai, Bi and Ci
9: for each flattened characteristic matrix a:i in Ai do

10: Reshape matrix a:i to 20× 20 matrix and set it as X(i)
ch

11: Compute CoM coordinates c(i)x and c(i)y from X(i)
ch

12: Compute distance dCoM between CoM coordinates and the diagonal of X(i)
ch

13: if dCoM ≥ dA then
14: Add X(i)

ch to list M
15: end if
16: end for
17: end for

5. Results
5.1. Data

A real-life dataset was provided by the Mireo Inc. from Zagreb, Croatia [43]. It
consists of large GNSS data collected between 2009 and 2014 by vehicle fleet with the size
of approximately 5000 vehicles (Table 2). The dataset includes around 6.55 billion GNSS
records driven across all Croatia. For this paper, the dataset is filtered to represent data for
the City of Zagreb, as a mid-size city in the European context with a population of around
800,000 people. To lower deviations due to the road traffic seasonality issue [44], weekend
days, the summer months, July, and August are excluded from the dataset. The grid-based
map segmentation and the filtering were applied to the dataset, and the results are shown
in Figure 7, where green represents the cell with the data, and red cells are excluded from
this research.
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Figure 7. Result of the grid-based map segmentation and the data filtering process.

Table 2. Data summary.

Number of GNSS traces 6.55 billion

Sampling rate 100 m/5 min

Time-span August 2008–October 2014

Number of vehicles 4200

Number of road segments (Croatia) 2,000,000

Number of road segments (Zagreb) 86,900

5.2. Anomalous Traffic Patterns

This section shows the evaluation results using the real-life dataset. Figure 8 presents
eight extracted characteristic matrices, with corresponding temporal components, in which
the morning (07:25–08:20) and evening (15:30–17:05) rush hours are labeled with striped
green lines. Figure 9 represents the spatial placement of the extracted anomalous cells,
where every anomaly event is labeled with a letter that corresponds to the Figure 8 labels.

All characteristic matrices, except for (c) example, represent the same anomaly type
as the CoM placed at the matrix’s lower-left corner. This traffic situation is characterized
by sudden brakes and large speed decrease when traveling from origin to destination
links. These situations occur when a vehicle is facing congestion ahead and represent a
potentially serious safety threat. The (c) example is the opposite situation, where the CoM
is placed in the upper right corner. Here, a different but potentially dangerous event occurs,
where vehicles are accelerating from low to very high speeds.

Most of the temporal components indicate that anomalous events occur at rush hours.
It can be observed that the period between rush hours (08:20–15:30) and the evening rush
hour is the most represented case. This claim is justified because in rush hours, many
vehicles are on the roads, and the anomaly probability arises.



Appl. Sci. 2021, 11, 12017 12 of 17

(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 8. Results of the anomaly detection; (a–h) represent characteristic matrices which represent anomalous patterns (left)
with corresponding temporal components (right).

Figure 9 represents the spatial placement of the extracted abnormal cells, where every
anomaly event is labeled with a letter that corresponds to the labels in Figure 8. The spatial
placement of the anomalies indicates two spatial clusters: (i) Edges of the city represented
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with the examples (a), (b), (d), (f), (h), and (ii) city center represented with the examples (c),
(e), and (g). The cluster of transitions placed at the edges of the city points to the congestion
related to daily commuters traveling to work from outside of the city center. By considering
temporal components, it can be observed that the evening rush hour contributes mostly
to the congestion and the anomalous events in the city, with the exception of example
(f), where the anomalous events mostly occur at the morning rush hour. The city center
cluster is characterized by the temporal components that point to the intervals between
rush hours, evening rush hour, and the interval later in the day, after the evening rush
hour. This behavior is mostly attributed to the inefficient traffic signalization, which leads
to the prolongation of the anomaly events mostly caused by the rush-hour congestion.
Similar behavior can be caused by the tourist attractions and other entertainment facilities
provided at the city center. During the transition in example (e), the most congested bridge
in the city was captured. This information indicates the possible usable information for the
urban planners by suggesting the need to build a new bridge that will connect the north
and the south parts of the city.

Figure 9. Positions of the anomalous cells on the map (a–h) represent most anomalous parts of the
traffic network in the City of Zagreb.

5.3. Domain Knowledge Validation

The HCM provides methods for computing relevant traffic parameters to estimate
the capacity and the level of service for different road types [45]. Level of service is
defined using a relative traffic flow speed on the observed road segments, labeled with
letters from A to F, where A represents the best traffic conditions, with vehicle speeds
larger than 80% of the free-flow speed, and F represents the most extreme congestion,
where vehicle speeds are less than 30% of the free-flow speed. The 2000 STMs were
labeled using the HCM data for the level of service. STMs were labeled as anomalous
only if the transition contains a significant change in the level of service, i.e., from A
to F, or from F to A. With this setup, the recurrent congestion was not detected as an
anomaly. In other cases, STMs were labeled as normal. With this setting, only most extreme
anomalies were labeled as abnormal. Firstly, 500 anomalous and 500 STMs without the
anomaly were selected randomly from the labeled data as a training dataset. Then the
results of our approach were compared to the HCM classification as the ground truth.
We report the precision calculated as truepositive/(truepositive + f alsepositive), recall as
truepositive/(truepositive + f alsenegative), and F-1 score in Table 3.

Table 3. Validation results of the proposed method by using the domain knowledge data.

Anomalous STMs Normal STMs Precision Recall F-1

500 500 92.88% 87.55% 90.14%
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5.4. Comparison to Other Approaches

This section compares the proposed approach to other approaches for road traffic
anomaly detection. While there are many tensor-based approaches focused on congestion
estimation, missing data imputation, and event detection, there are only a few specialized
in anomaly detection on urban roads. Table 4 shows several tensor-based approaches
for the anomaly detection of road traffic networks. Most of the authors are using O-D
matrices that show the number of the vehicle (volume) traveling between two points in the
traffic network [9,18,46]. Regarding the potentially large spatial distance between the O-D
pairs, those approaches extract the patterns and detect global anomalies related to traffic
fluctuations [47]. Therefore, most of the authors focus on the detection of the general events
that are related to traffic movements like tourist attractions or other social events [46,48].

Table 4. Comparison of the proposed approach to other approaches for the traffic anomaly detection.

Literature Data Type Traffic Parameter Anomaly Detection

Fanaee et al. [9] O-D matrices (car) Traffic volume Traffic flow or topology

Wang et al. [18] O-D matrices (car) Traffic volume Traffic Flow

Lin et al. [46] O-D matrices (car) Traffic volume Event detection

Chen et al. [48] GNSS (bicycle) Traffic volume Event detection

Lykov et al. [47] Simulation (car) Traffic speed Traffic patterns

This paper focuses on detecting the anomalies that affect the traffic flow on micro-
locations (transitions). The proposed approach is more suitable for detecting anomalies that
could potentially lead to traffic accidents like sudden braking or fast acceleration. Therefore,
this approach can be applied in real-time traffic accident detection and prediction.

Alongside the possible applications of the proposed methodology, some drawbacks
of the method must be addressed in the further research. The anomaly detection method
is based on the speed, which can be lead to false anomaly detection on a short road
segments bounded with the non-synchronised intersections. This is the reason why the
short road segments with the speed limit less than 50 kmph was excluded from this research.
Secondly, more narrow time intervals like 5-, 15-, or 30 min are used in most of the road
traffic related research. Narrower time intervals could provide more informative results
with the possibilities of implementing the method on a real-time case study especially in the
environment with the mixed traffic flows [49]. Further improvements of the method could
also include the analysis of the interactions between the consecutive cells. The modeling
process of the STM should also be addressed. The important parameters of the STM like
size, discretization period, and cell size should be analyzed for optimization purposes.

6. Conclusions

For the development of the more secure, cleaner, and overall more sustainable cities,
traffic congestion and corresponding anomalies must be addressed. This paper presents a
novel method for the extraction of road traffic patterns and anomaly detection using tensor-
based method. It integrates a tensor decomposition with the anomaly detection approach
based on estimating the CoM of the observed traffic pattern represented by the STM. This
method is evaluated on a large real-life GNSS road traffic dataset and validated using
the domain knowledge data. The result presents the valuable traffic insights useful for
the routing application, responsible urban planners, and road infrastructure maintenance
authorities. It can be used as valuable traffic information about the need for infrastructure
expansion, additional improvement strategies, or to analyze the traffic influence of the new
road infrastructure.

Compared to other approaches related to road traffic anomaly detection, the proposed
method is more focused on detecting the anomalies that affect the traffic flow and could
lead to dangerous situations and, consequently, to traffic accidents. Furthermore, anomaly
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detection will include the expansion of the proposed method for the real-time anomaly
detection framework.
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