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SHORT SUMMARY

Tensor-based models emerged only recently in the field of traffic data analysis. They out-
perform other data models because they can simultaneously capture both spatial and temporal
components of the observed traffic data. In this paper, the Non-negative Tensor Decomposi-
tion (NTD) method is used to extract traffic patterns in the form of Speed Transition Matrices
(STM). The traffic pattern anomaly is estimated using Kullback–Leibler Divergence (KLD) be-
tween the observed traffic patterns and the average traffic pattern. Anomalous traffic patterns
are then clustered using Agglomerative Clustering (AC), regarding its temporal components.
Experiments were conducted on the large sparse Floating Car Data (FCD) for the most rel-
evant road segments in the City of Zagreb, Croatia. Results show that the method was able
to detect and cluster the most anomalous spatiotemporal traffic patterns, representing the
traffic on the observed road segments. Valuable traffic insights can be extracted by using the
proposed method, including the location and the cause of traffic anomalies. Therefore, such
traffic information can be used in routing applications and urban traffic planning.
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1 Introduction
Anomaly detection can be defined as a process of finding unexpected behavior of some instances
in the observed set of data. The importance of anomaly detection and analysis in the urban road
network lies in the potentially useful, actionable information for the domain of the Intelligent
Transport Systems (ITS). The traffic patterns that indicate anomaly on the urban road networks
could identify the severe traffic accident, traffic congestion, or a violation of the regulations.
With the rising of the new technologies in the traffic networks like Connected and Autonomous
Vehicles (CAVs), Cooperative ITS (C-ITS), etc. traffic management systems must be ready to
cope with challenges that new technology brings. The detection of the anomalies in such networks
is crucial to provide a traffic insight that can improve traffic safety, routing of the vehicles, and
provide actionable information for the traffic management systems based on the ITS.
In this paper, a method is presented with the goal to detect and cluster the spatiotemporal anoma-
lies on the urban road network. The proposed method consists of the three main steps: (i) data
preprocessing and generation of the STMs, (ii) anomaly detection based on the NTD and the
KLD values, and (iii) clustering of the anomalous spatiotemporal traffic patterns represented by
the STMs. As input to the decomposition method, the spatiotemporal tensor is used, which is
composed of the flattened STM, transitions (spatial component), and time intervals (temporal com-
ponent). Temporal components are further used to cluster the anomalous traffic patterns. The
patterns are arranged to clusters based on the similarity of the corresponding temporal components
that indicates the time interval in which anomaly occurs.
In this work, the problem of the large sparse GNSS data analysis using NTD is addressed to detect
and cluster the traffic anomalies. The conventional way of representing the traffic data is by using
the time series represented with vectors (Erdelić, Ravlić, & Carić, 2016). The largest limitation
of the techniques based on the data represented by vectors is that it can not take into account
spatial components, such as the spatial correlation between road traffic segments. In contrast,
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matrix models can model more complex behavior of the traffic data (Ma et al., 2017; H. Nguyen,
Liu, & Chen, 2017). They can be used to extract spatial and temporal dependencies between the
observed traffic parameters, but only if a matrix can represent spatial and temporal components. If
the standard origin-destination matrices are used, one more dimension must be added to represent
the temporal component. Tensor constructed by using STMs does not suffer from large deviations
as data is not aggregated in such a way. The method is proposed to overcome the mentioned
limitations regarding the analysis of sparse GNSS datasets.

2 Methodology

2.1 Tensor decomposition
Tensors are multidimensional arrays, or more formally, products of N vector spaces. A first-order
tensor is a vector, second-order represents a matrix, and three or more order tensors are called
higher-order tensors (Kolda & Bader, 2009). For spatiotemporal traffic analysis, authors mostly use
a third-order tensor composed using origin×destination×time and profile×roadsegments×time
where profile represents the speed or volume time series on the observed road network segment.
The well-known tensor decomposition method, CP, in its non-negative form, is used to extract the
spatiotemporal traffic patterns. 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 (1)

where R is a positive integer that represents the decomposition rank. 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)) .
In most papers, there is an assumption that tensor rank can be determined in advance with
specific knowledge of the phenomena under observation (Wang, Gao, Cui, Li, & Xiong, 2014).
In this paper, Core Consistency Diagnostic (CORCONDIA) (Bro & Kiers, 2003) method for the
tensor rank estimation using AutoTen algorithm is applied to determine the best match for the
experiment. The algorithm resulted in R = 10, which is the rank used for the experiments.

2.2 Transition matrix
For this research, the STM as a form to represent large sparse FCD data is used, where STM rep-
resents the probability of changing the speed value when a vehicle travels between two consecutive
network segments. In this paper, a road network is represented as a directed graph G = (V,E)
where V is a set of vertices representing the intersections, and E is a set of edges representing road
segments which connect two adjacent intersections. The transition is defined as a spatial change in
vehicle trajectory when traveling from edge ei to edge ej in time interval t. As a traffic parameter
under observation, the average speed is used. Average speed is calculated on ei and labeled as the
origin speed so and average speed on the ej segment is labeled as destination speed sd. The STM
X is constructed as follows. First all the changes from so and sd between ei and ej are counted
in time interval t. Each obtained value will represent the count of transitions between so and sd.
The speed counts are further transformed into the speed transition probability distribution to get
the probabilities for every transition. Values are put into the matrix X, and its dimensions depend
on the chosen resolutions of the speed change and the maximal speed that can be captured. In
this paper, 5 km/h is chosen as the discretization period and 100 km/h for the maximal possible
speed, which resulted in matrix dimensions 20 × 20. Eq. (2) presents the STM where values xij

represent the probability that vehicle had origin speed so and destination speed sd in the observed
transition at time interval t.

X =


x11 x12 . . . x1n

x21
. . .

...
...

. . .
...

xm1 . . . . . . xmn

 (2)
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2.3 Factor matrix discussion
Result of the tensor decomposition can be represented with three of the factor matrices A ∈
R400×10, B ∈ R100×10, and C ∈ R8×10. Factor matrix A consists of extracted characteristic
traffic patterns on the road network that is under observation. If the columns a:j ∈ R400×1 of the
factor matrix A are reshaped into the matrix 20 × 20 it represent the characteristic STM (traffic
patterns). The 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 values in the columns b:j
shows 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, while the values
in the columns c:j shows how well each characteristic matrix describes each of the time intervals
(temporal components). Temporal components are used to cluster the anomalous traffic patterns.

2.4 Anomaly detection
Anomaly detection is divided into four steps. After the tensor size is defined, in the second step,
non-negative CP decomposition is applied on every input tensor T(i). Decomposition resulted in
three matrices Ai, Bi, and Ci that represent characteristic STM, spatial, and temporal compo-
nents, respectfully. The second step is calculating the difference between the characteristic and the
average STM labeled as M. Every column of the factor matrix a:j is reshaped to matrix 20×20 to
represent calculated STM characteristic matrix Xir where r is a rank number. The KLD values are
used as a distance measure because STM represents the speed transition probability distribution.
The standard anomaly classification method for KLD values is used. The characteristic matrix
that has a KLD value larger than Q3+1.5∗IQR from all calculated KLD values are declared as an
anomaly, which concludes step three. The last step is related to detecting the anomalies for every
characteristic STM matrix Xir. For each input tensor T(i), for every calculated Xir, if KLD is
larger or equal than Q3+ 1.5 ∗ IQR, then Xir will be declared as characteristic STM representing
the anomaly.

2.5 Clustering analysis
The clustering aims to find groups of the anomalous STM patterns based on its temporal char-
acteristics. The hierarchical clustering is chosen because this approach constructs a hierarchical
representation of a dataset that provides an overview of the distribution of existing congestion
patterns and provides the ability of reproducibility of resulting clusters (T. T. Nguyen, Krish-
nakumari, Calvert, Vu, & van Lint, 2019). There are two types of the hierarchical clustering:
(i) agglomerative, and (ii) divisive. The approaches differ by way of constructing the binary tree
representation. The agglomerative approach uses a top-down and divisive approach to use the
bottom-up strategy. In this paper, the agglomerative approach is used. It initiates each pattern
as a single cluster and measures the distance between patterns or intermediate clusters. Then, in
every iteration, it combines the two closest patterns into a new cluster. This process is finished
when only one cluster remains.

3 Results and discussion
This section presents the data and the results of a conducted experiment on detecting and clustering
traffic flow anomalies.

3.1 Data
The FCD is used based on the Global Navigation Satellite System (GNSS) data acquired from
the vehicles equipped with the tracking devices. Each record contains a time-stamp, geographical
longitude and latitude, speed, and heading. GNSS data for the road network of Croatia were
recorded for five years between August 2009 and October 2014 by approximately 4200 by tracked
vehicles. The tracked vehicle fleet is versatile and mostly consists of delivery vehicles (vans and
caddies) and taxi cars. Summer months and weekend days are excluded from the data because
they show significantly different traffic behavior compared to the rest of the year and working days
data (Carić & Fosin, 2020; Żochowska & Karoń, 2016).
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3.2 Spatiotemporal traffic patterns
The conducted experiment resulted in 140 extracted traffic patterns in the form of the characteristic
STM. After the anomaly detection method is applied, 34 anomalous characteristic matrices were
extracted with different temporal characteristics. Anomalous characteristic matrices show the
largest probability that vehicles had very low speeds on the observed transitions.

3.3 Spatiotemporal anomaly clusters
Results of the hierarchical AC clustering can be effectively represented by dendrograms (T. T. Nguyen
et al., 2019). Branches represent the distance between the clusters, and leaves represent the orig-
inal data. In this paper, the distance between clusters is estimated using the euclidean distance,
and the leaves represent the anomalous temporal factors IDs. A dendrogram is cut on the height
value of the 0.7 therefore, six clusters are formed. Every cluster represents the temporal factors
grouped by similar temporal characteristics. This clustering approach can give valuable traffic
insights regarding the anomalies that do not occur in the rush hours.
Clusters 1 and 2 represent the anomalies that occur early in the morning before morning rush
hour. If located on the map, it can bee seen that those anomalies are located on the edges of
the city. This indicates the significant traffic demand caused by commuters living far from the
city and having to travel to a distant working location. Cluster 3 represents the anomalies that
occur mostly between rush hours and after evening rush hour. This behavior could indicate that
congestions are prolonged after peak hours due to inefficient traffic regulation. Cluster 4 represents
the temporal anomalies that are indicating that anomaly can occur in an almost random fashion
at any time interval. These transitions need to be analyzed separately in order to extract useful
traffic insights. Cluster 5 is the largest cluster. As expected, most anomalies start at the morning
peak hour, between peak hours intensity decreases, and starts again in the evening peak hour.
This kind of behavior is most common for the most congested road segments in the urban road
networks. Cluster 6 represents the temporal components that indicate that anomalous behavior
occurs almost exclusively in one or both peak hours. This behavior is similar to the Cluster 5 and
represents the most congested road segments.

4 CONCLUSIONS
In this paper, the method for anomaly detection and the clustering of the anomalous traffic patterns
on the urban road network is presented. The conducted experiment indicates that a method
can be used to detect spatiotemporal anomalies or to detect the most anomalous road traffic
segments. Also, the traffic patterns are clustered based on their temporal components. That
analysis shows the clusters of the anomalous patterns that occur in the time intervals that are
not usual like anomalies in the rush hours. The result presents the valuable traffic insights useful
for the routing application, especially in non-rush hour periods, responsible urban planners, or to
the road infrastructure maintenance authorities. It can be used as insights about the need for
infrastructure expansion, additional improvement strategies, or to analyze the traffic influence of
the new road infrastructure.
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