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The increased development of the urban areas consequently results in a larger number of vehicles 

on the road network, leading to traffic congestion, especially in the rush hours. Intelligent Transport 

Systems (ITS) solutions present the applications that can be useful in detecting and dealing with the 

problems that are related to congestion. This paper presents a method for traffic state estimation and 

anomaly detection on urban roads using the tensor decomposition method. The method is composed of 

several steps: (i) computation of the Speed Transition Matrices (STMs) for every observed transition 

on the observed traffic road network, (ii) dividing the observed area (the city) using the grid, (iii) 

composing the tensor for every cell in the grid, (iv) tensor decomposition to extract the traffic patterns 

and its spatial and temporal characteristics, (v) classification of the traffic patterns to estimate the traffic 

state and (vi) clustering of the characteristic spatiotemporal patterns. 

The challenge of quantifying the congestion on road networks becomes more important with 

expanding the urban areas. That is why many traffic state estimation approaches are developed using 

the more available spatiotemporal datasets. The congestion can be quantified using the traffic 

parameters such as speed, travel time, volume, etc. In this paper, the harmonical vehicle speed computed 

using the Global Navigation Satellite System (GNSS) data is chosen as the traffic parameter for the 

congestion quantification. The speed represents a good measure for quantifying the congestion because 

the congestion is a function of speed reduction related to an increase in time travel, fuel consumption, 

and emissions. 

The anomaly detection process aims to find unexpected or significantly different behavior of 

some data instances in the observed dataset. This research topic brings together the research from the 

ITS because anomaly detection is one of the crucial parts that point to dangerous and potentially life 

harmful situations on the road traffic network [1].  

Tensors are generalization for matrices and vectors. But term "tensor" is almost exclusively used 

for the notation of multidimensional arrays. A vector is a first-order tensor, a matrix is a second-order 

tensor, while three or more order tensors are noted as higher-order tensors. In papers where authors are 

dealing with the spatiotemporal datasets, authors are commonly using higher-order tensor, mostly third 

order. Two most used tensor types are constructed (1) using origin-destination matrices (origin area x 

destination area x time) where cells are representing the number of vehicles that are traveling between 

origin-destination, or (2) using time-series data like speed or traffic volume (time-series x road segments 

x time) [2]. 

Given a GNSS data set, the goal is to obtain a method for spatiotemporal congestion pattern 

extraction on the urban road network to estimate the traffic state and detect recurrent traffic flow 

anomalies. The first step is STM computation for every observed transition on the observed urban road 

network. The second step is to divide the urban road network into smaller, more compact parts. This 

step must be performed because it would not be useful if all the data from one city is aggregate into one 

tensor. With the analysis of smaller parts of the city, more diverse traffic patterns can be captured. Some 

spatiotemporal traffic patterns specific for some regions (city center, business districts, residential area, 

etc.) can be captured. For this paper, we decided to use the grid-based method, where every cell of the 

grid represents one part of the urban road traffic network. The cells' size is fixed to 500 x 500 m used 



in our previous studies and showed good results. The third step includes the construction of a tensor for 

every cell of the urban road network. Every STM that is spatially included in the cell is used to construct 

a tensor in the following way: one column of the tensor's frontal slice includes STM flattened as a 

vector. We will then construct the tensor using eight frontal slices that represent the time intervals used 

in this study. Time intervals are defined as follows: (i) 05:30-06:45 as morning interval with very small 

traffic volume, (ii) 06:45-07:25 as interval before the morning rush hour, (iii) 07:25-08:20 as morning 

rush hour, (iv) 08:20-15:30 as the interval between morning and evening rush hour, (v) 15:30-17:05 as 

evening rush hour, (vi) 17:05-19:00 as interval after evening rush hour and (vii) 19:00-22:00 as an 

interval that represents evening traffic conditions, and (viii) 22:00–05:30 as the night interval. With this 

separation, the traffic rush hours are highlighted regarding other intervals during the day. 

The next step is applying the PARAFAC/CP tensor decomposition method in its nonnegative 

form. The result of the composition are three matrices that represent traffic patterns, spatial and temporal 

characteristics, respectively. The classification of the traffic patterns will be conducted using a method 

presented in [3]. Here, the Center of Mass (CoM) for every traffic pattern represented by the STM is 

computed. The position of the CoM will indicate the traffic state on the observed transition. As an 

extension of traffic state estimation, the method for anomaly detection is proposed. The anomaly 

detection method is based on computing the distance between the observed CoM and the diagonal of 

the observed STM. As shown in [3], the instances that are closer to the diagonal represent the normal 

traffic behavior that can be characterized by assigning to one of three classes, namely "Free flow", 

"Stable flow", and "Congestion". On the other hand, we propose a new metric for anomaly detection, 

which corresponds to the distance from the diagonal. With this assumption, two extreme CoM values 

can be observed: (i) lower-left corner and (ii) upper-right corner of the STM. The first value represents 

the traffic flow characterized by very high-speed values on the origin link and very low-speed values 

on the destination link. This phenomenon is in the literature named the bottleneck and represents the 

arrival at the beginning of the queue caused by some unexpected event or serious congestion. The 

second value represents the clearance of the mentioned phenomena because the speed values are 

transiting from very low to very high values.  

Classification of the results is validated using the dataset labeled with the domain knowledge 

values from the HCM. The HCM is the most widely used manual consulted for various problems in the 

traffic engineering domain like traffic planning, traffic lights implementation, etc. We used the Level 

of Service (LoS) values based on the relative speed (relative to the free flow speed) to label the 

validation dataset. The total accuracy of the validation resulted in 91%, while the precision for classes 

"Free flow", "Stable flow", and "Congestion" resulted in 99%, 83%, 100%, recall in 95%, 100%, 90%, 

and the F1-score in 97%, 90%, 89%. 

In this paper, we propose a method for traffic state estimation and anomaly detection. The traffic 

data are modeled as the STMs representing the speed probability distributions when a vehicle transitions 

between two consecutive links. The tensor is constructed using the eight time intervals, and all the 

STMs spatially belonging to some cells in the grid-based traffic network representation. The method is 

evaluated using real-life GNSS data. The validation is conducted using the domain knowledge data 

extracted from the HCM and resulted in 91% of the total accuracy. Future research direction is related 

to the clustering and the in-depth analysis of the spatial and temporal traffic patterns, especially related 

to anomaly detection. 
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