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SPEED TRANSITION MATRIX FEATURE EXTRACTION FOR TRAFFIC 
STATE ESTIMATION USING MACHINE LEARNING ALGORITHMS 

ABSTRACT 

Feature extraction is a crucial part of data preparation when using machine learning algorithms, 
especially for emerging datasets. The Speed Transition Matrix (STM) emerged only recently as a traffic 
data modeling technique. In this paper, key features from STMs are extracted and proposed for traffic 
state estimation. This step simplifies the learning process and the interpretability of the results obtained 
when estimating the traffic state using the STMs. Using the proposed features, traffic state is estimated 
for the most crucial road segments in the City of Zagreb, Croatia. The method is evaluated on some of 
the most used machine learning algorithms, with the highest accuracy value obtained with decision 
tree and random forest algorithms with scores higher than 99%. 
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1. INTRODUCTION 

Traffic state estimation is a vital research topic for transport engineers, especially when dealing 
with congestion estimation or traffic incident detection. Traditionally, traffic state estimation studies 
used theoretical mathematical models to describe the observed traffic flows. The main criticism of 
these kinds of traffic modeling is received regarding the questionable ability for applications in real-
world scenarios. On the other hand, data-driven models emerged due to the deployment of various 
traffic sensors [1] and increased development of data processing techniques that followed after an 
exponential increase of computing power in the recent decade [2], [3]. 

STM emerged only recently as a novel traffic data modeling technique. It finds its usages across 
many fields that are part of Intelligent Transport Systems (ITS)[4], such as providing route or traffic 
information [5] or detection of road traffic anomalies [6], [7]. The main advantage of STM is that it 
does not suffer from the large deviations in the dataset as data is not aggregated in narrow time 
intervals. Moreover, STM can be processed as a classical matrix or as a traffic image [8]. In both cases, 
it is suitable for some advanced algorithms like tensor decomposition or Convolutional Neural 
Networks (CNNs). 

There are two most dominant approaches for feature extraction from road traffic data in the 
literature: (i) utilization of information regarding dependencies in traffic flows provided by a researcher 
and (ii) automatic extraction of features using deep learning or machine learning approaches [9].  

Authors in [10] introduced a network weight matrix that utilizes traffic network graph 
characteristics. They combined features related to graph characteristics like betweenness centrality 
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and traffic characteristics by weighting the graph with traffic volume. In [11], the authors proposed 
extracting visual features from traffic images that represent speeds on the observed highways. The 
feature extraction was done using point-based methods to extract local features (corners, blobs, etc.) 
and area-based features for more high-level features (shapes or areas). Authors in [12] extracted 
spatio-temporal traffic-related features using Locality Sensitive Discriminant Analysis (LSDA) with the 
goal of dimensionality reduction. CNN is the most used deep learning method for automatic feature 
extraction suited for the analysis of datasets represented as images. Authors in [8] used CNNs for 
automatic feature extraction with the goal of short-term speed prediction on urban roads. In [13], 
authors proposed combining Long Short-Term Memory (LSTM) and CNN for automatic feature 
extraction from traffic images. The main goal was long-term traffic state prediction by considering 
spatial and temporal components of the traffic network. 

In this paper, we propose a method for extracting some of the most notable features from STM to 
enable simple clustrering machine learning algorithms. This approach provides a more straightforward 
learning process, more interpretable results regarding the usage of more interpretable machine 
learning algorithms, and better results when a smaller amount of data is used as those algorithms 
require less data to train when compared to deep learning algorithms. The main advantage of the 
proposed feature extraction method is combining visual- and traffic-related features. 

Contributions of this paper are as follows: (i) method for feature extraction from the STM traffic 
data model, (ii) extracted set of features that can be used for describing the STM, (iii) evaluated results 
on most used machine learning algorithms using the large Global Navigation Satellite System (GNSS) 
dataset. The used code for this research is publicly available on the Github repository  [14]. 

The rest of the paper is organized as follows. In Section 2, the methodology overview is given. 
Section 3 represents the data and the obtained results for the feature extraction method evaluated on 
different machine learning algorithms. Finally, section 4 gives final remarks, conclusions, and future 
work recommendations. 

2. METHODOLOGY 

This paper presents a methodology for extracting the features from the STM by following steps 
represented in Figure 1: (i) STM computation from raw GNSS data, (ii) extraction of visual- and traffic-
related features, and (iii) evaluation using the most used machine learning algorithms.  

 
Figure 1. Overview of the methodology used for STM feature extraction 

Source: Authors 
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2.1 Speed transition matrix 

Concept of the STM origins from a transition matrix explained in the Markov chain theory, where 
every matrix cell represents the probability of transition between two states of the system. The STM 
can be defined as a transition matrix that shows the probability of vehicle speed transition between 
two consecutive links in the road network, observed in the time interval ∆𝑡, where speed is computed 
as a harmonic speed of the vehicle.  

Figure 2 represents the example of the STM construction and visualization of two examples, normal 
traffic pattern and congested traffic pattern. Example in Figure 2 (b) illustrates two transitions labelled 
with red and blue colours, where 𝑐 and 𝑏 links represent the origin and 𝑓 and 𝑔 links represent the 
destination links of the observed transitions. Then, the STM is constructed as follows: (i) for each 
vehicle that was traveling through observed transition, harmonic speed on the origin and the 
destination link is computed, (ii) all speeds are represented by the relative speed (0-100 %), relative to 
the speed limit on the observed link, (iii) all speed transitions between origin and destination links are 
counted within specified time interval ∆𝑡 and placed into the matrix, and (iv) counts are transformed 
into the probability by dividing each cell with the sum of all counts.  

The STM can be defined as a matrix 𝑋 as follows: 

 
𝑋 = (

𝑝11 𝑝12 ⋯ 𝑝1𝑛

𝑝21 ⋱ ⋮

⋮ ⋱ ⋮
𝑝𝑚1 ⋯ ⋯ 𝑝𝑚𝑛

) 

 

(1) 

where 𝑚 is the index that represents origin speed values 𝑖 = 5, 10, … , 𝑚, 𝑛 represents the index of 
destination speed values 𝑗 = 5, 10, … , 𝑛, and 𝑝𝑖𝑗  represents the probability of transition between 

harmonic speeds 𝑖 and 𝑗 on the observed road segment at time interval ∆𝑡.  

Dimensions and of the STM depends on the chosen harmonic speed resolution discretization value. 
In this paper, 5 km/h is chosen as a discretization value, and the 100 % is the maximum relative speed 
value. Then, those values define the STM dimensions of 20×20.  

 

 

  

(a) STM construction 
example 

(b) STM – normal traffic pattern (c) STM – congested traffic pattern 

Figure 2. STM computation and visualization 
Source:[5] 
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2.2 Visual pattern feature extraction 

Regarding the previous research [5], the most important visual feature of the STM is the position 
of the represented traffic parameter. In this paper, we added one more feature responsible for 
describing the quality of represented traffic patterns. The introduced feature is the percentage of the 
traffic pattern area coverage compared to the total area of the STM. Visual features are represented 
in Figure 3. 

  

(a) Dense traffic pattern  (b) Dispersed traffic pattern 

Figure 3. STM feature percentage of the traffic pattern area coverage 
Source: Authors 

The traffic pattern area coverage percentage is a feature that shows the dispersity of the obtained 
traffic pattern. It can be concluded that patterns with less disparity represent more quality patterns 
because the position of the pattern can be estimated with higher precision. The patterns with large 
dispersity represent STMs with almost random behavior. These patterns can indicate more unstable 
traffic flow or invalid STM if not enough data is provided. 

2.3 Road traffic feature extraction 

Road traffic features are related to extracting the features related to determining the traffic state 
on the transition represented by the corresponding STM. Figure 4. represents the proposed method 
that is based on determining the common areas of the STM. 

 

Figure 4. Five defined areas for road traffic STM feature extraction 
Source: Authors 
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We propose five common areas in the STM: (i) congested area, which represents vehicles that had 
very low speed on the origin and destination links, (ii) unstable area, that represents vehicles with 
speeds of 30- to 60% of the speed limit on the origin and destination links, (iii) free-flow area, that 
represents vehicles with high speed on the origin and destination links, (iv) sudden breaks area, that 
represents vehicles that had a large origin and very low destination speed, and (v) intense acceleration 
area, that represents vehicles with the small origin and very large destination speeds. For every area, 
we extract the probability that vehicles are caught inside the observed area. With this setting, we 
extracted five traffic features. Other four areas of the STM are not addressed in this research. 

2.4 Data labeling 

The data labeling process is related to assigning class membership to the test dataset containing 
the STMs using the domain knowledge data extracted from the HCM [15]. HCM defines six levels of 
service for road segments that are based on driving speed values, from A to F, where LoS A represents 
free-flow driving conditions with vehicle speeds larger than 80% of the free-flow speed, and LoS F the 
worst driving conditions with vehicle speeds that are less than 30% of the free-flow speed. The data 
labeling technique is adopted from [5], where authors labeled STM data into three classes: (i) free-
flow, (ii) unstable flow, and (iii) congestion. The labeled data is used as a ground truth when comparing 
the performance of machine learning algorithms. 

2.5 Machine learning algorithms 

K-Nearest Neighbors (KNN): The KNN algorithm stores new data in the data category based on the 
match between the new data and the available data, which has the most similarities to the available 
categories based on distance. The algorithm is used for classification problems and regression (Figure 
5). 

 

Figure 5. KNN algorithm example 
Source: Authors 

KNN can be explained based on the below algorithm: 

1) Initialize the positions for the 𝐾 number of neighbors (centroids). 

2) Using the Euclidean distance, it is necessary to calculate the distance between all points to 
𝐾 neighbors. 

3) For each data point, find the nearest centroid and assign it to the centroid. 

4) Move centroids to the point that represents the mean of all data points assigned to the 
centroid. 

5) Repeat 3) and 4) until convergence or a maximum number of iterations. 

Decision Tree (DT): The DT algorithm is a classifier constructed per tree. In the inner nodes of the 
tree are the features of the dataset, decision rules are placed in the branches, and each node of the 
leaf represents the result. There are two nodes for decision: leaf node and decision node. Decision 
nodes make decisions and branch further, and the leaf node does not contain further branches. The 
algorithm begins with the tree's root node and compares the values of the root attribute with the 
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record attribute. The algorithm based on comparison follows the branch and skips to the next node. 
The process is repeated until the algorithm reaches the leaf node of the tree. 

Logistic Regression (LR): The LR algorithm predicts a categorically dependent variable using a given 
set of independent variables. The outcome of the algorithm must be a categorical or discrete value 
(yes, no), (0, 1), or (true, false). Instead of the stated values, the results range between 0 and 1. LR 
gives a letter-shaped function "S," and it predicts two maximum values (0 or 1) and indicates the 
probability (Figure 6).  

 

Figure 6. Example of the logistic function 
Source: Authors 

Naive Bayes (NB): The NB algorithm bases its classification procedure on Bayes theorem with 
conjecture about independence among predictors. The Bayes classifier comes down to the assumption 
that a particular feature in a class is not related to the presence of another feature. This algorithm is 
easy to design and helps with working with large data sets. 

Bayes theorem gives its result from the calculation for the probability 𝑃(𝑐|𝑥) from 𝑃(𝑐), 𝑃(𝑥) and 
𝑃(𝑥|𝑐): 

 𝑃(𝑐|𝑥) =
𝑃(𝑥|𝑐) 𝑃(𝑐)

𝑃(𝑥)
 (2) 

 𝑃(𝑐|𝑋) = 𝑃(𝑥1|𝑐) ∗ 𝑃(𝑥2|𝑐) ∗ … ∗ 𝑃(𝑥𝑛|𝑐) ∗ 𝑃(𝑐) (3) 

where 𝑃(𝑐|𝑥) is the posterior probability of class (𝑐, target) given predictor (𝑥, attributes), 𝑃(𝑐) is the 
prior probability of a class, 𝑃(𝑥|𝑐) is the likelihood, which is the probability of predictor given class, 
and 𝑃(𝑥) is the prior probability of predictor. 

Random Forest (RF): The RF algorithm uses subsets of the obtained data set to make a series of 
decision trees and takes their average, and using it gives better predictive accuracy. RF does not use a 
single decision tree but takes predictions from all trees and based on the largest number of prediction 
votes, determines the result. Thus, the greater the number of trees in the forest, the algorithm has 
greater the precision. The algorithm works in two steps: in the first step, a random forest is created by 
combining the decision tree, and in the second step predicts the outcome for each tree created in the 
previous step. 
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3. RESULTS 

This section presents an overview of used data and the results of STM feature extraction. 
Experiments were done using Python programming language, with additional packages: NumPy [16], 
Pandas [17], and Sklearn [18].  

3.1 Feature extraction 

As previously mentioned in section 2, visual- and traffic-related features were extracted from the 
STM. The feature extraction resulted in a list of features represented in Table 1. 

Table 1. List of the extracted STM features 

Source: Authors 

 

3.2 Data 

For this research, a real-life dataset was used that consisted of large GNSS data collected by vehicle 
tracking devices. The data is collected between 2009 and 2014 by approximately 4,200 vehicles. The 
dataset contains 6.55 billion records driven across Croatia. In this research, we used the data collected 
in Zagreb, which is by far the largest city in Croatia, with a population of more than 800,000 citizens. 
To mitigate traffic seasonality effects, weekend days, the summer months, July, and August are 
excluded from experiments. Table 2. presents a summary of the collected dataset. 

Table 2. Data summary 

Source: Authors 

 

From the obtained dataset, 47,578 valid STMs were extracted, where every STM with at least 100 
recorded vehicles is considered valid. After the STM computation, STM features are extracted with the 
resulting Pandas DataFrame represented in Table 3. For convenience, only the first ten rows are 
shown.  

 Feature name Abbreviation Usage 

Visual features 

Center of mass (x 
coordinate) 

𝑐𝑥 
To determine the position 

of the observed traffic 
pattern represented with 

STM. 
Center of mass (y 

coordinate) 
𝑐𝑦 

Area 𝐴 
To determine dispersity of 

the traffic pattern. 

Road traffic features 

Percentage of vehicles in 
congested area 

𝑝
𝑐𝑔

 

To determine the 
percentage of vehicles in 

each area. 

Percentage of vehicles in 
unstable area 

𝑝
𝑢𝑛

 

Percentage of vehicles in 
free-flow area 

𝑝
𝑓𝑓

 

Percentage of vehicles in 
sudden breaks area 

𝑝
𝑠𝑏

 

Percentage of vehicles in 
intense acceleration area 

𝑝
𝑖𝑎

 

Number of GNSS traces 6.55 billion 

Sampling rate 100m/5 min 

Time-span August 2008–October 2014 

Number of vehicles 4,200 

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

Number of road segments (Zagreb) 86,900 

Number of STMs (after filtering) 47,578 
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Table 3. Example of the extracted STM features formatted as a Pandas DataFrame used as an input to machine 
learning algorithms 

Source: Authors 

 

3.3 Evaluation 

The results of the STM feature extraction were evaluated on five common machine learning 
algorithms: KNN, DT, LR, NB, and RF. For each algorithm, the classification results are compared with 
the ground truth values explained in section 2.3. The goal of the classification was to classify an input 
STM in one of the three traffic state classes “congestion”, “unstable”, and “free-flow”, based on the 
ground truth. The input dataset was divided into training and test sets by using the standard ratio of 
30% for test and 70% for training. 

 

a) Results of the overall accuracy 

 

 

b) Results of the precision, recall an F1 score 

Figure 7. Comparison of the accuracy for all evaluated algorithms 
Source: Authors 

Figure 7. a) presents the results of the total accuracy across every considered machine learning 
algorithm. The best results are obtained by DT and RF with over 0.99 of the accuracy. The worst 
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performing algorithm was NB, with an obtained accuracy score of 0.90858. Figure 7. b) presents the 
results of the precision, recall, and F1 score values, where calculated precision as 𝑇𝑃/(𝑇𝑃 + 𝐹𝑃), recall 
𝑇𝑃/(𝑇𝑃 + 𝐹𝑁), and F-1 as a harmonic mean between precision and recall, here 𝑇𝑃 stands for true 
positive, 𝐹𝑃 for true negative, and 𝐹𝑁 for false negative values. The result confirms DT and RF as the 
best performing algorithms with precision, recall, and F1 scores larger than 0.99. 

Figure 8. presents confusion matrices for every considered machine learning algorithm. Most of the 
algorithms obtained an accuracy score for every class of more than 0.90 (in some cases, visualization 
framework rounded values larger than 0.9999 to 1). The lowest-performing algorithms were KNN and 
NB, but only for the class that represented congestion, with an obtained accuracy score of 0.87. These 
algorithms could not separate classes that represent congested and unstable traffic states due to the 
similarity between classes. 

  

a) KNN b) DT 

  

c) LR d) NB 

 

e) RF 

Figure 8. Confusion matrices for each evaluated machine learning algorithm 
Source: Authors 
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4. CONCLUSION 

In this paper, a method for feature extraction from STM is presented. Two types of features are 
presented, visual- and traffic-related. The research goal was to adopt the STM for traffic state 
estimation using well-known machine learning algorithms. The features are evaluated on the most 
used machine learning algorithms, with the best results for DT and RF algorithms with the obtained 
accuracy score of more than 99%. Future research on this topic is related to the automatic extraction 
of the STM features. The possible method for this task is CNN automatically extracts visual features 
from the given images. 
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