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Abstract. Today, urban growth, increased vehicular traffic and conges-
tion have become a key challenge in cities. As a consequence, negative 
effects on mobility are generated, such as longer travel times, increased 
environmental pollution, stress for drivers, and difficulties in urban traffic 
planning and management. Understanding and analyzing congestion pat-
terns is essential to effectively address this problem and develop more effi-
cient traffic management strategies. Some research has proposed various 
solutions to address vehicular congestion, such as the use of algorithms 
for traffic data analysis, the implementation of intelligent traffic man-
agement systems, and the optimization of road infrastructure. The pro-
posed methodology uses dynamic clustering techniques and the analysis 
of historical information to analyze vehicular congestion patterns, imple-
menting the DyClee algorithm adapted to cells. The obtained results on 
the city of San Francisco are satisfactory, allowing the identification of 
clusters with certain patterns that allow identifying areas and times of 
higher congestion, revealing the temporal variability and highlighting 
the importance of considering the dynamics of vehicular flow in traffic 
management. 
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1 Introduction 

Efficient traffic management is a constant challenge in urban areas, where vehi-
cle flow can be intense and congested. Accurate understanding and analysis of 
vehicular flow is essential to improve transportation planning and road infras-
tructure decision making. In this context, this paper presents a methodology for 
analyzing vehicular flow based on the analysis of vehicle trajectory data. 
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The study of vehicular flow has been approached from different approaches, 
and one of the key aspects lies in the adequate representation of the trajectory 
data. In this sense, the proposed methodology is based on the division of a geo-
graphical area of interest into uniform cells, where each cell contains detailed 
information on the speed and number of vehicles. This representation simplifies 
the analysis and visualization of the data, allowing a more accurate understand-
ing of the vehicular flow in the study area. 

A clustering algorithm is used to perform the traffic flow analysis. It is based 
on the methodology proposed by Reyes et al. [17]. This algorithm focuses on 
efficient and accurate clustering of cells containing vehicle trajectories. Using a 
distance metric that considers the minimum difference in speed and number of 
vehicles between the groups and cells being analyzed, the algorithm optimally 
groups the cells. This allows the identification of patterns and similarities in the 
vehicular flow of each group, facilitating the detection of areas with potential 
congestion problems. 

The evaluation of vehicular flow congestion is performed using a dataset of 
historical trajectories. The characteristics of the cells belonging to the microclus-
ters resulting from the clustering are analyzed and compared with reference val-
ues obtained from adjacent cells. Through a logical evaluation, it is determined 
whether the cells meet the established congestion conditions. This evaluation 
provides a clear view of the areas with traffic flow problems, providing relevant 
information for traffic management decisions. 

This article is organized as follows: Sect. 2 analyzes some related works that 
were identified within the literature and present various solutions to the problem, 
Sect. 3 describes the evaluation of the proposed method, Sect. 4 discusses the 
obtained results, and Sect. 5 presents the conclusions and future lines of work. 

 
2 Related Work 

The use of clustering techniques has been extensively explored in the context 
of data flow analysis [7, 20]. In the field of trajectory analysis, a wide variety of 
research has contributed to the development of clustering techniques applied to 
different domains [14]. These works have addressed the need to adapt conven-
tional algorithms to handle trajectories. 

Clustering methods have been used to identify groups with similar charac-
teristics and analyze their collective behavior [5], this database has allowed the 
identification of patterns and structures in the vehicle trajectory data, which in 
turn has facilitated the detection of areas with similar characteristics to traffic 
congestion. 

Within the literature, research can be found that has addressed trajectory 
segmentation as a stage prior to the clustering process. For example, Lee et al. 
[10] have proposed an approach that uses segmentation to improve the per-
formance of clustering algorithms and obtain higher quality clusters. Similarly, 
Mao et al. [13] & Yuan et al. [22] also presented methods that incorporate trajec-
tory segmentation prior to clustering, which has proven beneficial for trajectory 
analysis. 



 
 

 

 
Some approaches have used traditional clustering algorithms, such as the 

k-means algorithm [7] and the DBSCAN algorithm [3], adapted specifically for 
path analysis. 

These methods consider similarity metrics specially designed for trajectories, 
allowing them to efficiently cluster and classify according to desired characteris-
tics and appropriate situations [1]. Researchers have proposed several similarity 
measures. For example, the Tra-DBScan algorithm [11] adapted the well-known 
DBScan algorithm [3] and introduced the Hausdorff distance as a similarity mea-
sure to divide trajectories into sections. Reyes et al. [18] proposed a pivot-guided 
similarity metric that uses angular information for GPS vehicle trajectory seg-
mentation. In addition, Yu et al. [21] developed a new clustering algorithm that 
calculates the similarity between two trajectories using multiple data features. 

Other approaches have explored the use of dynamic clustering algorithms, 
which can handle the continuous flow of trajectory data and adapt to changes 
in traffic behavior over time. These dynamic approaches allow early detection of 
changes in vehicular flow and identification of areas with emerging congestion 
[12]. 

In addition to traditional path clustering techniques, approaches based on 
complex network analysis and graph theory have also been explored to under-
stand vehicular flow dynamics. 

In the related literature, different approaches have been proposed for real-
time vehicular flow analysis. Some researchers have used machine learning [8] 
and data mining techniques, such as neural networks and regression models, to 
identify hidden patterns and anomalies in traffic flow [19]; clustering and classi-
fication techniques [2, 23] have also been applied to analyze real-time traffic data 
and detect congestion on urban roads. These approaches rely on the collection 
of real-time data, such as traffic signals and GPS data, to train models that 
can make accurate forecasts. Other researchers have used time series models to 
predict vehicular flow and take proactive measures in traffic management [24]. 
These works demonstrate the importance of combining clustering techniques 
with other analysis methodologies to obtain a complete picture of vehicular flow 
under different scenarios. 

These approaches based on complex networks and data mining offer alter-
native perspectives to understand vehicular flow from a systemic and predictive 
point of view [9]. While approaches based on the integration of multiple data 
sources offer opportunities to improve the understanding of vehicular flow and 
optimize real-time traffic management [12]. 

The use of clustering techniques in vehicular flow analysis is an active field 
of research, with continuous advances in improving the accuracy and efficiency 
of clustering algorithms, which in turn contributes to better traffic management 
and informed decision making in real time. The paper proposed by Reyes et 
al. [16] presents a methodology capable of analyzing vehicular flow in a given 
area, identifying speed ranges and maintaining an updated interactive map that 
facilitates the identification of areas with potential traffic jams. 



 
 

However, a key issue that has been identified in these studies is the need for 
complementary datasets to enrich the analysis of vehicular flow [4]. In this sense, 
the methodology presented in this article addresses this need by incorporating 
an additional dataset of historical trajectories, allowing us to obtain a more 
complete and accurate perspective of vehicle behavior in the area of interest. 

The methodology used makes use of a grid for the representation of vehicular 
flow, a dynamic grouping of cells and a specific analysis of each cell to determine 
if it meets certain congestion conditions based on reference values of speed and 
number of vehicles. This approach provides an accurate comparative basis and 
allows an assessment of congestion conditions in the study area. By combining 
the existing approaches with an additional set of historical trajectory data and 
grid representation, a more complete and accurate analysis of vehicular flow over 
the clustering results in the area of interest, thus allowing for early and accurate 
detection of areas with potential traffic flow problems. 

 
3 Methodology 

This paper presents a cell evaluation methodology for the identification of con-
gestion patterns, the methodology proposed in this paper is based on the method-
ology presented by Reyes et al. [16] using a dynamic clustering algorithm, data 
representation by cells and visualization of clustering results. However, addi-
tional elements are incorporated, such as an additional dimension for clustering, 
the use of a complementary dataset and the evaluation of congestion features in 
the clusters. 

First, the definition of the cells to be analyzed is carried out. The second 
step involves the use of a proposed dynamic clustering algorithm in order to 
identify patterns of areas that could present congestion. In the third step, the 
identified patterns are analyzed and evaluated with a congestion feature evalu-
ation method. Then, in the fourth step, we proceed to generate an appropriate 
visualization for the obtained results. Each of these steps is described in detail 
below. 

 
3.1 Definition of Cells 

Within the structure of the records to be processed are the most important 
attributes such as longitude, latitude, time, speed and the trajectory identifier. 

The first crucial step in the methodology is to ensure an adequate represen-
tation of the data that make up the trajectories. To achieve this, we start by 
defining the area of interest, thus delimiting the geographic region to which the 
trajectories to be analyzed belong. Once the area has been established, we pro-
ceed to subdivide it into uniform cells or smaller zones. The size of each cell is 
determined according to the required precision for the analysis of the vehicular 
flow, allowing us to capture the most relevant details of the movement patterns. 



 
 

 

 
Several experiments have been conducted with the objective of determining 

the appropriate cell size for vehicular flow analysis. These experiments prior to 
the ideal parameterization have been fundamental to select the optimal configu-
ration that guarantees an adequate representation of the movement patterns in 
the area of interest. 

In this work, cells of 30 × 30 m were used and the essential characteristics 
of these cells by which they will be clustered will be the speed of the cells 
with ranges between 20 km/h and the number of vehicles with ranges between 5 
vehicles. 

This aspect acquires a fundamental relevance, since it implies the under-
standing of the information corresponding to each cell during a specific time 
interval. The proposed methodology in this study consists of integrally analyz-
ing the events in each cell instead of addressing the trajectories of individual 
vehicles. This approach simplifies both the analysis and the visualization of the 
data. 

Specifically, in this paper, the related data to vehicular flow, represented in 
each cell, were subjected to analysis using a microbatch approach in uniform time 
periods. The duration of each period is an essential parameter of the algorithm, 
which must be set in a predefined manner. 

Each period is referred to as a cycle and represents an evolution of the formed 
clusters, as the results of the grouping are updated by incorporating each block 
of data. This methodology allows capturing the dynamics progressively, as new 
data is integrated, generating a more accurate and updated understanding of 
the vehicular flow. 

In each evolution cycle, a continuous flow of data is stored in a temporary 
buffer and the relevant calculations are performed for each cell, allowing to obtain 
characteristic and relevant information. 

 
3.2 Dynamic Cell Clustering 

In the second step of the methodology, an algorithm for processing cells con-
taining trajectories is used. This algorithm has been selected for its ability to 
efficiently and accurately analyze the specific characteristics of the trajectories 
in each cell. 

As mentioned above, the first stage of the DyClee algorithm is used to con-
struct microclusters. However, in this paper, an adaptation of the original pro-
posed methodology has been made, where instead of using directly the GPS 
locations and their density, the speeds of the trajectory sections and the number 
of vehicles present in each cell are considered for each cycle. 

At the stage of grouping the cells in each cycle, a distance metric is used 
that considers the minimum difference in speed and number of vehicles between 
the microclusters and the analyzed cell. If the difference in speed and vehicles is 
sufficiently small, the cell is incorporated into the existing microcluster and the 
corresponding information is updated. If there is no nearby cluster, a new micro-
cluster is created with the analyzed cell. In this way, an appropriate grouping of 
cells based on similarities in speed and number of vehicles is achieved. 



 
 

In the second stage of the algorithm, an analysis of the densities of the 
microclusters is carried out, classifying them into two categories: dense and not 
very dense. The number of formed microclusters is related to the value of the 
“relative size” parameter, which directly modifies the size of the “hyperboxes”. 
This is reflected in a greater or lesser amplitude of the range of cell assignment 
to the microclusters, according to their speed and number of vehicles. 

During these processes, information regarding the performance of the stages 
is recorded separately, allowing a detailed analysis of their operation. 

 
3.3 Congestion Evaluation 

In this study, it is important to have a dataset of historical trajectories that dif-
fers in date but matches the time and location of the one used in the clustering 
process. This historical data set corresponds to a real data flow, provides com-
plementary information and enriches the analysis of vehicle flow in transit. This 
ensures a more complete and accurate perspective of the behavior of vehicles in 
the cells of the area of interest. 

For the representation of the vehicular flow, a projection of a grid similar 
to the one used in Sect. 3.1 of the article is used, this grid is applied to the 
historical data set. Then, a specific analysis is performed to determine a reference 
value for speed and number of vehicles. This reference value is obtained by 
considering adjacent cells and using up to five levels of distance, these historical 
reference values are calculated proportionally where each level contributes a 
specific proportion. 

As shown in Fig. 1, the cells on the periphery will be determined with lower 
proportion values. Being level 1, the cell being analyzed, represents 30% of the 
total historical value, decreasing in percentage according to the level, up to level 
5, which contributes 10% of the total. In this way, information from nearby cells 
is used to establish a more accurate comparative basis. 

 

 
Fig. 1. Proportions according to cell level 



 
 

 

 
Subsequently, the characteristics of the cells in the groups resulting from 

the grouping are compared with the reference values obtained previously. This 
comparison makes it possible to evaluate whether the analyzed cells comply with 
the established congestion conditions. 

The conditions for congestion detection are based on the proposed evaluation 
by He et al. [6]. A logical evaluation is applied to determine whether the analyzed 
cells meet the following congestion conditions: 

– The number of path points in the cell is greater than or equal to the number 
of path points set as a reference. 

– The average speed of the vehicles inside the cell is lower than the established 
reference speed. 

This logical evaluation makes it possible to identify the cells that show signs 
of congestion and contributes to the early and accurate detection of areas with 
potential traffic flow problems. 

To provide an overview of the performed evaluations, the congestion index 
is calculated using the formula proposed by He et al. [6]. This defines the index 
as the total number of cycles for which each cell has complied with the conges-
tion conditions set forth indicating that they have been identified as areas of 
congestion. 

 
3.4 Clustering Visualization 

In this study, the trajectory information is analyzed in 3-minute intervals, this 
time allows identifying changes in the vehicular flow in a more accurate and 
detailed way. 

In order to provide an interactive visual representation of the results of each 
cluster, an interactive map has been developed. This map allows the relevant 
information for each cluster to be analyzed graphically and dynamically. Each 
cluster is represented on the map with a different color for each pattern based on 
the number of vehicles and speeds that the clustering algorithm has identified, 
as shown in Fig. 2. 

This study records the result of the grouping process performed, which allows 
reconstructing all the maps from the beginning of the vehicular flow analysis. 
This provides a quick overview of the traffic status. 

 
4 Results and Discussion 

4.1 Used Data 

To test the performance of the proposed methodology in this article, a dataset 
collected in the city of San Francisco was used. A brief description of the data 
set is provided below: 



 
 

 
 

Fig. 2. Clusters projected on the map 
 
 
San Francisco Dataset. A portion of the san francisco dataset [15] was 
extracted for clustering, the data corresponds to June 2, 2008; it contains 290 
trajectories recorded by cabs using GPS devices. Each record contains the fol-
lowing data: trajectory id, latitude, longitude, time, speed and direction. For 
this set of trajectories, the analysis included all recorded trajectories between 
12:30 pm and 13:30 pm. As a result of this filtering process, 191,315 records were 
obtained, representing 290 trajectories from the entire dataset. 

 
4.2 Obtained Results 

To perform the analysis, the dataset was divided into cycles covering 3 min of 
data, which generated a total of 20 cycles for the city of San Francisco. These 
blocks were analyzed consecutively, considering that the 3-minute period is ade-
quate in relation to the volume of data available. 

Next, we proceeded to define the values of the “relative size” and “hyperbox” 
parameters to use the DyClee algorithm. A “relative size” value of 0.2 was set, 
with speed limits between 0 and 120 km/h, and vehicle quantity limits between 
1 and 25 for each cell. 

Figure 3 shows the projection of the cells on a plane equivalent to the map 
of the processing area analyzed as a result of the evaluations according to the 
referential values of each location performed on the 20 cycles of the data set. 
Each congested cell is shown in red color indicating that these cells have met 
the two conditions stated in Sect. 3.3 which indicate that the cells have been 
evaluated as congested. 



 
 

 

 

 
 

Fig. 3. Evaluation of congested cells using historical averages 

 
Each map shows the locations where the congestion conditions are met, it can 

be seen that these vary over time and are different depending on the location. 
These variations can range from concentrations in specific zones (such as Fig. 3 - 
t2), zones with dispersed congestion (such as Fig. 3 - t10), zones with congestion 
in peripheral areas (such as Fig. 3 - t18). 

These patterns of variation in congestion conditions can be attributed to 
various factors, such as time of day, special events or even weather conditions. 

It can also be observed that at certain times, clusters of congested cells are 
identified that form specific spatial patterns. For example, in some cycles, con-

gestion “spots” are observed to form in specific areas such as interconnected roads 
that are very busy, while in other cycles, more diffuse and dispersed congestion 
can be identified indicating that congestion may be occurring due to particular 
situations. These spatial patterns may be related to the road infrastructure, the 
distribution of points of interest or even the population density in different areas. 

It is important to note that not all evaluated cells show congestion in all 
cycles. Some cells may alternate between congested and non-congested conditions 
over time, indicating the dynamicity and variability related to vehicular flow. 

The experiments and analysis of the proposed methodology were carried 
out using a computer with the following technical specifications: AMD A9-9425 
3.1 GHz processor; 8 GB DDR4 RAM; and Windows 10 Home operating system. 

 
Table 1. Execution times 

 
Description Clustering (Sec.) Evaluation (Sec.) Total (Sec.) 

Total time 2458.218 13.333 2471.551 
Average cycle time 
Deviation 

122.911 
±39.410 

0.667 
±0.124 

123.578 
±39.534 

 
 

The obtained results about the performance of the algorithm are shown in 
the Table 1, this table contains a summary of the execution times of the proposed 



 
 
methodology. The clustering time used 2458.218 s and the evaluation of the cells 
took 13.333 s, which adds up to a total time of 2471.551 s. 

Analyzing the average time per cycle, it is observed that the clustering 
requires on average 122.911 s with a deviation of ±39.410 s, while the evalua-
tion only needs 0.667 s with a deviation of ±0.124 s. These data indicate that 
the clustering process is more time demanding compared to evaluation. On aver-
age, each cycle of the data set takes approximately 123.578 s to complete. These 
results reflect the effectiveness of the methodology in terms of execution times. 

 

 
Fig. 4. Congestion distribution by historical averages 

 
 

To provide an overview of the assessments made and to quantitatively rep-
resent the vehicular congestion in the analyzed processing area, the congestion 
index is calculated which provides a single measure for each cell and is based 
on the accumulation of the cells identified as congested over the 20 cycles of the 
data set. 

The result of this calculation provides a numerical value representing the 
level of congestion in each cell. The higher the value of the congestion index, 
the higher the frequency of vehicular congestion at that specific location. This 
approach provides a global perspective of congestion in the processing area and 
facilitates the identification of critical areas requiring attention and possible 
solutions. 

For the visualization of these indices, a congestion distribution is plotted 
showing a spatial representation of the areas with higher or lower frequency 
of congestion, which helps to understand the geographic distribution of this 
phenomenon. This distribution is shown in Fig. 4. 

In order to understand the relationship between density and congestion clas-
sification, a contingency matrix has been used and is shown in Table 2. Analysis 



 
 

 

 
of this contingency matrix reveals trends in accuracy of congestion rankings 
relative to the density of the resulting clusters. 

 
Table 2. Contingency matrix based on matching the results of pooling and actual flow 
evaluation 

 
Categories Congested Non-congested 

Low dense 60.50% 57.60% 
Dense 22.31% 60.68% 

 

 
These values represent the percentage of correctly classified cells in each com-

bination of categories. In the category of sparse groups, resulting from clustering, 
60.50% of the congested cells match cells classified as congested from the actual 
cell flow, and 57.60% of the uncongested cells match cells classified as uncon-
gested from the actual flow. Likewise, in the dense group category, 22.31% of the 
congested cells match with cells classified as congested from the actual cell flow, 
and 60.68% of the uncongested cells match with cells classified as uncongested 
from the actual flow. 

It is observed that the accuracy of the classifications varies according to the 
density category resulting from the clustering. This indicates that the classifi-
cation result performs better in identifying congestion in clusters with low cell 
density. By understanding the relationship between traffic density and conges-
tion classifications, more effective classification strategies can be developed for 
accurate identification of vehicular congestion in variable traffic environments. 

In order to improve the congestion detection match rates using the proposed 
methodology, it is crucial to consider several factors. First, the accuracy of the 
traffic data must be ensured by obtaining high quality and up-to-date informa-
tion from reliable sources. In addition, the parameters of the clustering algorithm 
and congestion thresholds need to be reviewed and adjusted to suit the specific 
characteristics of the city or study area. The inclusion of external factors, such 
as special events or weather changes, is also relevant to have a complete under-
standing of congestion and can significantly improve the accuracy of vehicle 
congestion detection. 

The methodology developed in this study presents similarities with the 
one proposed by He et al. [6] for traffic congestion event detection processes. 
Although there are differences in the implementation details and specific objec-
tives, both methodologies share a common conceptual basis to address the iden-
tification of vehicular congestion. This similarity allows the possibility of mak-
ing partial comparisons between both methodologies and enriching the general 
knowledge on traffic congestion detection in dynamic environments. 

It is important to recognize that the proposed methodology also faces cer-
tain limitations and potential challenges that must be taken into account when 
interpreting the results. Since congestion conditions can vary widely depending 
on time of day, special events or even weather conditions, this methodology may 



 
 
generate different results at different times. Careful analysis of the results in dif-
ferent temporal contexts is essential to understand the stability of the identified 
patterns. 

In addition, although the methodology has proven to be effective in the city 
of San Francisco, results should be validated in other urban areas with differ-
ent characteristics. Each city may have unique roadway infrastructures, distinct 
traffic patterns, and particular congestion dynamics. This may require specific 
adjustments and adaptations to obtain accurate and meaningful results. 

Another potential limitation is the need for high quality data. The success 
of the methodology is highly dependent on the availability of accurate vehicular 
traffic data. If data are insufficient or of low quality, this could affect the accuracy 
and reliability of congestion assessments. 

 
5 Conclusions 

The distribution of vehicular congestion in the study area has been clearly iden-
tified and visualized, allowing a better understanding of the spatial and temporal 
patterns of vehicular congestion. 

The effectiveness of the proposed methodology for accurately and systemat-
ically assessing and monitoring vehicular congestion has been demonstrated. 

The obtained results have provided valuable information on the areas and 
times of greatest congestion, which can contribute to informed decision making 
in urban traffic planning and management. 

Significant variability in congestion conditions over time has been observed, 
highlighting the importance of considering the seasonality and dynamics of vehic-
ular flow in traffic management strategies. 

Visualization of the results has made it possible to identify specific patterns 
of congestion in specific areas, which can guide actions aimed at improving road 
infrastructure or implementing specific traffic control measures in those loca-
tions. 

The methodology has proven to be an effective tool for the identification 
and monitoring of congested areas, which can contribute to the optimization of 
resources and efficiency in urban transport management. 

The obtained results support the need to implement traffic control and urban 
planning strategies that take into account the variability and dynamics of vehicu-
lar congestion, with the objective of improving fluidity and reducing travel times 
in the study area. 

As lines of future work, it is proposed to improve the classification model to 
improve the accuracy in the classification of congested and non-congested cells. 
Another proposal is to consider additional variables such as vehicle flow speed, 
roadway capacity or type of vehicles to obtain a more complete understanding of 
congestion. Evaluating vehicle congestion over time to develop predictive models 
to identify long-term patterns and trends. In addition, validation of the new 
methodology in other spatial and temporal contexts is proposed to verify its 
applicability and generalizability. This would allow the new methodology to be 
used to improve traffic management in a variety of environments. 
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