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Article
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Intersection Congestion Using Machine Learning for
Sustainable Urban Traffic Management
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Department of Computer Science, University of Quebec in Outaouais (UQO), 283 Boul. Alexandre-Taché, Gatineau, QC J8X 3X7,
Canada
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Abstract: One of the main consequences of urban pollution is intersection congestion, which occurs
due to frequent vehicle stops. These interruptions lead to increased fuel consumption and greenhouse
gas emissions (CO2), along with other pollutants such as nitrogen oxides (NOX) and fine particulates.
These pollutants can adversely affect the respiratory, cardiac, and neurological health of city residents.
To address the growing demand for smart and sustainable transportation systems in large cities,
predicting intersection congestion using artificial intelligence offers a promising solution. In this study,
we present a predictive modeling approach to classify congestion levels at intersections controlled by
traffic lights. Using the CN+ dataset collected in Bremen, Germany, our methodology incorporates
vehicle and environmental features to predict congestion levels, optimize traffic flow, and reduce
pollutant emissions. We employ data preprocessing, feature engineering, and machine learning
techniques, including an innovative feature selection method called Dual Importance Intersection
Feature Selection (DIFS), which combines Random Forest (RF) and Chi-square analysis. We tested
various classifiers, including RF, XGBoost, LightGBM, CatBoost, and Artificial Neural Network (ANN),
utilizing SMOTE balancing to address the class imbalance. Performance metrics such as precision,
recall, F1 score, overall accuracy, and Quadratic Weighted Kappa (QWK) demonstrate promising
results, with F1 and QWK scores reaching 100%. This makes our approach a robust tool for managing
traffic sustainably and efficiently.

Keywords: intersection congestion; sustainable urban traffic; artificial intelligence; machine learning;
dual importance intersection feature selection; emission reduction; traffic flow optimization

1. Introduction
Urban traffic congestion, especially at intersections, represents a major challenge for sustainable

urban development. Frequent vehicles stopping at traffic lights contributes significantly to increased
fuel consumption and greenhouse gas emissions (GHG), including (CO2), as well as harmful pollutants
such as nitrogen oxides (NOX) and particulate matter (PM2.5). According to the World Health
Organization (WHO), these pollutants contribute significantly to respiratory, cardiovascular, and
neurological health problems and led to the premature deaths of 4.2 million people worldwide in
2019 [1]. Furthermore, the environmental impact of transport-related emissions has raised concerns
worldwide and highlights the need for innovative solutions to alleviate congestion and its associated
impacts [2–5].

To address these challenges, intelligent transportation systems (ITS) have emerged as a promising
approach to optimize traffic management and reduce environmental impacts. ITS leverages data-driven
technologies and artificial intelligence (AI) to improve traffic flow and decrease emissions, making
them essential for transitioning to green and sustainable cities [6]. Among the key components of ITS
is the ability to predict traffic congestion levels accurately at intersections. Predictive models facilitate
proactive traffic light management, reducing idle time, minimizing delays, and lowering pollutant
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emissions [7]. However, the development of such models poses challenges, including handling
imbalanced datasets, incorporating real-time data, and achieving high predictive performance [8].

Existing research has explored machine learning techniques for traffic congestion prediction, such
as Random Forest (RF), Support Vector Machines (SVM), and Gradient Boosting (GB) [9–11]. While
these studies have demonstrated the potential of machine learning in traffic management, many do
not fully address the dynamic nature of urban traffic conditions. Furthermore, few studies combine
real-time vehicle and environmental data to optimize urban transportation comprehensively.

This study uses the CN+ dataset gathered in Bremen, Germany, to suggest a novel predictive
modeling approach to fill these gaps. This dataset contains extensive features on traffic and environ-
mental conditions and enables a comprehensive analysis of intersection congestion. Our methodology
introduces an innovative feature selection technique called DIFS, which integrates random forest and
chi-square analysis to identify the most influential predictors. We use state-of-the-art machine learning
models based on XGBoost, LightGBM, Random Forest, CatBoost, and ANN to classify congestion
levels. Our results show significant improvements in prediction performance, with metrics such as
precision, recall, F1-score, and QWK indicating high model reliability.

Novelty and Contributions of the Research:

This research makes several important contributions to sustainable urban transport management.
First, it leverages DIFS for feature selection, providing a robust approach to identifying the most
meaningful predictors of congestion. Second, integrating vehicle counts and environmental data into
the modeling process increases the practical applicability of our approach. Third, by using ensemble
machine learning models, high prediction accuracy is achieved, with F1 and QWK values reaching
100%. These contributions represent our work as an important step toward developing data-driven
tools to reduce traffic congestion at intersections and promote green urban mobility.

The remainder of this paper is organized as follows: Section 2 reviews the literature on congestion
prediction and sustainable traffic management. Section 3 describes the CN+ dataset and the prepro-
cessing steps. Section 4 describes the methodology and machine learning techniques used. Section
5 presents the experimental results and discusses their implications. Finally, Section 6 concludes the
study and suggests directions for future research.

2. Literature Review
In recent years, predictive modeling of traffic congestion has gained significant attention due

to the increasing demands for sustainable urban mobility and efficient traffic management systems.
Machine learning (ML) and deep learning (DL) methods have emerged as powerful tools for addressing
congestion challenges at intersections.

Nematichari, A. et al. introduced a graph theory and trajectory data mining-based system
that utilizes structural time series models to forecast intersection traffic conditions [12]. Their work
provides real-time analytics and proactive decision-making capabilities, advancing urban traffic
management. Similarly, Qin, Kun. et al. proposed a multiple-graph-based convolutional network
(mGCN) integrating environmental data from street imagery and road networks to predict urban
congestion spots with 85.5% accuracy, showcasing the importance of spatial correlations in urban
environments [13].

Hybrid models have demonstrated significant potential in addressing traffic flow complexities.
Olayode, I. O. et al. evaluated Adaptive Neuro-Fuzzy Inference Systems (ANFIS) and its Genetic
Algorithm-optimized variant (ANFIS-GA) for predicting vehicular flow at intersections, achieving
an R2 of 0.9980 with ANFIS-GA [14]. Moumen, Idriss. et al. applied Gated Recurrent Units (GRUs)
to model temporal dependencies in multi-intersection traffic, highlighting the model’s robustness in
handling sparse datasets [15].

Deep learning has further enhanced congestion prediction capabilities. Katambire, Vienna N. et al.
demonstrated that LSTM networks outperform traditional ARIMA models for traffic flow forecasting
at urban intersections [16]. Similarly, Mirzahossein, Hamid. et al. combined wavelet transforms with
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GRU-LSTM architectures, achieving over 94% accuracy in traffic volume prediction despite noisy
data [17].

Hybridized techniques integrating machine learning and optimization algorithms have advanced
congestion modeling. Chahal, Ayushi. et al. presented a SARIMA and Bi-LSTM hybrid model,
achieving low error metrics for time-series traffic predictions [18]. Chaoura, Chaimaa. et al. employed
LSTMs and Particle Swarm Optimization (PSO) to improve prediction accuracy, addressing noisy and
dynamic traffic data challenges [19].

Innovative frameworks have also emerged for real-time traffic management. Wang, Jianlong.
et al. introduced a Spatio-Temporal Neural Point Process (STNPP) model combining Graph Neural
Networks and temporal dependencies to predict lane-level congestion events [20]. Gwalani, Aryan. et
al. proposed an intelligent intersection framework incorporating GRUs and V2I communication for
adaptive signal control, significantly reducing congestion and travel times [21].

Bayesian models and ensemble approaches have shown promise in enhancing traffic forecasting.
AlKheder, Sharaf, et al. developed a Bayesian Combined Neural Network (BCNN) for short-term
traffic volume prediction, achieving over 98% regression accuracy [22]. Navarro-Espinoza, Alfonso.
et al. compared ML and DL methods, finding that MLP outperformed GRU and LSTM in traffic
prediction for multi-lane intersections [23].

Studies by Giraka, Omkar. et al. [24] and Qu, Wenrui. et al. [25] have explored traditional
time-series models such as SARIMA and two-layer stacking techniques for forecasting urban traffic.
These methods provide scalable and computationally efficient solutions for heterogeneous urban
environments.

Addressing limited historical data, Tsalikidis, Nikolaos. et al. employed LightGBM and
Histogram-Based Gradient Boosted Regressor (HGBR), outperforming LSTMs and GRUs for IoT-
enabled congestion management [26]. Tran, Quang Hoc, et al. adapted LSTM networks for multi-lane
arterial roads in Vietnam, achieving superior accuracy with minimal infrastructure requirements [27].
Tang, Bin. et al. proposed a Directed Supra-Adjacency Matrix (DSAM) model for intersection ranking,
leveraging Chebyshev networks to capture temporal dynamics [28].

Table 1 briefly summarizes the previous studies based on their focus, models evaluated, and key
findings.
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Table 1. Comparative analysis of machine learning approaches for predicting congestion levels at intersections.

Reference Focus Models/Techniques Key Findings

[12] Intersection traffic forecasting Graph theory, trajectory mining Real-time analytics with structural time se-
ries models.

[13] Urban congestion spot identification mGCN, DenseNet Achieved 85.5% accuracy in predicting con-
gestion spots.

[14] Traffic flow prediction ANFIS, ANFIS-GA ANFIS-GA achieved R² = 0.9980, surpassing
standalone ANFIS.

[15] Multi-intersection traffic modeling GRU Demonstrated robust performance even
with sparse datasets.

[16] Traffic flow forecasting LSTM, ARIMA LSTM outperformed ARIMA in predictive
reliability.

[17] Volume prediction GRU-LSTM, wavelet transform Achieved 94% accuracy through hybrid
noise reduction methods.

[18,19] Hybrid modeling SARIMA + Bi-LSTM, LSTM + PSO Achieved low RMSE and high prediction
accuracy across test cases.

[20,21] Real-time management frameworks STNPP, GRU + V2I communication Effective in reducing congestion and opti-
mizing travel times.

[22,23] Bayesian and ensemble approaches BCNN, MLP High regression accuracy; robust multi-lane
intersection predictions.

[24,25] Time-series and stacking methods SARIMA, KNN + Elman NN Offered computationally efficient and scal-
able solutions.

[26–28] IoT and directed networks LightGBM, DSAM, LSTM Reliable congestion management for urban
planning and traffic optimization.

Current Work Congestion level prediction at intersections RF, XGBoost, LightGBM, CatBoost,
ANN

Achieved perfect F1 and QWK scores using
CN+ dataset with advanced feature selec-
tion (DIFS).
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Analysis of Comparative Studies:

While existing studies have explored a range of machine learning and deep learning techniques
for traffic congestion prediction, our work distinguishes itself in several ways. First, we leverage the
CN+ dataset, which includes detailed vehicle and environmental features, enabling a more granular
analysis of intersection congestion. Second, our approach integrates a novel feature selection technique,
DIFS, combining RF and Chi-square methods to enhance model performance. Third, we achieve perfect
F1 and QWK scores across multiple classifiers, including RF, XGBoost, LightGBM, CatBoost, and ANN,
underscoring the robustness of our predictive framework.

3. Dataset Description
This section provides an overview of the dataset used in this paper. First, we describe the data

source origin, followed by a detailed explanation of the dataset’s attributes and relevance.

3.1. Origin of the Dataset

This research leverages the CN+ dataset [29], a valuable resource for studies in ITS and Vehicular
Ad-hoc Networks (VANETs). The dataset was collected over 32 hours at a four-way signalized
intersection in Bremen, Germany, between May 24 and August 6, 2022. Due to privacy concerns
regarding video-based collection methods, the authors used a manual write-down procedure for the
data collection.

The dataset captures a comprehensive range of traffic conditions, including morning and evening
rush hours, peak and off-peak periods, and variations in traffic density between weekdays and
weekends. The CN+ dataset includes 25,935 vehicles, along with additional features such as weather
conditions, significantly enhancing the dataset’s applicability for modeling and simulation.

The CN+ dataset is publicly hosted on the Zenodo platform and distributed under a Creative
Commons Attribution License (CC BY 4.0). This accessibility encourages its use in a wide array of re-
search applications. By focusing on an intersection with mixed traffic types—including private vehicles,
public transport, and trams—the dataset provides a robust foundation for developing and evaluating
predictive algorithms for congestion management and vehicular safety systems. Figure 1 illustrates
the intersection in Bremen, Germany, where the dataset was collected.

Figure 1. Aerial view of the intersection where the dataset was collected [30].

3.2. Data Description

The CN+ dataset originally contained 15,022 rows and 12 attributes. However, by using feature
engineering to extract additional attributes and applying the DIFS approach for feature selection, we
end up with 13 attributes as input parameters for the prediction model. For more details about the
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feature engineering process and DIFS approach, see the methodology section of this paper. The final
attributes used as input parameters for the prediction models are as follows:

• Number: The number of vehicles in a group (cluster);
• Direction: Direction taken by the vehicle (14 possible directions, numbered 1 to 14);
• Second: The time of collection in seconds, extracted from the Date column;
• Type: Type of vehicle (Normal, Bus, Tram);
• Weekday: Day of the week;
• Day: Day of the month;
• Temperature: Ambient temperature (e.g., 61°F);
• Humidity: Humidity level;
• Hour: Hour of the day;
• IsWeekend: Attribute indicating whether it is a weekend day;
• Atmospheric pressure (e.g., 29.71 in);
• Wind Speed: Wind gusts speed;
• Month: Month of the year.

The Congestion_Level attribute represents the target variable. This attribute categorizes conges-
tion into three levels: low, medium, and high. Figure 2 below shows the distribution of the different
categories of the target variable.

Figure 2. Distribution of Congestion Levels.

Analysis of Figure 2 above shows an imbalance problem in the dataset. Therefore, it is imperative
to adopt a data-balancing strategy to prevent a drop in performance of the predictive models from
deteriorating. This issue will be addressed in the methodology section of our article.

4. Methodology
In this section, we describe the methodological approach to develop a predictive model for

intersection congestion detection based on the CN+ dataset. The problem was formulated as a
multiclass classification task, where each congestion category corresponded to a specific severity level:
low, medium, and high. This categorization of congestion severity forms the basis of the predictive
modeling framework for solving the multiclass prediction problem.

Our methodological approach includes evaluating and comparing the performance of several
machine learning algorithms: RF, XGBoost, LightGBM, CatBoost, and ANN. These algorithms were se-
lected to predict intersection congestion levels with high confidence, focusing on model generalization
and performance. The main goal is to highlight the best algorithm in this study context.
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In the remainder of this section, we provide a detailed description of the steps taken to develop
our predictive models for intersection congestion detection using the CN+ dataset. We outline
the development environment, highlight the data preprocessing approach, and explain the feature
engineering process, exploratory data analysis, predictive model construction, and validation and
evaluation phases. The ultimate goal is to establish an intersection congestion detection system to
improve traffic flow control, reduce harmful gas emissions from frequent vehicle stops, and facilitate the
transition of major cities worldwide to greener, more environmentally sustainable urban ecosystems.

4.1. Development Environment

The development environment used in this study is similar to the one described in the article
published by Muktar, B. et al. [11]. For further details, please refer to Section 4.1 of the referenced
publication.

4.2. Data Preprocessing

In this subsection, we describe the key preprocessing techniques used to prepare the CN+ dataset
for predictive modeling. These measures improved model performance, guaranteed data quality, and
resolved data compatibility issues with machine learning algorithms.

4.2.1. Temporal Data Consolidation

The data set initially contained two separate columns for date (in YYYY.MM.DD format) and time
(in HH:MM:SS format). To optimize the analysis, these columns were merged into a single Datetime
column using the to_datetime function from the Pandas library. The original Date and Time columns
were then removed. This consolidation enabled the extraction of additional temporal features such as
day of the week, hour, and minute for further analysis.

4.2.2. Weather-Related Attributes Conversion

The Temperature and Dew Point columns contained values with the unit °F. To convert these
columns to numeric values, the °F unit was removed, and the values were converted to float32.
Similarly, the same process was applied to the Humidity, Wind Speed, Wind Gust, and Pressure
columns by removing their respective units (% for Humidity, mph for Wind Speed and Wind Gust,
and in for Pressure). Tables 2 and 3 below provide examples of the values from these columns before
and after the transformations.

Table 2. Sample values of weather-related attributes before transformation.

Temperature Dew Point Humidity Wind Speed Wind Gust Pressure

61 °F 48 °F 63 % 15 mph 0 mph 29.71 in
61 °F 48 °F 63 % 15 mph 0 mph 29.71 in
61 °F 48 °F 63 % 15 mph 0 mph 29.71 in
61 °F 48 °F 63 % 15 mph 0 mph 29.71 in
61 °F 48 °F 63 % 15 mph 0 mph 29.71 in

Table 3. Sample values of weather-related attributes after transformation.

Temperature Dew Point Humidity Wind Speed Wind Gust Pressure

61.0 48.0 63.0 15.0 0.0 29.71
61.0 48.0 63.0 15.0 0.0 29.71
61.0 48.0 63.0 15.0 0.0 29.71
61.0 48.0 63.0 15.0 0.0 29.71
61.0 48.0 63.0 15.0 0.0 29.71
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4.2.3. Direction Encoding

The Direction column, which specified vehicular directions (e.g., "Direction 13"), was preprocessed
by removing the string prefix and converting the values to integers. This transformation ensured
compatibility with machine learning models.

4.2.4. Conversion of Wind Directions to Degrees

The Wind Direction column was converted into corresponding angular values in degrees using
a custom mapping (e.g., North = 0°, East = 90°). This preprocessing step facilitated the numerical
analysis of directional data, enabling its integration into predictive models. Figure 3 below illustrates
this transformation.

Figure 3. Wind Direction Mapping to Degrees.

4.2.5. Encoding Categorical Variables

Categorical attributes, such as Type (Normal, Bus, Tram, and Bike), were encoded numerically
using a manual mapping strategy. For example:

• Normal vehicles were assigned a value of 0;
• Buses were encoded as 1, trams as 2, and bikes as 3.

4.3. Handling Missing Values

The Datetime column contained 12 missing entries (0.08% of the dataset). These records were
removed as their impact on the dataset was negligible. Following this, the dataset was verified to be
free of missing values.

4.4. Feature Engineering

To enhance the dataset, additional attributes were derived from the consolidated Datetime column
to capture temporal patterns with greater precision:

• Weekday: Day of the week, represented numerically (0–6);
• Day: Day of the year;
• Month: Month of the year;
• Year: Year of the observation;
• IsWeekend: Binary indicator for weekends, where 1 represents a weekend, and 0 represents a

weekday;
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• Hour, Minute, and Second: Extracted to provide finer temporal granularity.

These engineered features provide valuable insights into traffic patterns, facilitating more effective
predictive modeling and significantly contributing to the accuracy and interpretability of the models.

4.5. Assigning Congestion Levels

Congestion levels were assigned to each record based on the Number attribute, which represents
the count of vehicles crossing the intersection simultaneously. This approach enables the classification
of congestion severity into three levels: Low, Medium, and High.

To define these levels, percentile thresholds were calculated from the Number distribution.
Specifically, the 33rd and 66th percentiles were used as cutoffs to segment the data into three ranges.
Records with Number values less than or equal to the 33rd percentile were classified as Low Congestion,
those between the 33rd and 66th percentiles were labeled as Medium Congestion, and values exceeding
the 66th percentile were designated as High Congestion. This percentile-based classification ensures a
systematic and data-driven segmentation of congestion levels.

The assignment was automated using a mapping function that compared each record’s Number
value against the calculated thresholds. This method ensured consistent classification of all records
in the dataset. The resulting Congestion_Level attribute provides a categorical representation of
congestion severity, serving as the target variable for predictive modeling.

4.6. Dual Importance Intersection Feature Selection (DIFS)

The Dual Importance Intersection Feature Selection (DIFS) approach combines two complemen-
tary feature selection methods, RF and Chi-Square (Chi2), to identify the most important features for
predictive modeling. This hybrid approach leverages the strengths of both methods:

• RF evaluates the importance of each feature by measuring its contribution to reducing uncertainty
within a decision tree model. This makes it well suited for capturing nonlinear relationships
between features and the target variable;

• Chi2 evaluates the statistical relationship between each feature and the target variable and
prioritizes features that have strong relationships based on categorical data analysis.

The DIFS methodology selects the top 15 features identified by each method and uses their
intersection to retain only the features deemed important by both approaches. This ensures the
selection of robust and informative features while mitigating potential biases introduced by a single
method.

Advantages of DIFS:

• Robustness: By using two distinct criteria—model contribution and statistical association—DIFS
minimizes the risk of over-reliance on a single selection method, ensuring more reliable feature
selection;

• Redundancy Reduction: By focusing on the intersection of the two methods, DIFS eliminates
redundant or uninformative features, resulting in a leaner feature set that improves model
performance and reduces overfitting;

• Improved Interpretability: The selected features are both statistically significant and impactful to
the model, improving the interpretability of the resulting predictive model;

• Adaptability: DIFS can be customized to integrate other feature selection techniques, providing
the flexibility to test different combinations of algorithms for various datasets and modeling
needs.

In summary, DIFS provides a balanced and reliable feature selection framework and improves
model performance by focusing on features that are both meaningful and non-redundant. This
approach ensures the development of predictive models that are not only robust but also interpretable
and efficient.
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The table 4 presents the feature importance scores and selection results obtained using the DIFS
approach, which combines RF and Chi2 statistical methods.

Table 4. Feature importance scores and selection results from the Dual DIFS method.

Feature Importance
(RF) Score (Chi2) Top 15 RF Top 15 Chi2 Selected (Final

Features)

Number 0.885573 1423.250046 True True True
Direction 0.021093 36.238184 True True True
Second 0.017407 1.497555 True True True

Type 0.013953 262.862342 True True True
Weekday 0.008089 38.359202 True True True

Temperature 0.006310 16.196702 True True True
Humidity 0.004949 12.770436 True True True

Day 0.004571 22.134607 True True True
IsWeekend 0.003995 228.793272 True True True

Hour 0.003787 4.314119 True True True
Pressure 0.003221 7.767788 True True True

Wind Speed 0.002673 4.513988 True True True
Month 0.002376 21.193688 True True True
Minute 0.016939 0.822917 True False False

Dew Point 0.002526 0.725359 True False False
Wind 0.002186 1.946783 False True False

Wind Gust 0.000352 25.573789 False True False

* This table highlights the features selected by both RF and Chi2 methods in the DIFS approach.

4.7. Data Balancing Using SMOTE

The training dataset had a significant class imbalance in the target variable Congestion_Level,
with 5,794 records in the Low Congestion class, 1,630 in the Medium Congestion class, and 1,541 in the
High Congestion class. Such imbalance can negatively impact the performance of machine learning
models as they tend to favor the majority class, leading to biased predictions and poor generalization
for underrepresented classes.

To address this problem, we used the Synthetic Minority Oversampling Technique (SMOTE) [31],
a widely used algorithm for oversampling minority classes in imbalanced datasets. SMOTE generates
synthetic samples for the minority classes instead of duplicating existing samples. These synthetic
examples are created by interpolating between a sample and its nearest neighbors in feature space,
preserving the diversity and variability of the dataset.

After applying SMOTE, the training dataset was balanced, with each class—Low, Medium, and
High Congestion—containing 5,794 samples. This balancing ensures that the model is not biased
toward the majority class, allowing it to learn the characteristics of all congestion levels effectively. By
leveraging SMOTE, we aim to improve the robustness and generalization capability of the predictive
model, especially for the minority classes, resulting in better overall performance.

4.8. Exploratory Data Analysis

Understanding the data distribution and identifying key patterns is essential for developing an
effective predictive model for congestion levels at the traffic intersection. This section explores the
dataset through various dimensions, including the relationship between vehicle counts, temporal
trends, and directional traffic flows. The analysis highlights significant trends and correlations that
will inform the modeling process.

4.8.1. Relationship Between Vehicle Count and Congestion Level

The violin plot presented in Figure 4 illustrates the relationship between the number of vehicles
(Number) and congestion levels (Congestion_Level). The congestion levels are divided into three
categories: Low, Medium, and High, with the number of vehicles represented on the y-axis.
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Figure 4. Relationship Between Vehicle Count and Congestion Level.

Figure 4 highlights several important observations:

• Low and Medium Congestion Levels: For congestion levels categorized as Low and Medium, the
number of vehicles is consistently low, predominantly concentrated around 1 or 2. This indicates
that minimal vehicular presence corresponds to these lower congestion levels;

• High Congestion Level: For the High congestion level, the distribution of vehicle counts is much
broader. The number of vehicles ranges significantly, with the density peak observed around
5. The spread and height of the distribution suggest that a larger number of vehicles is a key
indicator of high congestion;

• Distribution Shape: The sharp increase in density for High congestion at lower vehicle counts,
coupled with a long tail extending to higher counts, reflects the variability in vehicular presence
during high congestion scenarios. This highlights the importance of accounting for such variability
in predictive modeling.

This analysis demonstrates the strong correlation between the number of vehicles and congestion
severity. Consequently, the feature Number is a critical predictor for modeling congestion levels at
intersections.

4.8.2. Hourly Traffic Patterns

Figure 5 below shows the hourly distribution of congestion levels (low, medium, and high) over
different times of the day and provides valuable insights into the traffic patterns at the intersection.
Each bar represents the total number of congestion incidents recorded per hour, segmented by severity.

Figure 5. Hourly Variations in Congestion Incidents.
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The previous plot reveals several key observations:

• Morning Traffic (8 AM - 10 AM): The number of congestion incidents steadily increases from 1,731
at 8 AM to 2,005 at 10 AM. This trend indicates increasing traffic flow during the morning rush
hours, with a notable proportion of High and Medium severity levels;

• Afternoon Traffic (3 PM - 6 PM): Congestion incidents peak between 4 PM and 5 PM, reaching a
maximum of 2,543 at 5 PM. This reflects the typical evening rush hour, where high congestion
levels dominate, suggesting significant delays and traffic buildup;

• Severity Proportions: Throughout the day, Low congestion levels (green) form the main propor-
tion of incidents, followed by Medium (yellow) and High (red). However, during peak hours, the
proportion of High severity levels increases significantly, highlighting critical traffic management
challenges.

Analysis of Figure 5 underscores the importance of time-specific traffic management strategies.
The peak congestion hours identified in the graph can guide the deployment of interventions, such as
adaptive traffic light control, to alleviate delays and enhance traffic flow. These insights are essential
for developing predictive models tailored to address temporal variations in congestion.

4.8.3. Day of the Week vs. Congestion Level

Figure 6 illustrates the variation in congestion levels (low, medium, and high) on different
weekdays and provides critical insights into weekly traffic patterns at the intersection.

Figure 6. Weekly Distribution of Congestion Incidents.

Figure 6 reveals the following key observations :

• Higher Congestion on Weekdays:

– Congestion incidents are notably higher from Monday to Thursday, with Tuesday and
Wednesday showing the peak total congestion levels at 2,508 and 2,491 incidents, respectively;

– Low Congestion (green) dominates, followed by Medium (yellow) and High (red) congestion
levels. The presence of High Congestion highlights the impact of weekday commuting
patterns.

• Reduced Congestion on Weekends:

– A significant reduction in congestion incidents is observed on Saturday and Sunday, with
totals dropping to 1,670 and 1,721 incidents, respectively. This aligns with lower traffic
volumes typically associated with weekends;

– Low congestion incidents continue to occur most frequently on these days, while high
congestion incidents occur less frequently compared to weekdays.

• Transition on Friday:
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– Friday marks a transition between the high congestion levels of weekdays and the lower
congestion of weekends, with 1,973 total incidents. This reflects the changing traffic dynamics
as work-related commuting gives way to leisure and weekend activities.

This analysis emphasizes the temporal variability in traffic patterns and congestion severity.
Incorporating the Weekday feature into predictive models can enhance their accuracy by accounting
for these observed trends, particularly the sharp contrast between weekdays and weekends. Targeted
traffic management strategies for peak congestion days like Tuesday and Wednesday could further
improve intersection efficiency.

4.8.4. Direction of Vehicles vs. Congestion Level

Figure 7 below shows the distribution of congestion levels (low, medium, and high) based on the
direction of vehicle movement at the intersection. Each bar represents the total number of congestion
events for a given direction, segmented by severity.

Figure 7. Direction of Vehicles vs. Congestion Level.

Figure 7 reveals key insights below:

• Dominant Congestion Directions:

– Directions 6 and 13 account for the highest number of congestion incidents, with totals
of 6,242 and 5,792, respectively. These directions exhibit a substantial proportion of High
Congestion (red) and Medium Congestion (yellow), indicating their critical role in overall
traffic congestion at the intersection;

– This dominance suggests that these directions may correspond to main traffic inflow or
outflow routes.

• Lower Congestion in Other Directions:

– Directions 2, 9, 10, 11, and 12 have significantly fewer incidents, with totals ranging between
13 and 207. These directions show predominantly Low Congestion (green), implying less
frequent or less severe traffic issues.

• Intermediate Congestion Levels:

– Directions such as 1, 3, 5, 7, and 8 show moderate numbers of congestion incidents, with a
mix of Low and Medium congestion levels. This pattern may reflect secondary traffic routes
or turning lanes with moderate traffic density.

• Traffic Dynamics at Intersections:

– The evident disparity in congestion levels across directions suggests directional bias in traffic
flow, likely influenced by factors such as road hierarchy, intersection design, or traffic signal
timing.

The analysis of Figure 7 highlights the importance of considering direction as a predictive feature
when modeling at the congestion level. Targeted traffic management strategies such as optimizing traf-
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fic light times or adding dedicated lanes for high-volume directions could effectively ease congestion
in critical directions such as 6 and 13. These insights are critical for developing a robust predictive
model and improving traffic flow at intersections.

4.8.5. Monthly Traffic Trends

Figure 8 depicts the monthly distribution of congestion incidents (Low, Medium, and High) across
four months: May, June, July, and August. Each bar represents the total number of congestion incidents
recorded during a specific month, segmented by congestion severity levels.

Figure 8. Monthly Variations in Congestion Incidents.

Figure 8 above reveals the following critical insights:

• Peak Congestion in May and July:

– May records the highest total number of congestion incidents at 5,828, closely followed by
July with 5,242 incidents. These months are dominated by Low Congestion (green), but both
show a notable proportion of Medium (yellow) and High Congestion (red) levels. The high
traffic volumes during these months may correspond to seasonal patterns or increased travel
activity.

• Drop in June and August:

– June and August exhibit significantly lower congestion levels, with 2,492 and 1,460 total
incidents, respectively. These months have smaller proportions of High Congestion incidents,
indicating relatively smoother traffic flow during this period.

• Severity Distribution:

– Across all months, Low Congestion levels form the majority, followed by Medium and High
Congestion. However, the share of High Congestion is more prominent in May and July,
emphasizing the challenges of managing traffic during these peak months.

• Temporal Variations:

– The sharp contrast between months with high congestion (May and July) and those with
lower congestion (June and August) highlights the importance of incorporating Month as
a feature in predictive modeling. Understanding such temporal trends can significantly
improve the model’s ability to anticipate congestion levels.

The previous analysis suggests that traffic management strategies should be tailored to account
for monthly variations, particularly during high-congestion months like May and July. These insights
are crucial for predictive models aiming to optimize traffic flow and reduce delays at the intersection
considered in this study.
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Keys Factors Influencing Congestion Level at the Intersection:

Based on the exploratory data analysis, several key factors influence congestion levels at the
intersection:

• Number of Vehicles: A strong correlation is observed between the number of vehicles and
congestion severity, with higher vehicle counts associated with high congestion levels.

• Time of Day: Morning and evening rush hours significantly impact congestion levels, particularly
during peak times (8-10 AM and 4-6 PM).

• Day of the Week: Weekdays experience higher congestion levels compared to weekends, driven
by weekday commuting patterns.

• Direction of Vehicles: Traffic flow patterns, particularly from dominant directions such as 6 and
13, heavily influence congestion.

• Monthly Variations: Seasonal changes and monthly variations, as observed in May and July,
highlight the importance of accounting for temporal trends in predictive modeling.

The previous insights could serve as a foundation for building predictive models and inform
targeted strategies to mitigate congestion at intersections.

4.9. Development of the Predictive Model

This subsection describes the methodological approach to implementing a predictive model for
classifying the congestion level at intersections. To achieve this, we compared the performance of
several classification algorithms, including RF, XGBoost, LightGBM, CatBoost and, ANN. We chose to
base predictive modeling on these algorithms because numerous studies in the literature highlight
their effectiveness on classification problems in the context of ITS [11,32–34].

To effectively evaluate the performance of these algorithms, we used an 80-20 data partitioning
strategy, where 80% of the data is used for training and 20% for testing. It is generally accepted in
the literature that this approach provides an optimal balance between the data required for training
and the data reserved for testing. However, in our study, the first 20% of the dataset from the first
split is reserved exclusively for simulating model performance in a real environment. The reserved
20% of data points are never seen by the model during the training phase. We then performed a
secondary 80-20 partitioning of the remaining 80% of the dataset, with 80% dedicated to training and
20% dedicated to internal testing.

The evaluation and comparison of the classification algorithms were based on metrics such
as accuracy, recall, precision, F1 score, and Quadratic Weighted Kappa. This approach aims to
identify the classification algorithm that offers the best trade-off between prediction performance and
generalization ability.

Our methodology ensures that the selected algorithm not only performs well on the training data
but also maintains high reliability in real-world applications, making it a crucial part of effective traffic
management systems at intersections.

5. Results and Discussion
This section outlines the performance outcomes of the machine learning models employed and

provides an in-depth analysis of the findings.

5.1. Results

The classification report summary (Table 5) presents a comprehensive evaluation of each model’s
predictive capabilities and illustrates it in Figure 9, offering a detailed overview of their performance
metrics.
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Figure 9. Comparison of classification algorithm performance.

Table 5. Summary of classification results across different models.

Class Precision Recall F1-score Accuracy QWK Score Support

Random Forest (RF)

Low 1.00 1.00 1.00 - - 530
Medium 1.00 1.00 1.00 - - 1925
High 1.00 1.00 1.00 - - 536
Overall 1.00 1.00 1.00 1.00 1.00 2991

XGBoost

Low 1.00 1.00 1.00 - - 530
Medium 1.00 1.00 1.00 - - 1925
High 1.00 1.00 1.00 - - 536
Overall 1.00 1.00 1.00 1.00 1.00 2991

LightGBM

Low 1.00 1.00 1.00 - - 530
Medium 1.00 1.00 1.00 - - 1925
High 1.00 1.00 1.00 - - 536
Overall 1.00 1.00 1.00 1.00 1.00 2991

CatBoost

Low 1.00 1.00 1.00 - - 530
Medium 1.00 1.00 1.00 - - 1925
High 1.00 1.00 1.00 - - 536
Overall 1.00 1.00 1.00 1.00 1.00 2991

Artificial Neural Network (ANN)

Low 1.00 1.00 1.00 - - 530
Medium 1.00 1.00 1.00 - - 1925
High 1.00 1.00 1.00 - - 536
Overall 1.00 1.00 1.00 1.00 1.00 2991

5.2. Discussion

The performance metrics presented in Table 5 and Figure 9 reveal consistent results across all
evaluated models: RF, XGBoost, LightGBM, CatBoost, and ANN. Each model achieved perfect scores
for performance metrics such as precision, recall, F1 score, accuracy, and QWK, showcasing their
excellent predictive capabilities in classifying congestion levels (Low, Medium, High) at intersections.
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Ensemble methods like XGBoost and LightGBM excelled in managing complex datasets, providing
precise predictions across all classes while achieving high QWK scores that minimize misclassifications.
RF and CatBoost showed admirable performance with identical metrics, demonstrating robustness
and generalization. The ANN also performed well, effectively modeling nonlinear relationships.

Figure 9 illustrates the uniformity of the model performances, attributed to efficient preprocessing
steps like data balancing and feature engineering, which ensured high-quality input features.

Despite equal performance, real-world applicability may differ. XGBoost and LightGBM are
ideal for scenarios needing explainability and efficiency, while ANN may be suited for more complex
patterns but could require high computational resources.

In summary, while all models performed exceptionally, the choice of the optimal algorithm will
depend on specific requirements, such as computational efficiency, scalability, or interpretability. The
insights from this analysis lay a strong groundwork for future improvements in predictive congestion
management systems.

6. Conclusions and Future Research
In this study, we proposed a predictive modeling framework to assess congestion levels at

intersections, leveraging machine learning techniques to address critical challenges in urban traffic
management. Using the CN+ dataset collected in Bremen, Germany, our approach integrated data
preprocessing, innovative feature selection using the DIFS method, and the application of robust
machine learning algorithms such as RF, XGBoost, LightGBM, CatBoost, and ANN. The results showed
exceptional prediction accuracy across all models, with perfect precision, recall, F1 scores, and QWK
metrics.

The findings highlight the significant role of features such as vehicle count, temporal trends
(hourly and weekly patterns), traffic direction, and monthly variations in influencing congestion levels.
These insights provide a comprehensive understanding of congestion dynamics and support the
development of targeted traffic management strategies, such as adaptive traffic signal control and
optimized lane configurations.

This research contributes to the growing knowledge of sustainable urban traffic management by
offering a scalable and efficient methodology for real-time congestion prediction. The integration of
real-world vehicle and environmental data further enhances the practical applicability of the proposed
models, promoting a transition toward greener and more sustainable urban ecosystems.

Based on the robust results obtained in this study, future research can focus on several key areas
to expand the scope and applicability of the proposed framework:

• Geographic Scalability: Extending the predictive framework to diverse urban environments,
including intersections with varying traffic patterns and road configurations, can validate its
generalizability and adaptability.

• Enhanced Feature Engineering: Exploring additional predictive features, such as traffic incidents,
weather anomalies, or pedestrian flow, could refine model performance and offer deeper insights
into congestion causality.

• Interactive Decision Support Systems: Developing user-friendly interfaces for traffic management
authorities, integrating real-time predictions, and visualizing congestion hotspots can facilitate
proactive decision-making and resource allocation.

• Integration with Emission Control Strategies: Combining congestion prediction with models for
estimating vehicular emissions can enable comprehensive approaches to mitigating traffic delays
and environmental impacts.

By addressing the future directions above, the proposed framework can evolve into a versatile
tool for intelligent transportation systems, contributing significantly to the realization of sustainable
and efficient urban traffic networks.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 January 2025 doi:10.20944/preprints202501.0445.v2

https://doi.org/10.20944/preprints202501.0445.v2


18 of 19

Author Contributions: Conceptualization, B.M.; Methodology, B.M. and V.F.; Software, B.M.; Investigation, B.M.;
Writing—original draft, Bappa Muktar; Writing—review & editing, V.F and N.A. All authors have read and agreed
to the published version of the manuscript.

Funding: This research received no external funding.

Data Availability Statement: The dataset used in this study is available on the Zenodo website at https:
//doi.org/10.5281/zenodo.8189767 under the attribution license (CC-BY 4.0), accessed on 19 November 2024.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. World Health Organization. Ambient (outdoor) air pollution. https://www.who.int/news-room/fact-

sheets/detail/ambient-(outdoor)-air-quality-and-health, 2024. Accessed: 2024-12-10.
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