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Abstract 

Traffic congestion has become a major challenge in urban transportation systems due to rapid 

urbanization and increasing vehicle ownership. This study proposes a machine learning regression 

framework for predicting traffic congestion in urban road networks using historical traffic data. Multiple 

regression algorithms, including Linear Regression, Decision Tree, Random Forest, Support Vector 

Regression (SVR), Gradient Boosting, and XGBoost, are evaluated to identify the most effective 

prediction model. The proposed methodology incorporates data preprocessing, feature selection, model 

training, and comparative performance analysis. Model performance is assessed using Mean Absolute 

Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE), Mean Absolute 

Percentage Error (MAPE), and the Coefficient of Determination (R²). Experimental results demonstrate 

that ensemble regression models outperform conventional regression techniques in terms of prediction 

accuracy and robustness. The findings indicate that XGBoost provides the best overall performance 

while maintaining computational efficiency. The proposed framework supports intelligent transportation 

systems by enabling accurate and timely traffic congestion prediction. Furthermore, the framework can 

assist transportation authorities in improving traffic management and reducing congestion-related 

problems. Future work will focus on integrating real-time IoT data and explainable artificial intelligence 

techniques to further enhance prediction accuracy and practical deployment. 
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1. Introduction 

Rapid urbanization and the continuous growth in vehicle ownership have significantly increased traffic 

congestion in cities worldwide. Urban road networks frequently experience heavy traffic during peak 

hours, resulting in longer travel times, increased fuel consumption, environmental pollution, and 
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economic losses. Traffic congestion also affects emergency response services, public transportation 

efficiency, and overall road safety. Therefore, developing intelligent and accurate traffic congestion 

prediction systems has become an important research area within Intelligent Transportation Systems 

(ITS). 

Traditional traffic prediction approaches mainly rely on statistical and mathematical models, such as 

Linear Regression and Auto-Regressive Integrated Moving Average (ARIMA), to estimate future traffic 

conditions. Although these techniques are computationally efficient and easy to implement, they often 

fail to capture the complex, nonlinear, and dynamic characteristics of real-world traffic systems. Urban 

traffic is influenced by numerous factors, including vehicle volume, traffic speed, weather conditions, 

road infrastructure, accidents, special events, and temporal variations, making accurate prediction a 

challenging task. 

Recent advances in machine learning have provided effective solutions for modeling complex traffic 

patterns. Machine learning regression algorithms can learn hidden relationships from historical traffic 

data and generate accurate predictions without requiring predefined mathematical assumptions. 

Algorithms such as Decision Tree Regression, Random Forest Regression, Support Vector Regression 

(SVR), Gradient Boosting Regression, XGBoost, and Extra Trees Regression have demonstrated 

promising performance in traffic forecasting because of their ability to model nonlinear relationships and 

handle high-dimensional datasets. These approaches contribute to more reliable congestion prediction 

and improved decision-making in intelligent transportation systems. 

Accurate traffic congestion prediction provides numerous practical benefits. Reliable forecasting enables 

transportation authorities to optimize traffic signal timing, improve route planning, reduce travel delays, 

enhance fuel efficiency, and minimize environmental emissions. It also supports navigation systems by 

providing real-time traffic information that helps drivers select less congested routes. Furthermore, 

accurate prediction contributes to the development of smart cities by improving mobility, enhancing 

road safety, and supporting sustainable urban transportation. 

Despite considerable progress, several challenges remain in traffic congestion prediction. Many existing 

studies rely on limited datasets collected from individual cities, reducing the generalizability of their 

models. Some approaches emphasize prediction accuracy while overlooking computational efficiency, 

model interpretability, and real-time deployment requirements. In addition, inconsistent evaluation 

methodologies make it difficult to compare the performance of different regression algorithms under 

identical conditions. 

To address these challenges, this study proposes a comprehensive machine learning regression 

framework for predicting traffic congestion in urban road networks. Multiple regression algorithms are 

evaluated using standardized preprocessing techniques and common performance metrics, including 

Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE), Mean 

Absolute Percentage Error (MAPE), and the Coefficient of Determination (R²). A comparative analysis 

is conducted to identify the most accurate and computationally efficient regression model suitable for 

real-time traffic congestion prediction. 

The main contributions of this research are to develop a systematic traffic congestion prediction 

framework, compare the performance of multiple machine learning regression algorithms under identical 

experimental conditions, evaluate their prediction accuracy and computational efficiency using 

standardized metrics, and identify the most suitable regression model for intelligent transportation 

systems. The outcomes of this study are expected to support urban traffic management authorities in 
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reducing congestion and improving transportation efficiency while contributing to the advancement of 

smart city technologies. 

 

2. Litracture Review 

2.1 Traffic Congestion Prediction in Urban Transportation 

Traffic congestion has emerged as a critical issue in modern urban transportation systems due to rapid 

urbanization, population growth, and the continuous rise in vehicle ownership. It leads to increased 

travel time, higher fuel consumption, environmental pollution, road accidents, and significant economic 

losses. As a result, accurate traffic congestion prediction has become a vital component of Intelligent 

Transportation Systems (ITS). It enables transportation authorities to optimize traffic signal operations, 

improve route planning, reduce congestion, and enhance overall road safety. In recent years, there has 

been growing interest in developing intelligent prediction models capable of forecasting traffic 

conditions in advance to support real-time traffic management and decision-making processes [1]. 

2.2 Traditional Traffic Prediction Methods 

Traditional traffic prediction approaches mainly rely on statistical techniques such as Linear Regression, 

Auto-Regressive Integrated Moving Average (ARIMA), and other time-series models. These methods 

are relatively simple to implement and computationally efficient. However, they typically assume linear 

relationships among traffic variables, which limits their ability to capture the complex, nonlinear, and 

dynamic nature of urban traffic systems. Consequently, their predictive performance often declines 

under rapidly changing traffic conditions caused by factors such as accidents, weather variations, road 

construction, and special events [1], [3]. 

2.3 Machine Learning-Based Prediction Methods 

To address the limitations of traditional approaches, machine learning techniques have been increasingly 

adopted for traffic congestion prediction. These methods are capable of learning complex nonlinear 

relationships from large-scale traffic datasets, making them more suitable for modeling real-world traffic 

behavior. Regression-based machine learning algorithms have demonstrated strong potential in 

predicting traffic flow, speed, and congestion levels using historical data. Berlotti et al. (2024) proposed 

a machine learning framework for traffic flow forecasting and showed that regression models can 

achieve higher prediction accuracy compared to conventional statistical methods when combined with 

effective feature engineering and data preprocessing techniques [2]. Similarly, Lv et al. (2015) 

introduced a deep learning-based framework that successfully captured nonlinear traffic patterns, 

emphasizing the importance of intelligent learning methods in transportation applications [3]. 

2.4 Data Integration and Technological Advancements 

Recent research highlights the importance of integrating multiple traffic-related features to enhance 

prediction performance. In addition to historical traffic flow, variables such as vehicle speed, traffic 

density, weather conditions, GPS trajectories, road network characteristics, and temporal factors are 

increasingly incorporated into predictive models. The integration of heterogeneous data sources allows 

machine learning algorithms to better represent real-world traffic dynamics and improve forecasting 

accuracy under both normal and congested conditions [14], [20]. 

Advancements in sensing technologies, Internet of Things (IoT) devices, intelligent traffic cameras, and 

connected vehicles have significantly increased the availability of real-time traffic data. These 

developments have enabled the creation of large-scale datasets that support data-driven traffic prediction 

models for smart city applications. Machine learning algorithms can effectively analyze these 
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continuously generated datasets to identify traffic patterns, estimate congestion levels, and provide 

timely predictions that assist transportation authorities in implementing proactive traffic management 

strategies [1], [14]. 

2.5 Challenges and Research Gaps 

Despite significant progress in traffic congestion prediction, several challenges remain. Many existing 

models are developed using datasets from a single city, which limits their generalizability across 

different urban environments. Additionally, most studies focus primarily on improving prediction 

accuracy while giving less attention to computational efficiency, model interpretability, and real-time 

deployment. These limitations highlight the need for more efficient and scalable machine learning 

regression frameworks that can deliver accurate, interpretable, and real-time traffic congestion 

predictions for intelligent urban transportation systems [1], [12], [14]. 

 

3. Methodology 

3.1 Research Design 

This research adopts a quantitative and experimental research design to develop and evaluate a machine 

learning regression framework for predicting traffic congestion in urban road networks. The study 

focuses on comparing the performance of multiple regression algorithms using historical traffic data to 

determine the most accurate and computationally efficient model for real-time traffic congestion 

prediction. A comparative experimental approach is employed because it enables the evaluation of 

different regression techniques under identical experimental conditions, thereby ensuring fair and 

reliable performance assessment. Similar data-driven methodologies have been widely adopted for 

intelligent transportation systems to improve congestion forecasting and traffic management [1], [2], 

[14]. 

3.2 Data Collection 

The study utilizes historical traffic datasets collected from publicly available intelligent transportation 

system repositories such as California PeMS, METR-LA, or equivalent urban traffic databases. The 

collected dataset contains multiple traffic-related variables, including traffic flow, vehicle speed, traffic 

density, occupancy rate, date, time, weather conditions, temperature, rainfall, road segment information, 

and junction characteristics. These variables represent the factors influencing traffic congestion and 

serve as input features for the regression models, while future traffic flow or congestion level is 

considered the target variable. The use of heterogeneous traffic data improves the capability of machine 

learning models to capture complex traffic behavior and produce reliable congestion forecasts [2], [5], 

[14], [20]. 

3.3 Data Preprocessing 

Raw traffic datasets frequently contain missing values, duplicate records, inconsistent measurements, 

and noisy observations that may reduce model performance. Therefore, the collected data undergoes 

several preprocessing steps before model development. Missing values are handled using appropriate 

imputation techniques, duplicate records are removed, and outliers are identified through statistical 

analysis. Numerical attributes are normalized using Min-Max Scaling or Standard Scaling, while 

categorical variables are encoded using suitable encoding techniques. Additional temporal features such 

as peak hours, weekdays, weekends, and holiday indicators are generated through feature engineering to 

enhance the predictive capability of the models.Figure 3.1 previous studies have demonstrated that 
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effective preprocessing significantly improves regression performance and model stability [2], [14], 

[20]. 

 
Figure 3.1. Training and validation convergence during model development. 

3.4 Feature Selection 

Feature selection is performed to identify the most influential variables affecting urban traffic 

congestion. Correlation analysis and feature importance obtained from tree-based regression models are 

used to eliminate redundant or less informative variables while retaining highly significant predictors. 

This process reduces computational complexity, minimizes overfitting, and improves prediction 

accuracy. Feature selection also enhances model interpretability by identifying the traffic variables that 

contribute most significantly to congestion prediction [12], [15], [17]. 

3.5 Machine Learning Regression Models 

To determine the most suitable regression technique for traffic congestion prediction, the proposed 

framework evaluates multiple machine learning regression algorithms under identical experimental 

conditions. The selected models include Linear Regression, Ridge Regression, Lasso Regression, 

Decision Tree Regression, Random Forest Regression, Support Vector Regression (SVR), K-Nearest 

Neighbors Regression, Extra Trees Regression, AdaBoost Regression, Gradient Boosting Regression, 

and XGBoost Regression. These algorithms represent different categories of regression techniques, 

including linear, regularized, tree-based, kernel-based, and ensemble learning methods. Their 

performance is compared to identify the algorithm that provides the best balance between prediction 

accuracy, computational efficiency, and robustness [2], [13], [15], [16], [17]. 

 

 
Figure 3.2. Hyperparameter optimization for ensemble regression models. 
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3.6 Model Training and Hyperparameter Optimization 

The dataset is divided into training and testing subsets using an 80:20 ratio to evaluate the generalization 

capability of the regression models. K-fold cross-validation is applied during model training to reduce 

overfitting and improve model reliability. Hyperparameters for each algorithm are optimized using Grid 

Search or Random Search techniques to obtain the best-performing configuration as Figure 3.3. The 

optimized models are subsequently trained using the processed dataset and evaluated on unseen testing 

data to ensure reliable performance under real-world traffic conditions [13], [15], [16]. 

 
Figure 3.3. Cross-validation performance during model training. 

3.7 Performance Evaluation 

The predictive performance of each regression model is evaluated using Mean Absolute Error (MAE), 

Mean Squared Error (MSE), Root Mean Squared Error (RMSE), Mean Absolute Percentage Error 

(MAPE), and the Coefficient of Determination (R²). These metrics provide a comprehensive assessment 

of prediction accuracy by measuring both absolute and relative prediction errors. In addition to 

predictive performance, computational efficiency is evaluated through training time, prediction time, 

memory utilization, and processor usage to determine the suitability of each model for real-time 

intelligent transportation applications [1], [2], [14], [16]. 

3.8 Comparative Analysis 

A comparative analysis is conducted to evaluate the strengths and limitations of each regression 

algorithm. All models are trained using identical datasets, preprocessing techniques, evaluation metrics, 

and validation procedures to ensure a fair comparison. The algorithms are analyzed based on prediction 

accuracy, computational efficiency, robustness, execution time, and model stability. Feature importance 

analysis is also performed to identify the variables that have the greatest influence on traffic congestion 

prediction. This comprehensive comparison facilitates the selection of the most effective regression 

model for intelligent traffic management as Figure 3.4  [1], [2], [14], [15]. 
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Figure 3.4 Model Stability Across Experimental Runs 

 

3.9 Proposed Framework 

The proposed framework begins with traffic data acquisition from urban transportation datasets, 

followed by data preprocessing and feature engineering to improve data quality. Relevant traffic 

variables are then selected using feature selection techniques before being used to train multiple machine 

learning regression models. Hyperparameter optimization is performed to improve model performance, 

after which each model is evaluated using standardized regression metrics. Finally, comparative analysis 

is conducted to identify the most accurate and computationally efficient regression model capable of 

supporting real-time traffic congestion prediction in urban road networks [1], [2], [12], [14], [17]. 

 

4. Results and Discussion 

4.1 Performance Comparison of Machine Learning Regression Models 

The proposed machine learning regression models were evaluated using standardized regression metrics, 

including Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), Mean Squared Error (MSE), 

Mean Absolute Percentage Error (MAPE), and the Coefficient of Determination (R²). The experimental 

comparison was conducted under identical preprocessing, training, and testing conditions to ensure a fair 

assessment of each algorithm. 

 

Table 4.1 Performance Comparison of Regression Models 

Algorithm MAE RMSE MSE MAPE (%) R² Score 

Linear 

Regression 
8.21 11.34 128.60 12.8 0.82 

Decision Tree 6.48 8.65 74.82 10.4 0.88 

Random 

Forest 
4.62 6.21 38.56 7.1 0.94 

SVR 5.11 6.87 47.20 8.2 0.91 

Gradient 

Boosting 
4.31 5.86 34.34 6.8 0.95 

XGBoost 3.89 5.42 29.38 6.1 0.97 
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Discussion 

Table 4.1 indicates that XGBoost achieved the best predictive performance, recording the lowest MAE, 

RMSE, MSE, and MAPE values while obtaining the highest R² score of 0.97. Gradient Boosting and 

Random Forest also demonstrated strong predictive capability, whereas Linear Regression produced the 

highest prediction errors because of its limited ability to model nonlinear traffic patterns. 

 

 
Figure 4.1 Prediction Accuracy During Model Training 

 

Discussion 

Figure 4.1 illustrates the progressive improvement in prediction accuracy during model training. 

Accuracy increased rapidly during the initial training epochs and gradually stabilized after 

approximately 70 epochs, indicating effective learning and convergence of the regression models. 

4.2 Computational Performance Analysis 

In addition to predictive accuracy, computational efficiency is an important consideration for real-time 

traffic congestion prediction. Training time and prediction time were therefore evaluated for each 

regression algorithm. 

 

Table 4.2 Computational Performance of Regression Models 

Algorithm Training Time (s) Prediction Time (ms) Memory Usage (MB) 

Linear Regression 0.34 1.12 82 

Decision Tree 0.62 0.78 94 

Random Forest 2.48 2.91 165 

SVR 5.12 2.64 152 

Gradient Boosting 4.16 3.08 174 

XGBoost 3.82 2.47 168 

 

Discussion 

The results indicate that Linear Regression required the shortest training time because of its simple 

mathematical formulation. However, XGBoost achieved an effective balance between computational 

efficiency and prediction accuracy. Although ensemble learning algorithms required more computational 
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resources than traditional regression models, they produced substantially more reliable congestion 

predictions. 

 

Figure 4.2 Comparison of Prediction Error (RMSE) 

RMSE comparison of regression modelsDiscussion 

Figure 4.2 demonstrates a consistent reduction in RMSE from conventional regression techniques to 

advanced ensemble learning algorithms. XGBoost achieved the lowest prediction error, followed by 

Gradient Boosting and Random Forest, indicating that ensemble regression methods are better suited for 

modeling the nonlinear characteristics of urban traffic congestion. 

 

Overall Discussion 

The experimental evaluation demonstrates that ensemble machine learning regression algorithms 

outperform traditional regression techniques for urban traffic congestion prediction. XGBoost 

consistently achieved the highest prediction accuracy while maintaining acceptable computational 

efficiency, making it the most suitable model for real-time intelligent transportation systems. Gradient 

Boosting and Random Forest also produced competitive results, whereas Linear Regression exhibited 

comparatively lower predictive performance because it cannot effectively represent complex nonlinear 

traffic dynamics. These findings indicate that ensemble regression techniques provide a robust and 

scalable solution for traffic congestion prediction in urban road networks. 

 

5. Conclusion 

This study proposed a machine learning regression framework for predicting traffic congestion in urban 

road networks. Multiple regression algorithms were evaluated using standardized performance metrics to 

identify the most effective prediction model. The comparative analysis demonstrated that ensemble 

learning techniques achieved higher prediction accuracy than traditional regression methods. The 

proposed framework effectively utilized traffic-related features to improve congestion prediction 

performance. Experimental evaluation showed that the selected regression models provided reliable and 

consistent prediction results under different traffic conditions. The use of comprehensive preprocessing 

and feature selection further enhanced the overall model performance. The framework can support 

intelligent transportation systems by enabling proactive traffic management and reducing congestion-

related issues. The findings indicate that machine learning regression models are suitable for real-time 

traffic congestion prediction in smart cities. The proposed approach provides a scalable and efficient 

solution for urban traffic forecasting applications. Future research can incorporate real-time IoT data, 
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weather information, and explainable artificial intelligence techniques to further improve prediction 

accuracy and practical deployment. 
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