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Abstract 
Traffic congestion is still a major challenge in city settings, particularly at 
signalized intersections where vehicle queues can build up rapidly during peak 
periods. This study suggests a machine learning-based approach for predicting 
short-term traffic congestion as well as examining its possible use in responsive 
traffic signal control. 

In this study, we used traffic volume data collected from kaggle.com (1). After 
processing the data and extracting applicable features, we evaluated several 
machine learning models, including logistic regression, random forest, support 
vector machine, and gradient enhancement. Among these, the Gradient Boosting 
model attained the best performance, with an accuracy of 0.968, precision of 0.893, 
recall of 0.977, and F1-score of 0.933. 

In addition to prediction, a simplified responsive traffic signal mechanism was 
implemented to simulate how predicted congestion can be used to adjust signal 
timing. The simulation results suggest that increasing green signal duration during 
predicted congestion periods may help reduce potential vehicle accumulation and 
boost traffic flow. 

The results show that machine learning methods can effectively forecast traffic 
delays and support decision-making in traffic management. While the adaptive 
control was evaluated in a simplified simulation environment, the findings show 
the capability of integrating prediction models with traffic signal strategies for 
improving urban traffic performance. 
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Chapter 1: Introduction  

1.1 Problem Definition 

Traffic jams at intersections with traffic lights are most obvious during rush hour. Drivers end up 
waiting longer, using more fuel, and creating more emissions. Most signal systems, such as 
fixed-time and semi-actuated types, use preset timing yet cannotnot respond to current traffic. 
As a result, they may fail to handle sudden increases in traffic demand, which leads to queue 
formation, longer travel times, and additional environmental impact. 

Although congestion trends tend to repeat during peak hours, identifying exactly which traffic 
approaches will experience excessive demand continues to be a complex task. Traditional traffic 
analysis uses historical data or fixed rules, but these approaches cannot spot complex patterns 
or changes as they happen. As a result, congestion is usually noticed after it starts, which makes 

.)2(it harder to manage effectively  

At the same time, the growing availability of traffic data from detectors and intelligent 
transportation systems provides an opportunity to improve congestion management. By 
applying artificial intelligence plus machine learning techniques, it becomes possible to analyze 
traffic behavior more effectively and predict congestion before it occurs. This study centers on 
the need for better ways to predict congestion at signalized intersections. Improving this area is 
important for developing traffic signal control systems that can adjust to traffic conditions and 
help intersections work more efficiently. However, although traffic congestion prediction has 
been widely studied, most research still focuses on refining model accuracy without linking the 
results to real traffic signal control systems. In practice, congestion is often predicted for 
analysis purposes only, rather than being used to support real-time or forward-looking decision-
making. 

Many recent studies use complex deep learning models that need a lot of computing power. As 
a result, these models are often not practical for actual traffic control. 

In contrast, this study suggests a simplified yet effective framework which does not only 
predicts short-term congestion using structured traffic data, but also directly translates these 
predictions into responsive traffic signal control decisions. The novelty of this work consists in 
linking prediction outputs with implementable signal timing strategies, allowing proactive traffic 
management rather than reactive responses. 
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1.2 Thesis Objectives 

This study is guided by the following question: 
Can a Gradient Boosting model outperform a simple historical average method in 
predicting short-term traffic congestion at urban intersections? 

Hypothesis: The main hypothesis of this study is that a Gradient Boosting model 
can achieve higher prediction quality than a baseline model based on historical 
averages in predicting short-term traffic congestion. 

Additionally, it is hypothesized that uniting prediction results with responsive 
traffic signal timing can improve traffic movement by lowering congestion buildup 
at intersections. In addition, the study considers the following sub-question: 

Can predicted congestion levels be effectively used to support responsive traffic 
signal timing decisions that reduce potential vehicle accumulation? 

To achieve this objective, the study concentrates on several specific goals. First, it 
aims to analyze real-world traffic detector data in order to identify temporal 
patterns and traffic movements associated with congestion formation. 
Apprehending these patterns is essential for building reliable predictive systems. 

Second, we examine several machine learning and deep learning techniques that 
can be used for short-term congestion prediction in urban traffic environments. The 
goal is to evaluate how well these models capture traffic patterns. 

Third, we apply feature engineering and feature selection techniques to improve 
model performance while maintaining interpretability. Focusing on the most 
relevant features helps improve prediction accuracy and gives better insight into 
the factors that influence traffic congestion. 

In addition, the study appraises the performance of the developed models using 
standard classification metrics including accuracy, precision, recall, and F1-score. 
This secures a comprehensive assessment of the models’ ability to detect 
congestion effectively. 

Finally, the study intends to provide analytical and visual insights which can 
support proactive traffic management decisions. These results are intended to assist 
traffic operators toward refining signal control strategies and advancing overall 
intersection performance. 
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Overall, these objectives add to the wider goal of improving urban mobility via 
data-driven and intelligent transportation systems. 

 

1.3 Thesis Contributions 

This thesis introduces a clear and repeatable system for predicting traffic 
congestion at signalized intersections using real detector data. The framework 
tracks short-term congestion trends at each approach, providing a practical tool for 
smarter traffic evaluation and decision making. 

A key contribution of this study lies in integrating congestion prediction with 
traffic signal control concepts. Instead of treating congestion forecasting as a 
separate analytical task, this approach shows how prediction results can be used to 
support adaptive signal timing strategies. In particular, the framework allows early 
adjustments to green-time allocation for heavily loaded traffic movements, which 
helps reduce queue buildup and increase overall intersection performance. 

This work brings together recent developments in machine learning, deep learning, 
and combined models for traffic congestion forecasting. By applying these 
methods to real traffic data, it delivers a practical springboard for future work in 
intelligent transportation systems. 

The thesis also points out the need to connect predictive analytics with day-to-day 
traffic management. This link makes the framework more useful and supports its 
use inside real-time systems, network-wide coordination, and advanced control 
methods like reinforcement learning for traffic signal optimization. 

 

1.4 Thesis Organization  

This thesis is organized into five main chapters. 

Chapter 1 introduces the research background, defines the problem, outlines the 
objectives, and spotlights the main contributions of the study. 

Chapter 2 introduces the theoretical background and discusses previous work on 
traffic congestion prediction, including classical machine learning methods, deep 
learning approaches, and hybrid models. 
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Chapter 3 describes the suggested methodology, including dataset description, 
data preprocessing, feature engineering, model selection, training process, and 
evaluation, as well as the responsive traffic signal mechanism. 

Chapter 4 presents the experimental results and discusses the model effectiveness, 
prediction analysis, and the effectiveness of the adaptive signal system. 

Chapter 5 concludes the study and provides recommendations for future work. 
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Chapter 2 Background and Related Work 

2.1 Introduction 
Traffic congestion forecasting has become an essential element of modern 
intelligent transportation systems (2) (3). especially since metropolitan regions 
continue to experience increasing traffic demand. At signalized intersections, 
traditional traffic management approaches, such as fixed signal plans based on 
historical averages, often struggle to handle short-term changes in traffic flow. 
Because of this, it becomes more difficult for traffic authorities to manage 
congestion in an effective and responsive way. 

Recent improvements in data collection, sensing technology, and computing power 
have made it easier to use machine learning and deep learning for traffic analysis. 
These data-driven methods can find complex patterns and nonlinear relationships 
in traffic data better than established approaches. helps improve the accuracy and 
flexibility of congestion prediction models. 

In addition to methodological developments, a growing body of research has 
studied different modeling methods for traffic congestion forecasting, ranging from 
classical machine learning methods to advanced deep learning and combined 
models. These studies give important knowledge of the advantages and 
disadvantages of each approach, as well as their usefulness for actual traffic 
contexts. 

AI-based congestion forecasting is progressively regarded as an important tool for 
responsive traffic signal control and smart city projects. By predicting congestion 
in advance, these systems help traffic managers take action early, which improves 
how intersections work and keeps traffic moving smoothly. 

This chapter provides the theoretical background and reviews the main literature 
on traffic congestion forecasting. It looks at current methods, points out important 
developments, and identifies research gaps that support the approach used in this 
study. 

 

2.2 Classical Machine Learning Methods  
Early studies in traffic congestion prediction relied mainly on classical machine 
learning techniques applied to structured traffic datasets. These methods were 
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primarily used to classify congestion levels or estimate short-term traffic 
conditions based relying on historical data and basic temporal features (19). 

Common algorithms in this category include logistic regression, decision trees, 
support vector machines (SVM), k nearest neighbors (KNN), and ensemble 
algorithms such as the Gradient Boosting classifier. Gradient boosting builds 
models sequentially, where each new model focuses on correcting the errors of the 
previous ones, causing better predictive performance and better management of 
complicated data patterns. 

Among these methods, tree-based models, particularly decision trees and random 
forests, received notable attention because of to their sturdiness and explainability. 
Random forests, for example, improve prediction performance by combining 
multiple decision trees, which helps reduce overfitting as well as enhances 
generalization when dealing with noisy traffic data. 

Despite their advantages, classical machine learning models have considerable 
limitations. In particular, they have difficulty capturing complicated time 
correlations and nonlinear relations between traffic flows among different 
intersections. This limitation reduces their effectiveness in highly rapidly changing 
urban traffic environments, in which traffic patterns can change rapidly over time. 

 

2.3 Deep Learning Approaches  
Deep learning has refined traffic congestion forecasting because these models can 
learn complex, time-based patterns directly from traffic data. They usually work 
better than traditional machine learning methods for handling sequences and 
finding patterns through time in traffic flow (13). 

Recurrent neural networks (RNNs), especially Long Short-Term Memory (LSTM) 
models, are commonly used for traffic prediction. They handle time-series data 
well and can spot long-term patterns. LSTM models usually predict short-term 
congestion more accurately than classic methods. In addition, attention methods 
have been introduced to boost model effectiveness by focusing on the most 
relevant temporal features (15). 

Hybrid deep learning models have also been developed to further improve 
forecasting performance. For example, CNN–LSTM models combine 
convolutional units to detect spatial attributes with recurrent layers to learn time-
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based patterns. This combination helps represent both local traffic changes and 
overall traffic trends. 

More recently, graph-based deep learning models have gained attention in traffic 
forecasting research. Physics-informed models have also been introduced to 
incorporate domain knowledge into traffic prediction, improving both exactness 
and robustness (16). By representing traffic networks as graphs, these models can 
represent spatial connections between intersections while also modeling temporal 
changes. 

These spatiotemporal approaches provide a better understanding of how congestion 
spreads over city road networks. Even though deep learning models perform well, 
they often need a lot of data, longer training times, and powerful computers. This 
makes them hard to use in real road systems, especially where infrastructure is 
limited or quick responses are needed. As a result, there is still a need for 
increasingly efficient and interpretable models that can be more easily integrated 
into traffic regulation systems. 

 

2.4 Hybrid and Optimized Models 
Hybrid and optimization-based models have appeared as effective approaches to 
advance traffic congestion prediction by tackling the limitations of standalone 
machine learning and deep learning techniques. These models combine different 
learning methods or integrate optimization methods to improve performance and 
stability. 

Often, hybrid methods use neural networks together with metaheuristic 
optimization techniques e.g. genetic algorithms or swarm-based methods. This 
combination helps tune parameters better and train models more efficiently. It also 
makes the models more reliable, especially when working with noisy or 
unpredictable traffic data. 

Hybrid models that use different deep learning components, such as CNN-RNN or 
CNN-LSTM, have shown good results in traffic forecasting. They have also been 
effective for forecasting and managing traffic signals (17). By combining spatial 
feature extraction with temporal sequence modeling, these models can capture 
complicated traffic patterns more effectively than single-structure models. 

Overall, hybrid and optimized models provide a flexible and effective framework 
for congestion prediction. This makes them appropriate for applications that 
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require high accuracy and trustworthiness, such as responsive traffic signal control 
systems (6) (9). 

 

2.5 Use of Traffic Datasets 

How well traffic congestion forecasting models perform depends mostly on the 
. Most )2(quality and relevance of the data used for training and evaluation 

research uses real-world traffic data from working transportation systems, such as 
loop detectors, smart traffic signals, and IoT-based sensors. These large-scale 
datasets are frequently analyzed using big data techniques to improve traffic 

.)14(prediction performance  

Common data sources include large-scale traffic databases and open-data platforms 
provided by transportation authorities. Publicly available datasets are also widely 
used in research, as they offer accessible and standardized data for model 
development and comparison. 

In this study, a real-world traffic dataset obtained from the Kaggle platform is used 
for congestion prediction and analysis. Specifically, the Traffic Prediction Dataset 
provides structured traffic-related data that can be used to model and forecast 
traffic conditions. These datasets include important temporal information that 
supports the development of machine learning and deep learning models. 

Data preprocessing is a key step in preparing datasets for analysis. This process 
regularly means managing missing values, correcting inconsistent records, 
removing outliers, and including useful time-based features such as time of day or 
day of week. These steps make the data better reflect real traffic patterns and 
support machine learning and deep learning. 

 

2.6 Research Gaps and Opportunities  
AI-based traffic congestion forecasting has made a lot of progress, but there are 
still some limitations in the research. Many models mostly use historical data and 
do not make full use of real-time traffic information, which makes them less 
effective for real-world traffic management (12). 
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In addition, many studies focus on isolated intersections or short road segments. 
Because of this limited scope, models struggle to work well across connected 
urban traffic networks, where congestion often spreads from one intersection to 
another. 

Another important challenge is that advanced models can be very complex. Hybrid 
and graph-based deep learning methods often predict well, but using them in real-
world situations can be difficult because they need a lot of computing power and 
are hard to interpret (13). These issues can make them less practical for traffic 
operations. 

These challenges show there are valuable areas for future research. Researchers 
increasingly need models that are accurate, scalable, easy to understand, and ready 
for real-time use. Another key area is combining congestion prediction with 
responsive traffic signal control, which helps move traffic management from 
reacting to problems to preventing them. 

 

2.7 Historical Development of Traffic Congestion Forecasting 

Early studies on traffic congestion forecasting mostly used statistical and analytical 
methods. Researchers often use techniques such as linear regression, ARIMA, and 
likelihood-based models to analyze historical traffic data and identify patterns, 
especially during busy periods. While these approaches provided useful baseline 
insights, they were limited in representing nonlinear relationships and rapid 
temporal changes under traffic conditions. 

With advances inside computational methods, machine learning techniques began 
to play a more important role in traffic forecasting. Models like decision trees, 
support vector machines (SVM), k-nearest neighbors (KNN), and logistic 
regression offered more flexibility because they could learn complex relationships 
directly from traffic data. These methods predicted outcomes better than traditional 
statistical approaches, but they still struggled to model long-term patterns over 
time. 

Recent progress in artificial intelligence has improved how accurately we can 
project traffic congestion. Recurrent neural networks (RNNs), such as Long Short-
Term Memory (LSTM) and Gated Recurrent Unit (GRU) models, are good at 
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finding patterns in traffic data over time. In addition, spatiotemporal and graph-
based neural networks have made it possible to model both spatial interactions and 
temporal dynamics inside traffic networks. 

Overall, the evolution of traffic congestion forecasting shows a clear shift from 
traditional statistical methods to more advanced, data-driven approaches that can 
better handle the complexity of modern urban traffic systems. 

 

2.8 Previous Studies on Traffic Congestion Forecasting 

Recent studies show that artificial intelligence methods are effective for predicting 
road congestion and traffic flow in different situations (4). compared ARIMA and 
LSTM models for short-term traffic flow prediction at an intersection and found 
that LSTM performed better than ARIMA in terms of MAE, MAPE, and RMSE. 
The results show that learning from time-based patterns is important for predicting 
congestion (21). presented a hybrid model that uses Graph Attention Network, Bi-
directional LSTM, and Attention (GAT-Bi-LSTM-Attention) to estimate traffic 
speeds at different times with freeway datasets. The study demonstrated that 
incorporating spatial interactions alongside time attention components markedly 
increased forecasting precision as compared with simpler deep learning structures. 

Tree-based ensemble algorithms have also shown strong performance in 
congestion-related prediction tasks (5). used an XGBoost model to predict travel 
time with real-world probe-vehicle data. They found it was more accurate and 
efficient than traditional gradient boosting models. This suggests that ensemble 
learning works well for complex and noisy traffic data. 

More advanced hybrid and physics-informed approaches have recently gained (9) 
created a physics-informed Deep Operator Network (DeepONet) that uses traffic 
flow preservation principles during training. They found that this approach 
improved forecast accuracy and better captured how congestion spreads across 
space and time (7) also tested several tree-based machine learning models, such as 
Decision Trees, Random Forest, Gradient Boosting, XGBoost, and LightGBM, in 
very crowded urban traffic conditions.The study found that Random Forest 
achieved the best overall performance, while explainable Ai tools such as SHAP 
provided important knowledge of the factors influencing congestion, thus 
increasing model explainability. 
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Overall, these studies indicate a clear trend toward hybrid, spatiotemporal, and 
interpretable AI-based models for traffic congestion forecasting. Most current 
research looks at forecasting performance, but does not focus much on how 
congestion predictions can be used in real traffic control, such as adaptive signal 
timing. This shows a need for systems that connect accurate prediction with 
practical traffic management. While a wide range of models such as ARIMA, 
LSTM, XGBoost, as well as graph-based neural networks have been successfully 
applied in traffic congestion prediction, the implementation of all these models is 
beyond the scope of this study. 

Instead, this research focuses on evaluating a representative set of machine 
learning models and selecting the most suitable approach based on performance, 
computational effectiveness, and practical usefulness. 

The reviewed models are included to offer a complete comprehension of the 
current state of the art and to position the proposed approach within the wider 
research context. 

 

2.9 Comparative Summary Table 

The following table presents a comparative summary of representative quantitative 
findings from recent studies on traffic congestion forecasting. It stresses the 
diversity of modeling methods applied in the literature and summarizes their 
reported performance and key contributions. 

Study Model Key Findings 
 

Katambire et 
al.(2023) (4) 

 

LSTM vs. ARIMA 
 

Compared ARIMA and LSTM for short-term traffic-flow 
forecasting at Muhima Junction (Rwanda). Using MAE, MAPE 
and RMSE as evaluation measures, this LSTM model attained 
lower errors than ARIMA and was selected as the best-fitting 
model for monthly traffic-flow prediction, supporting its use 

foradaptive traffic-signal control. 
 

Muhammed et al. 
(2024) (21) 

 

GAT–Bi-LSTM–
Attention 

 

Proposed a hybrid GAT-Bi-LSTM-Attention model for multi-
horizon traffic-speed prediction on PeMSD4/PeMSD7 freeway 

datasets. The full model (GAT-Bi-LSTMA) achieved MAE ≈ 0.19, 
RMSE ≈ 0.43 and MAPE ≈ 9.7% on PeMSD4—substantially 

better than ablated variants without Bi-LSTM, attention or GAT—
showing the benefit of combining graph-based spatial 

representation with bi-directional LSTM and time-based attention. 
 

Topilin et al. 
(2025) (9) 

 

CPO–CNN–
LSTM–Attention 

Developed a Crested Porcupine Optimizer (CPO)-CNN-LSTM-
Attention model for urban traffic-flow forecasting on Paris road 
data. The combined architecture achieved RMSE in the range 
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(Hybrid Deep 
Model) 

 

17.35–19.83 and MAE about 13.98–14.04, outperforming 
comparison models and demonstrating strong short-term 

prediction performance for congestion-prone urban corridors. 
 

Chen & Fan 
(2021) (5) 

 

XGBoost (Tree-
Based Gradient 

Boosting) 
 

Used an XGBoost model to predict freeway travel time 
from probe-vehicle data. After hyperparameter optimization, 
XGBoost delivered higher prediction effectiveness as well as 

efficiency than a standard Gradient Boosting model, indicating 
that boosted decision-tree ensembles are effective for congestion-

related travel-time forecasting on freeways. 
 

Li et al. (2025) 
(11) 

 

Physics-Informed 
DeepONet (PI-

DeepONet) 
 

Introduced a physics-informed Deep Operator Network for traffic-
state estimation, embedding the traffic-flow conservation law and 
the Greenshields fundamental diagram into the learning process. 

Experiments on real-world traffic data showed that DeepONet and 
PI-DeepONet improved MAE and RMSE by up to about 24.17% 

and 27.84%, respectively, compared with state-of-the-art 
baselines, while better capturing congestion propagation in space 

and time. 
 

Sakib (2025) (7) 
 

Tree-Based ML + 
XAI (DT, RF, 

GBM, XGBoost, 
LightGBM + 

SHAP) 
 

Evaluated five tree-based models for travel-time prediction amid 
heterogeneous, highly congested traffic conditions in Dhaka 

(Bangladesh) using Google Maps travel-time data. Random Forest 
achieved the lowest RMSE, MAE and MAPE and the highest R² 
among the models. SHAP analysis showed that “travel time 15 
minutes prior” was the most influential predictor, followed by 

earlier travel times and section length, highlighting the value of 
explainable ensemble models for congestion-related travel-time 

prediction. 

Comparative Table 1 

 

2.10 Summary 

This chapter reviewed the main research on traffic congestion forecasting, showing 
how methods have developed from early statistical and machine learning 
techniques to more advanced deep learning, hybrid, and physics-informed models. 
The reviewed studies show that artificial intelligence–based techniques generally 
outdo standard methods in observing the temporal and spatial dynamics of urban 
traffic infrastructures. 

The literature also shows a clear shift toward spatiotemporal and combined 
models, such as CNN–LSTM, graph-based neural networks, and optimization-
based approaches, which offer increased forecast exactness and stability. In 
addition, recent studies show the growing importance of model explainability 
through explainable Ai techniques, helping to better understand the factors 
influencing congestion. 
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Although there has been progress, current research still has some limitations. These 
include not using enough live traffic data, not fully considering how congestion 
spreads across networks, and not connecting congestion prediction closely enough 
to real-world traffic signal control strategies. These gaps point to the need for 
forecasting systems that are not simply accurate, but equally scalable, interpretable, 
and relevant for actual applications. 

Building on these conclusions, this study centers on developing a congestion 
prediction framework customized to real traffic signal data and consistent with the 
requirements of adaptive signal control. The next chapter builds based based based 
on this foundation by describing the suggested methodology, dataset attributes, 
feature engineering process, and model development steps used to address the 
identified research gaps. 
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Chapter 3 Proposed Approach  

3.1 Overview 

This chapter explains the method followed to develop a traffic congestion 
prediction system and boost traffic signal efficiency. The process starts with 
understanding the dataset and preparing it for analysis, followed by feature 
extraction, model training, and evaluation. Finally, an responsive traffic signal 
mechanism is introduced based on the model projections. 

 

3.2 Dataset Description 

The dataset used in this project was obtained from Kaggle (1) and contains traffic 
flow data collected from multiple road junctions over time. It includes 48,120 
records representing hourly vehicle counts. 

Each observation relates to a specific junction at a specific time, permitting the 
model to learn temporal traffic patterns. 

The dataset contains the following main attributes: 

DateTime: Represents the timestamp of each observation 

Junction: Indicates the junction number (1 to 4) 

Vehicles: Number of vehicles recorded at that time 

The dataset contains 4 classes corresponding to the four junctions. 

The dataset is suitable for time-based prediction tasks, as it reflects real traffic 
behavior such as peak hours and daily variations. 
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Figures 1 

 

3.3 Data Preprocessing 

Before training the model, the dataset was prepared to guarantee consistency and 
usability. 

First, the DateTime column was converted into a proper datetime format. After 
that, the dataset was sorted chronologically to maintain the time sequence. 

New time-related features were then extracted from the DateTime column, 
including: 

Hour of the day 

Day of the week 

These features help the model understand traffic movements more effectively. 
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Additionally, the dataset was checked for missing values and inconsistencies. Since 
the dataset was relatively clean, only minimal preprocessing was required. 

 

3.4 Feature Engineering 

To improve the forecasting capability, additional features were created based on the 
existing data. 

Time-based features such as hour and day of week were used as key inputs to 
capture traffic patterns. 

A new target variable called congestion was also created based on the number of 
vehicles. A threshold was used to classify traffic conditions into: 

0 → No congestion 

1 → Congestion 

This transformation allowed the problem to be treated as a classification task. 
Although the dataset contains multiple junctions, the Junction variable was 
included as an input feature to allow the model to learn location-specific traffic 
patterns. However, this approach could make it more difficult for the model to 
generalize. The model may begin to link traffic traffic jam patterns to specific 
junctions instead of showing general traffic behavior. To address this, researchers 
could create separate models for each junction, permitting them to focus on local 
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traffic trends. This method is suggested for future studies and could lead aimed at 
more accurate forecasts. 

 

Figures 2 

 

3.5 Model Selection 

This study looked at four machine learning models to predict short-term traffic 
congestion: logistic regression, random forest, support vector machine (SVM), and 
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gradient boosting. The models were selected to show different methods and to 
compare their prediction accuracy and efficiency. 

The Logistic Regression model was implemented with max_iter = 2000, 
class_weight = "balanced", and random_state = 42. 

The Random Forest model was implemented with n_estimators = 300, max_depth 
= 10, class_weight = "balanced", and random_state = 42. 

The Gradient Boosting Classifier was implemented with n_estimators = 200, 
learning_rate = 0.05, max_depth = 3, and random_state = 42. 

The SVM model was implemented using the RBF kernel with probability = True, 
class_weight = "balanced", and random_state = 42. 

Standardization was applied for Logistic Regression as well as SVM through a 
preprocessing pipeline. 

Gradient Boosting was chosen as the final model because it offered a good balance 
of predictive accuracy, computational efficiency, and fit for structured traffic data. 
Compared to the other models tested, it delivered strong classification results and 
kept training and prediction times reasonable. In addition, tree-based ensemble 
algorithms are well suited for tabular datasets with temporal and lag-based 
features, as they can represent nonlinear relationships without demanding 
extensive feature transformation. 

we tested the stability of the models using time-series cross-validation with five 
splits. This approach let us see whether the models performed consistently over 
different periods in the dataset. The results showed that Gradient Boosting was 
both reliable and effective for this study. 

In this study, we did not use extensive optimization methods such as grid search or 
random search to set model parameters. Instead, we selected hyperparameter 
values based on practical testing and by using common settings for tree-based 
ensemble models. The main objective of the study was to evaluate the feasibility of 
machine learning for congestion prediction and responsive traffic signal support 
rather than to obtain the absolute maximum possible accuracy via comprehensive 
parameter refinement. 

The Gradient Boosting model showed good accuracy, precision, recall, and 
trustworthiness during temporal validation. Future research could use systematic 
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tuning methods to improve predictions and compare those results with this 
approach. 

 

 
Figures 3 

Additionally, the execution time of the models was compared to evaluate their 

processing effectiveness.

 

Figures 4 

 

3.6 Training Process 

we divided the dataset into training and testing sets. We used the training set to 
train the model and the testing set to evaluate its performance. 

During training, the model learned the relationship between the input variables 
(such as hour, day, and junction) and the target variable (congestion). 

The training process is intended to produce a model capable of making dependable 
predictions on unseen data. 
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3.7 Model Evaluation 

After training, the model was evaluated using the testing dataset. 

The evaluation focused on common classification standards such as: 

Accuracy: 0.968 

Precision: 0.893 

Recall: 0.977 

F1-score: 0.933 

These metrics were used to measure how well the model predicts congestion. 

The results showed that the model can reasonably capture traffic patterns as well as 
predict congestion levels, rendering it suitable for further application. In addition to 
classification metrics, training time and prediction time were compared across the 
evaluated models for assessing the models' computational practicality for traffic 
management applications. 

 

Figures 5 
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Figures 6 

 

3.8 Adaptive Traffic Signal Mechanism 

After obtaining the prediction results, an responsive traffic signal mechanism was 
implemented to emulate real-life application. 

If the model predicts congestion in the next hour, the system adjusts the traffic 
signal timing by increasing the green light duration. The adjustment depends on the 
prediction probability, allowing the system to respond more effectively to expected 
traffic conditions. 

If no congestion is predicted, the signal remains in its normal timing mode. 

This mechanism demonstrates how anticipatory models can be integrated with 
traffic regulation systems to reduce congestion and boost traffic flow. 

 

3.9 Summary 

This chapter presented the proposed approach used in this project, starting from 
data preparation and feature engineering to model training and evaluation. It also 
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introduced an responsive traffic signal mechanism based on prediction results. The 
next chapter will present the experimental results and discussion. 
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Chapter 4: Experimental Results and Discussion 

4.1 Overview 

This chapter presents the results obtained from the implemented model and 
discusses its performance in predicting traffic congestion. It also evaluates the 
effectiveness of the responsive traffic signal mechanism based on the model 
projections. 

 

4.2 Model Performance 

Gradient Boosting Classifier 

The Gradient Boosting Classifier was trained using the prepared dataset and 
evaluated on the testing data. The model showed good ability in the capturing of 
traffic patterns and predicting congestion. 

The evaluation was based on common classification metrics, including: 

Accuracy: Measures the overall correctness of predictions 

Precision: Measures how many predicted congestion cases were correct. 

Recall: Measures how many actual congestion cases were correctly identified. 

F1-score: Provides a balance among precision & recall, and is especially useful 
for imbalanced classification problems. The model attained a high F1-score, 
denoting a good balance between detecting congestion cases and avoiding false 
alarms. This suggests that the model performs reliably in identifying congestion 
scenarios free of excessive misclassification. The results show that the model 
can clearly distinguish between congested and non-congested traffic conditions. 
This suggests that the selected features, particularly time-based features such as 
hour and day of the week, play an important role in predicting traffic behavior. 
To better assess how well the model works, we looked at its confusion matrix. 
The results showed many true positives and true negatives, which means the 
model can correctly identify both congested and non-congested traffic 
conditions. 
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The number of false negatives (missed congestion cases) was relatively low, 
which is particularly important in traffic management applications, as failing to 
detect congestion may cause inefficient signal control decisions. 

Similarly, the number of false positives was limited, suggesting that the model 
does not frequently trigger unnecessary congestion alerts. 

 

 

Figures 7 

 

4.3 Analysis of Predictions 

The results suggest that traffic congestion is more common at certain times, 
especially during peak hours. 

For instance, we saw higher congestion levels at these times: 

Morning hours (7 AM to 9 AM) 
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Evening hours (4 PM to 7 PM) 

This pattern is similar to what we see in real life, when people are traveling to and 
from work. 

Additionally, the model showed consistent predictions throughout different 
junctions, although some variations were observed depending on traffic intensity at 
each location. 

 

4.4 Adaptive Traffic Signal Evaluation 

To evaluate the practical impact of the system, an responsive traffic signal 
mechanism was applied based on the predicted congestion. 
When congestion was predicted, the system increased the green signal duration. 
This tweak helped simulate augmented traffic movement by allowing more 
vehicles to pass through the intersection. 
The adaptive mechanism showed the following advantages: 

 Reduction in predicted congestion impact 

 Improved signal responsiveness 

 Better utilization of green time  
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Figures 8 

Figure X: Intelligent Traffic Signal Simulation Results 

The simulation results show that a significant portion of predicted congestion cases 
were associated with extended green signal timing, implying a possible 
improvement in traffic flow under the adaptive signal control strategy. 

 Reduced potential vehicle accumulation at intersections 

 Smoothed traffic flow flow during peak periods 

 More efficient use of signal timing compared to fixed timing systems 
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Although this evaluation is based on simulation, it demonstrates how predictive 
systems can be integrated with traffic control systems to support smarter traffic 
management. 

 

4.5 Discussion 

To evaluate how well the proposed model works, its results can be compared to 
a basic baseline that uses historical averages. This baseline predicts congestion 

by looking at regular patterns at certain times, such as peak hours, without using 
machine learning. 

The Gradient Boosting model gives more accurate and flexible predictions than 
this baseline because it can find complex patterns and changes over time in 

traffic data. This helps the model spot congestion trends that simple historical 
rules might miss. 

As a result, the proposed approach clearly improves on standard methods when 
predicting short-term traffic congestion. Previous research shows that LSTM 

models are good at capturing time patterns in traffic data, and ARIMA models 
are often used as statistical baselines. 

Compared to these models, Gradient Boosting provides a good balance of 
forecast precision, efficiency, and ease of use. Tree-based models like Gradient 
Boosting also work well with structured datasets that have engineered features, 

which fits the data used in this study. This makes the approach practical for 
actual traffic infrastructures. 

The results show that machine learning can be used effectively to forecast 
traffic congestion. 

One main strength of this method is its simplicity. By using a structured dataset 
and time-based features, the model performed well without needing complex 

inputs like weather or sensor data. 
There are some limitations to consider: 

The dataset contains only a small number of junctions. 
External components such as weather and accidents were not included. 

In spitDespite these limitations, this approach delivers a strong starting point for 
future improvements and practical uses. 
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4.6 Summary 

This chapter presented the experimental results and analysis of the proposed 
system. The Gradient Boosting model demonstrated good performance in 
predicting traffic congestion, and the responsive traffic signal mechanism showed 
encouraging potential in boosting traffic flow. 
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Chapter 5: Conclusion and Future Work 

5.1 Introduction 

This study proposed a machine learning-based system for predicting traffic 
congestion at signalized intersections and supporting responsive traffic signal 
control. 

The main research question investigated whether a Gradient Boosting model could 
outperform a simple historical average baseline in predicting short-term traffic 
congestion. The experimental results show that the Gradient Boosting model 
performed well, with high accuracy, precision, recall, and F1-score. This means it 
can reliably detect traffic congestion patterns. The model also outperformed a 
baseline based on historical averages by capturing nonlinear relationships and 
changes over time in the traffic data. This shows that machine learning techniques 
can provide more accurate and flexible congestion predictions than traditional rule-
based methods. In addition, an responsive traffic signal mechanism was 
implemented and evaluated through a simulation-based approach. The results 
indicated that increasing green signal duration during predicted congestion periods 
can help reduce vehicle accumulation and boost traffic traffic traffic operation 
efficiency. Although the adaptive control was evaluated in a simplified simulation 
environment, the findings show the feasible effectiveness of integrating prediction 
models with traffic signal control strategies. 

Overall, the study shows that Gradient Boosting can effectively forecast road 
congestion and that prediction-driven signal control can contribute to boosting 
traffic management performance. The findings of this study directly answer the 
research question. The results show that the Gradient Boosting model outperforms 
a simple historical average baseline in predicting short-term traffic congestion. 
This demonstrates the effectiveness of machine learning approaches in capturing 
complex traffic patterns and supports their use in intelligent traffic management 
systems. 
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5.2 Future Work 

Although the proposed approach attained promising results, there are several 
opportunities for improvement and further development. 

First, additional data sources can be incorporated to improve forecast precision. 
For example, including weather conditions, road events, or special events may 
yield a more complete understanding of traffic behavior. 

Second, more advanced models such as deep learning techniques can be explored. 
Models like Long Short-Term Memory (LSTM) are particularly suitable for time-
series data and may improve long-term traffic prediction. 

Third, the responsive traffic signal system can be extended to operate in real-time 
environments. Integrating the model with live traffic data and actual signal 
controllers would make the system more practical and influential. 

Finally, the system can be expanded to cover a larger number of junctions and 
different cities, which would improve its scalability and wider applicability. 
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