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Abstract: Traffic congestion has become a major challenge in urban areas due to rapid population growth and increasing
vehicle density. Conventional traffic signal systems operate on fixed timing schedules and fail to adapt to real-time traffic
conditions, leading to inefficient traffic flow and increased delays. This paper proposes an Al-based real-time traffic
congestion prediction and adaptive signal optimization system to address these limitations. The system utilizes techniques
from Machine Learning to analyze traffic parameters such as vehicle density, time of day, and historical traffic patterns.
A predictive model is developed to classify congestion levels, and based on the predicted output, signal timings are
dynamically adjusted to optimize traffic flow. The proposed approach improves traffic efficiency by reducing vehicle
waiting time and minimizing congestion at intersections. Experimental results demonstrate that the Al-based system
outperforms traditional fixed-time signal control methods in terms of accuracy and overall traffic management
performance. This work contributes to the development of intelligent and scalable solutions aligned with modern Smart
City initiatives.
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I. INTRODUCTION

Traffic congestion has emerged as a persistent and complex problem in urban environments due to rapid population
growth, increased vehicle ownership, and limited expansion of road infrastructure. Conventional traffic management
systems rely heavily on fixed-time signal control, which operates on pre-defined schedules without considering real-time
traffic variations. As a result, these systems often lead to inefficient traffic flow, longer waiting times at intersections,
and increased fuel consumption.

In recent years, advancements in Artificial Intelligence and Machine Learning have enabled the development of data-
driven approaches for traffic analysis and prediction. These technologies can process large volumes of traffic data
collected from sensors, cameras, and historical records to identify patterns and predict congestion levels with high
accuracy. By leveraging predictive models, it becomes possible to anticipate traffic build-up before it occurs and take
proactive measures to mitigate congestion.

This paper proposes an Al-based real-time traffic congestion prediction and adaptive signal optimization system that
integrates machine learning techniques with dynamic traffic signal control. The proposed system predicts congestion
levels based on input parameters such as traffic density and time of day, and accordingly adjusts signal timings to optimize
traffic flow at intersections.

Background and Motivation

With the continuous growth of urban populations, traffic congestion has become unavoidable. Traditional traffic control
systems lack adaptability and cannot respond effectively to real-time changes in traffic patterns.

Machine learning techniques provide an opportunity to analyze traffic data and identify complex patterns. By utilizing
parameters such as traffic volume, vehicle speed, weather conditions, and time, it is possible to build intelligent systems
that predict congestion levels accurately.

The motivation behind this project is to develop a system that:

e  Predicts congestion dynamically

e  Uses real-world parameters

e  Optimizes signal timing
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e Improves overall traffic efficiency
This project contributes toward building smart and adaptive traffic management systems.

A. Problem Statement

To design and develop an intelligent traffic management system that can predict traffic congestion levels using machine
learning techniques based on parameters such as traffic volume, vehicle speed, weather conditions, and time of day.
The system aims to overcome the limitations of traditional fixed-time traffic signals by dynamically optimizing signal
timings according to real-time traffic conditions, thereby reducing congestion, improving traffic flow efficiency, and
minimizing delays in urban transportation systems.

B. Contributions

This work presents the design and development of an Al-based traffic congestion prediction system that leverages
machine learning techniques to analyze real-world traffic parameters such as traffic volume, vehicle speed, weather
conditions, and temporal factors. The system utilizes a Random Forest model to learn complex patterns from the dataset
and accurately classify congestion levels into low, medium, and high categories. In addition to prediction, the model
generates confidence scores, enabling users to understand the reliability of the output and making the system more
transparent and interpretable.

Furthermore, the project integrates a signal optimization mechanism that dynamically adjusts traffic signal timings based
on the predicted congestion level, thereby improving traffic flow efficiency and reducing delays. A user-friendly
graphical interface is developed to allow easy input of traffic parameters and clear visualization of results. The overall
system demonstrates a practical approach toward intelligent traffic management by combining prediction, decision-
making, and usability, contributing to the advancement of smart and adaptive transportation systems.

II. RELATED WORK

Several research studies have explored the use of machine learning techniques for traffic congestion prediction and
management. Traditional traffic control systems primarily rely on fixed signal timings and limited sensor-based inputs,
which are not capable of adapting to dynamic traffic conditions. With the advancement of artificial intelligence, various
models such as Decision Trees, Support Vector Machines, and Random Forest algorithms have been applied to analyze
historical traffic data and predict congestion levels. These approaches have shown improved accuracy compared to
conventional systems by identifying patterns in traffic flow and enabling data-driven decision-making.

In recent years, smart traffic management systems have been developed by integrating machine learning with
technologies such as IoT and real-time data collection. These systems utilize data from sensors, cameras, and GPS devices
to monitor traffic conditions and make adaptive decisions. Some studies have also focused on optimizing traffic signal
timings based on predicted congestion levels, thereby improving traffic flow efficiency. However, many existing systems
are either dependent on expensive infrastructure or lack user-level interaction and interpretability in their predictions.

Despite these advancements, several limitations still exist in current research. Many systems consider only a limited
number of parameters and fail to incorporate multiple influencing factors such as weather conditions and temporal
variations simultaneously. Additionally, most existing approaches do not provide confidence-based predictions, making
it difficult to assess the reliability of results. This project aims to address these gaps by developing a comprehensive
machine learning-based system that integrates multiple parameters, provides reliable predictions with confidence scores,
and offers a practical and user-friendly solution for real-time traffic congestion prediction and signal optimization.

A. Traditional Traffic Systems

The traditional traffic management systems are based on fixed-time signal control, where traffic signals operate using
predefined timing schedules regardless of real-time traffic conditions. These systems depend on basic observations or
limited sensor inputs and do not adapt to fluctuations in traffic density caused by peak hours, weather conditions, or
unexpected events such as accidents and road construction. The decision-making process in such systems is static and
relies heavily on manual configuration and prior assumptions about traffic patterns.

Although traditional traffic systems have been widely used and are relatively simple to implement, they suffer from
several limitations. These systems are unable to handle large volumes of dynamic traffic data and lack automation, which
results in inefficient traffic flow and increased congestion. Additionally, fixed signal timings often lead to unnecessary
delays, especially in areas with highly variable traffic conditions, making these systems less effective in modern urban
environments.
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B. Al-Based Traffic Systems

Al-based traffic systems employ machine learning algorithms and data analysis techniques to predict traffic congestion
and optimize signal timings dynamically. These systems analyze large datasets that include traffic volume, vehicle speed,
weather conditions, and temporal factors to identify patterns and make accurate predictions. The objective of Al-based
traffic systems is to process massive amounts of traffic data efficiently and provide intelligent decision-making
capabilities for real-time traffic management.

Common machine learning algorithms used in these systems include Support Vector Machines, Decision Trees, and
Random Forests. These models establish relationships between different traffic parameters and congestion levels,
enabling accurate predictions. The application of Al in traffic systems offers several advantages, such as faster data
processing, improved prediction accuracy, and adaptability to changing conditions. However, challenges such as real-
time data integration, system scalability, and computational complexity still need to be addressed for practical large-scale
implementation.

C. Smart Traffic Management Systems

Smart traffic management systems integrate machine learning with advanced technologies such as IoT, sensors, and real-
time data collection to enhance traffic control mechanisms. These systems collect data from multiple sources, including
cameras, GPS devices, and road sensors, to monitor traffic conditions continuously. The collected data is processed using
machine learning models to predict congestion levels and optimize traffic signals dynamically.

Such systems are highly effective in improving traffic flow efficiency and reducing congestion. However, they often
require expensive infrastructure and complex implementation. Additionally, many smart systems focus primarily on data
collection and prediction but lack user-level interaction and interpretability, which limits their usability in real-world
scenarios.

D. Multi-Parameter Traffic Analysis

Multi-parameter traffic analysis involves the use of various factors such as traffic volume, speed, weather conditions, and
time to predict congestion levels. Unlike traditional systems that rely on a single parameter, this approach considers
multiple influencing factors simultaneously to improve prediction accuracy. By analyzing different parameters together,
machine learning models can capture complex relationships in traffic patterns.

This approach is essential for modern traffic systems, as congestion is influenced by multiple dynamic factors.
Incorporating multiple parameters enhances the reliability of predictions and enables better decision-making in traffic
management systems.

E. Gaps in Existing Literature

Despite the advancements in traffic prediction systems, several limitations still exist in current research. Many existing
systems focus on limited parameters and fail to incorporate all relevant factors such as weather conditions and temporal
variations. Additionally, most systems do not provide confidence-based predictions, making it difficult to assess the
reliability of the results.

Furthermore, many advanced systems depend on expensive infrastructure and lack user-friendly interfaces, which limits
their practical applicability. Therefore, there is a need for a comprehensive system that integrates multiple parameters,
provides accurate predictions with confidence scores, and offers a simple and effective user interface. This project aims
to address these gaps by developing an Al-based real-time traffic congestion prediction and signal optimization system.

II1. SYSTEM DESIGN

The proposed Al-based real-time traffic congestion prediction and signal optimization system is designed as an integrated
framework that combines data processing, machine learning, and decision-making components. The system operates by
collecting traffic-related inputs, preprocessing the data, extracting meaningful features, and applying a trained machine
learning model to predict congestion levels. Based on the prediction, the system dynamically determines optimal signal
timings to improve traffic flow. The design focuses on accuracy, adaptability, and usability, ensuring that the system can
function effectively in real-world traffic scenarios.

A. System Architecture Overview

The system architecture consists of multiple interconnected modules that work sequentially to process input data and
generate output predictions. Initially, the system accepts user input or dataset values such as traffic volume, vehicle speed,
weather conditions, and time of day. This input data is then passed through a preprocessing module where inconsistencies
and missing values are handled. After preprocessing, feature engineering is performed to transform raw data into
meaningful features that can be used for model training.

The processed data is then fed into a machine learning model, specifically a Random Forest classifier, which has been
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trained to recognize patterns in traffic conditions. The model predicts the level of congestion as low, medium, or high.
Based on this prediction, the signal optimization module calculates the appropriate signal duration. Finally, the results
are displayed through a graphical user interface, which provides the predicted traffic level, confidence score, and
recommended signal timing.

B. Data Acquisition and Input Module

The data acquisition module is responsible for collecting traffic-related data required for prediction. The dataset used in
this project includes parameters such as traffic volume, average vehicle speed, weather conditions, roadwork activity,
and congestion level. These parameters represent real-world factors that influence traffic conditions.

In addition to dataset-based training, the system also allows real-time user input through a graphical interface. Users can
manually enter values such as traffic volume, time, and weather conditions. This dual approach ensures that the system
can be used both for training and real-time prediction. The quality and accuracy of input data play a crucial role in
determining the effectiveness of the system.

C. Data Preprocessing Module

The preprocessing module ensures that the input data is clean, consistent, and suitable for machine learning. In this stage,
missing values are identified and removed to prevent errors during model training. Categorical variables such as weather
conditions and roadwork activity are converted into numerical values using mapping techniques.

Additionally, normalization is applied to numerical features such as traffic volume and speed to bring them into a
consistent range. This step is important to ensure that no single feature dominates the model. Preprocessing improves the
overall quality of the dataset and enhances the performance and accuracy of the machine learning model.

D. Feature Engineering Module

Feature engineering plays a critical role in improving the predictive capability of the system. In this module, new features
are derived from existing data to better represent traffic conditions. For example, traffic volume and speed are normalized
to capture their relative impact, and time-based features such as peak hours and weekends are introduced.

These engineered features help the model understand complex traffic patterns and relationships between different
parameters. By transforming raw data into meaningful representations, feature engineering enhances the accuracy and
efficiency of the prediction model.

E. Machine Learning Model Module

The core component of the system is the machine learning model used for traffic prediction. In this project, a Random
Forest classifier is employed due to its high accuracy, robustness, and ability to handle multiple features effectively. The
model is trained using the preprocessed dataset, where it learns the relationship between input features and congestion
levels.

During prediction, the trained model analyzes the input data and classifies traffic conditions into three categories: low,
medium, and high. Additionally, the model provides probability scores for each class, which are used to calculate the
confidence level of the prediction. This makes the system more reliable and interpretable.

F. Congestion Prediction and Decision Module

The congestion prediction module processes the output generated by the machine learning model and determines the final
traffic level. Based on the predicted class and confidence score, the system identifies whether the traffic condition is low,
medium, or high.

This module acts as the decision-making unit of the system, translating model outputs into actionable results. The
inclusion of confidence scores allows users to understand the certainty of predictions, which is important for real-world
applications.

G. Signal Optimization Module

The signal optimization module is responsible for dynamically adjusting traffic signal timings based on the predicted
congestion level. When the traffic level is low, shorter signal durations are assigned to reduce unnecessary waiting time.
For medium traffic, moderate signal timings are used, while high congestion levels result in longer green signal durations
to clear traffic effectively.

This adaptive approach improves traffic flow efficiency and reduces congestion at intersections. Unlike traditional fixed-
time systems, this module enables real-time decision-making based on current traffic conditions.

H. User Interface Module
The user interface module provides a platform for interaction between the user and the system. A graphical user interface
is developed using Tkinter, allowing users to input traffic parameters such as traffic volume, time, and weather conditions.
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The interface is designed to be simple and intuitive, ensuring ease of use.

The output is displayed in a clear and understandable format, showing the predicted traffic level, confidence score, and
recommended signal timing. This module enhances the usability of the system and makes it accessible to users without
technical expertise.

IV. METHODOLOGY

The methodology of the proposed Al-based real-time traffic congestion prediction and signal optimization system
involves a sequence of structured steps starting from data collection to final prediction and signal control. The process
includes data acquisition, preprocessing, feature engineering, model development, prediction, and optimization. Each
stage plays a crucial role in ensuring the accuracy and efficiency of the system. The workflow is designed to handle real-
world traffic parameters and produce reliable predictions that can be used for dynamic traffic signal management.

A. Dataset Description

The dataset used in this project contains traffic-related parameters that influence congestion levels. These parameters
include traffic volume, average vehicle speed, weather conditions, roadwork activity, and congestion level. The dataset
represents real-world traffic conditions and is used to train the machine learning model. Each record in the dataset
corresponds to a specific traffic scenario, allowing the model to learn patterns between input features and congestion
levels.

The dataset includes both numerical and categorical attributes. Numerical features such as traffic volume and speed
represent measurable traffic conditions, while categorical features such as weather conditions and roadwork activity
represent environmental factors. The diversity of the dataset helps the model generalize better and improves prediction
accuracy.

B. Data Preprocessing

Data preprocessing is an essential step to ensure that the dataset is clean, consistent, and suitable for machine learning.
Initially, missing values and inconsistencies in the dataset are identified and removed to prevent errors during training.
Categorical variables such as weather conditions and roadwork activity are converted into numerical values using
encoding techniques.

Normalization is applied to numerical features such as traffic volume and average speed to bring them into a uniform
scale. This prevents any single feature from dominating the model and improves learning efficiency. The preprocessing
step enhances the quality of the data and ensures that the model can extract meaningful patterns.

C. Feature Engineering

Feature engineering involves creating new features from existing data to improve the predictive performance of the
model. In this project, traffic volume and speed are normalized to capture their relative importance. Additional features
such as peak hour indicators and weekend flags are introduced based on time inputs.

These engineered features help the model understand complex relationships between traffic conditions and congestion
levels. By combining multiple parameters, the system can capture dynamic traffic patterns more effectively. Feature
engineering plays a significant role in improving model accuracy and overall system performance.

D. Model Development

The model development stage involves selecting and training a suitable machine learning algorithm for traffic prediction.
In this project, a Random Forest classifier is used due to its high accuracy, robustness, and ability to handle multiple input
features. The model is trained using the preprocessed dataset, where it learns the relationship between input parameters
and congestion levels.

During training, the dataset is divided into training and testing sets to evaluate model performance. The Random Forest
algorithm constructs multiple decision trees and combines their outputs to produce a final prediction. This ensemble
approach reduces overfitting and improves prediction accuracy. The trained model is then stored and used for real-time
prediction.

E. Prediction Process

The prediction process involves providing input parameters such as traffic volume, time, and weather conditions to the
trained model. The model processes these inputs and predicts the congestion level as low, medium, or high. Along with
the prediction, the model also generates probability values for each class, which are used to calculate the confidence
score.

The confidence score indicates how certain the model is about its prediction, making the system more transparent and
reliable. This step ensures that the system can provide meaningful insights into traffic conditions based on user input.
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F. Signal Optimization Technique

The signal optimization technique is designed to adjust traffic signal timings dynamically based on the predicted
congestion level. When the predicted traffic level is low, shorter signal durations are assigned to minimize waiting time.
For medium congestion, moderate signal timings are used, while high congestion levels result in longer green signal
durations to clear traffic efficiently.

This adaptive signal control mechanism improves traffic flow and reduces congestion at intersections. Unlike traditional
fixed-time systems, this approach ensures that signal timings are aligned with real-time traffic conditions, making the
system more efficient and responsive.

G. Evaluation Metrics

The performance of the machine learning model is evaluated using standard metrics such as accuracy, precision, recall,
and F1-score. Accuracy measures the overall correctness of the model, while precision and recall evaluate its performance
in identifying specific congestion levels. The F1-score provides a balance between precision and recall.

Additionally, a confusion matrix is used to analyze the relationship between actual and predicted values. These evaluation
techniques help assess the effectiveness of the model and ensure that it performs reliably under different traffic conditions.

V. RESULTS

The performance of the proposed Al-based real-time traffic congestion prediction and signal optimization system was
evaluated using the prepared dataset and the trained machine learning model. The system was tested with multiple input
scenarios consisting of different traffic volumes, weather conditions, and time values to analyze its prediction capability.
The results demonstrate that the model is capable of accurately classifying traffic conditions into low, medium, and high
congestion levels. The inclusion of multiple parameters such as traffic volume, speed, and weather conditions
significantly improved the prediction accuracy and enabled the system to adapt to different traffic situations.

The system also provides confidence scores along with each prediction, which indicate the reliability of the output. It
was observed that the model produced higher confidence values for clearly distinguishable traffic conditions, such as
very low or very high traffic volumes, while moderate conditions resulted in comparatively lower confidence scores. This
behavior reflects the model’s ability to handle uncertainty and provide meaningful insights into prediction reliability.

A. Performance of Prediction Model

The Random Forest classifier used in this project showed strong performance in predicting traffic congestion levels. The
model effectively learned patterns from the dataset and was able to generalize well to new input conditions. The
evaluation of the model using standard metrics such as accuracy, precision, recall, and F1-score indicated satisfactory
performance across all congestion categories.

The model demonstrated high accuracy in distinguishing between low and high traffic conditions, while moderate
congestion levels required more nuanced decision-making. The use of multiple decision trees in the Random Forest
algorithm contributed to improved prediction stability and reduced overfitting, making the model reliable for practical
applications.

B. Effectiveness of Feature Engineering

Feature engineering played a significant role in improving the performance of the system. By incorporating normalized
traffic volume, speed, and time-based features such as peak hours and weekends, the model was able to capture complex
relationships between different parameters. These features helped the model differentiate between various traffic
conditions more effectively.

The inclusion of weather conditions further enhanced prediction accuracy, as it introduced environmental factors that
influence traffic behavior. Overall, feature engineering contributed to better generalization and improved the robustness
of the model

C. Signal Optimization Performance

The signal optimization module successfully adjusted traffic signal timings based on the predicted congestion level. For
low congestion conditions, shorter signal durations were assigned, reducing unnecessary waiting time. In medium traffic
scenarios, moderate signal timings ensured balanced traffic flow, while high congestion levels resulted in longer green
signal durations to clear traffic efficiently.

This adaptive signal control mechanism demonstrated improved traffic flow compared to traditional fixed-time systems.
By aligning signal timings with real-time traffic conditions, the system was able to reduce congestion and enhance overall
road efficiency.
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D. Comparative Analysis

A comparative analysis between the proposed system and traditional traffic management systems shows significant
improvements in performance. Unlike fixed-time systems, the proposed system dynamically adjusts signal timings based
on current traffic conditions, leading to better traffic management.

Additionally, compared to basic machine learning models, the use of Random Forest with feature engineering provided
higher accuracy and more stable predictions. The inclusion of confidence scores further enhances the interpretability of
the system, making it more practical for real-world applications.

E. Practical Observations

During testing, it was observed that the system responds effectively to changes in input parameters. Increasing traffic
volume or selecting peak hours resulted in higher congestion predictions, while lower traffic inputs produced low
congestion outputs. Weather conditions such as rain also contributed to increased congestion levels, demonstrating the
system’s ability to consider multiple influencing factors.

These observations confirm that the system behaves logically and aligns with real-world traffic patterns. The user
interface also provide d clear and understandable outputs, making the system accessible for practical use.

VI. DISCUSSION

From the results obtained from the proposed system, it is evident that the application of machine learning techniques is
highly effective for traffic congestion prediction and signal optimization. The integration of multiple traffic-related
parameters such as traffic volume, vehicle speed, weather conditions, and time enables the system to accurately model
real-world traffic scenarios. The use of a Random Forest algorithm ensures stable and reliable predictions, while the
inclusion of confidence scores enhances the interpretability of the results.

Feature engineering techniques used during data preprocessing play a crucial role in improving model performance. The
transformation of raw traffic data into meaningful features such as normalized values and time-based indicators allows
the system to capture complex traffic patterns more effectively. Additionally, the signal optimization mechanism makes
the system more practical by converting predictions into actionable decisions, thereby improving traffic flow efficiency
and reducing congestion at intersections.

It is important to note that the performance of the system largely depends on the quality and diversity of the dataset used
for training. If the dataset is incomplete or lacks variation, the prediction accuracy may be affected. Furthermore, the
system is designed to assist in traffic management rather than fully replace existing infrastructure, and it should be
considered as a supportive tool for improving traffic efficiency.

A. Interpretation of Findings

Based on the experimental results, it can be observed that machine learning algorithms are effective in predicting traffic
congestion levels and improving traffic management processes. The use of ensemble learning through the Random Forest
model enhances prediction accuracy and stability by combining multiple decision trees. The system consistently produces
logical predictions, where higher traffic volumes and peak-hour conditions result in higher congestion levels, while lower
inputs produce lower congestion outputs.

Another important factor contributing to the effectiveness of the system is the use of multi-parameter analysis. By
incorporating traffic volume, speed, weather conditions, and temporal features, the system is able to capture complex
relationships between different factors influencing traffic. The inclusion of confidence scores further strengthens the
system by providing insight into prediction reliability, making the outputs more meaningful and trustworthy.

B. Practical Implications

The implementation of the proposed system can significantly improve traffic management in urban areas. By predicting
congestion levels in advance and adjusting signal timings dynamically, the system can reduce traffic delays, improve
road utilization, and enhance overall transportation efficiency. The adaptive signal control mechanism ensures that traffic
signals respond to real-time conditions, which is a major improvement over traditional fixed-time systems.

Moreover, the system can serve as a decision-support tool for traffic authorities by providing data-driven insights into
traffic patterns. The user-friendly interface allows easy interaction, making the system accessible for practical use. In the
context of smart cities, such intelligent traffic systems can play a vital role in reducing congestion, minimizing fuel
consumption, and lowering environmental impact.
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C. Limitations of the Study

Despite its effectiveness, the system has certain limitations that must be considered. The performance of the model is
highly dependent on the quality and quantity of the dataset used for training. If the dataset is unbalanced or does not
represent real-world traffic conditions accurately, the predictions may not be reliable. Additionally, the current system
uses partially simulated time features, which may not fully reflect actual traffic dynamics.

Another limitation is that the model is trained on historical data, which means it may not always adapt perfectly to
unexpected real-time events such as accidents or sudden road blockages. The system also relies on user-provided input,
which may contain inaccuracies or inconsistencies. Furthermore, the system is limited to predicting general congestion
levels and does not cover complex traffic network scenarios involving multiple intersections.

D. Ethical Considerations

The development and deployment of Al-based traffic management systems involve several ethical considerations that
must be addressed. One of the primary concerns is the reliability of predictions, as incorrect predictions could lead to
inefficient traffic signal control and potential disruptions. Ensuring accuracy and robustness of the model is therefore
essential for safe implementation.

Another important aspect is fairness and bias in the system. Since the model is trained on historical data, any bias present
in the dataset may affect prediction outcomes. It is important to ensure that the system provides fair and unbiased results
across different traffic conditions and locations. Additionally, transparency in decision-making is necessary so that users
and authorities can understand how predictions are generated.

Addressing these ethical aspects is crucial for building trust and ensuring responsible use of Al in traffic management
systems.

VIIL CONCLUSION AND FUTURE WORK

Thus, the implementation of artificial intelligence in developing a traffic congestion prediction and signal optimization
system demonstrates its capability to analyze traffic conditions and predict congestion levels effectively. The use of
machine learning algorithms enables the system to process multiple traffic-related parameters and generate accurate
predictions. The integration of feature engineering techniques and multi-parameter analysis improves the performance of
the model, while the signal optimization mechanism enhances overall traffic flow efficiency.

Based on the outcomes obtained from this research, the system can be used as a supportive tool for traffic management
authorities to make better decisions regarding signal control and traffic regulation. It can contribute to reducing traffic
congestion, minimizing travel delays, and improving road utilization. However, it is important to note that the system is
designed to assist traffic management and cannot completely replace existing infrastructure or human decision-making.
The effectiveness of the system depends on the quality of data and proper implementation.

In order to further improve the system, it is necessary to integrate more advanced algorithms and utilize larger and more
diverse datasets. The integration of real-time traffic data through APIs and IoT-based sensors will enhance the system’s
ability to operate in live environments. Additionally, the incorporation of mobile or web-based interfaces can improve
accessibility and usability of the system.

Future enhancements may include the use of advanced machine learning techniques such as deep learning models to
improve prediction accuracy and scalability. The system can also be extended to handle multiple intersections and
complex traffic networks. Furthermore, integrating real-time data sources such as GPS, traffic cameras, and smart sensors
will enable continuous monitoring and prediction of traffic conditions. These improvements will help in developing a
fully intelligent and adaptive traffic management system suitable for smart city applications.
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