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Abstract- Urban traffic congestion has become a critical challenge due to rapid urbanization and the
increasing number of vehicles. Traditional traffic signal systems, which rely on fixed timing or basic sensor
inputs, often fail to adapt to dynamic traffic conditions, leading to inefficiencies, increased travel time, and
higher emissions. This research proposes an artificial intelligence (Al)-based traffic signal optimization
framework that leverages real-time traffic data and machine learning algorithms to dynamically adjust signal
timings.The proposed system utilizes techniques such as reinforcement learning and computer vision to analyse
traffic flow, vehicle density, and queue lengths at intersections. By continuously learning from traffic patterns,
the AI model optimizes signal phases to minimize waiting time, reduce congestion, and improve overall traffic
throughput. Simulation results demonstrate that the Al-driven approach significantly outperforms conventional
fixed-time and actuated signal control systems in terms of average delay, fuel consumption, and intersection
efficiency.Furthermore, the study discusses scalability, integration with smart city infrastructure, and potential
deployment challenges such as data reliability and system robustness. The findings highlight the potential of AI-
based traffic management systems to enhance urban mobility and contribute to sustainable transportation
solutions.
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LINTRODUCTION
Rapid urbanization and the exponential growth in vehicular population have led to severe traffic
congestion in cities worldwide. Inefficient traffic management not only increases travel time but also
contributes to fuel wastage, environmental pollution, and economic losses. Traditional traffic signal control
systems, which typically rely on fixed timing schedules or basic actuated mechanisms, are often unable to
respond effectively to real-time variations in traffic flow. As a result, these systems fail to optimize intersection
performance under dynamic and unpredictable conditions.

In recent years, advancements in Artificial Intelligence (AI) and Machine Learning (ML) have opened
new avenues for intelligent traffic management. Al-based traffic signal optimization systems aim to enhance the
efficiency of traffic control by dynamically adjusting signal timings based on real-time data such as vehicle
density, queue length, and traffic patterns. These systems leverage technologies like reinforcement learning,
deep learning, and computer vision to continuously learn and improve decision-making at intersections. One of
the key advantages of Al-driven approaches is their ability to adapt to changing traffic conditions without
requiring manual intervention.

For instance, reinforcement learning algorithms can model traffic environments as decision-making
problems, where optimal signal policies are learned through continuous interaction with the environment.
Similarly, computer vision techniques enable accurate vehicle detection and classification using surveillance
cameras, further enhancing data-driven optimization. Despite their promising potential, Al-based traffic signal
systems face several challenges, including data quality issues, computational complexity, scalability, and
integration with existing infrastructure. Moreover, ensuring robustness and reliability in real-world deployment
remains a critical concern. Addressing these challenges is essential for the successfulimplementation of
intelligent traffic systems in smart city ecosystems. This research focuses on developing an Al-based traffic
signal optimization framework that improves traffic flow efficiency and reduces congestion. The study
evaluates the performance of the proposed system through simulation and compares it with conventional traffic
control methods. The results aim to demonstrate the effectiveness of Al techniques in transforming urban traffic
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management and supporting sustainable transportation development.

II. LITERATURE REVIEW

Traffic signal control has been extensively studied within the domain of Intelligent Transportation
Systems (ITS), evolving from traditional fixed-time approaches to advanced Al-driven adaptive systems. Early
traffic signal systems relied on pre-defined timing plans or actuated control using simple sensors. However,
these methods lack to dynamic traffic conditions and often result in inefficiencies such as increased delays and
congestion. Recent literature highlights the growing importance of artificial intelligence, particularly
reinforcement learning (RL), in optimizing traffic signal control. A comprehensive review by Michailidis et al.
(2025) emphasizes that traditional methods are increasingly inadequate for handling complex and dynamic
traffic environments, while RL-based adaptive systems provide data-driven and real-time optimization
capabilities.

Reinforcement learning has emerged as a dominant approach due to its ability to model traffic signal
control as a sequential decision-making problem. Various RL techniques, including Q-learning, Deep Q-
Networks (DQN), and policy-gradient methods, have been applied to optimize signal timing. Studies show that
RL-based models can significantly reduce vehicle delay, queue length, and fuel consumption compared to
fixed-time systems. Recent surveys (2026) further classify RL approaches into value-based, policy-based, and
actor—critic methods, along with multi-agent reinforcement learning (MARL) frameworks for large-scale traffic
networks. These approaches enable coordination among multiple intersections, improving overall traffic flow
efficiency in urban environments.

In addition to standalone RL models, hybrid and advanced Al techniques have also been explored. For
example, federated deep reinforcement learning has been proposed to address issues of scalability and
generalization across multiple intersections by enabling distributed learning without centralized data sharing.
Deep learning and computer vision techniques are also integrated into traffic signal systems to enhance real-
time data acquisition. These methods use cameras and sensors to estimate vehicle density, detect traffic patterns,
and provide accurate input for optimization algorithms. Such data-driven approaches improve the
responsiveness and adaptability of traffic control systems. Despite significant progress, several challenges
remain.

Researchers have identified issues such as data reliability, computational complexity, and real-world
deployment constraints. Additionally, factors like communication delays, uncertainty in vehicle detection, and
the need for robust and interpretable models limit large-scale implementation.Furthermore, scalability remains a
critical concern in multi-intersection environments. Advanced approaches such as graph-based reinforcement
learning and multi-agent coordination have been proposed to address these challenges, enabling better
generalization across diverse traffic networks.In summary, the literature demonstrates a clear transition from
conventional traffic control methods to Al-driven intelligent systems. Reinforcement learning, particularly in
combination with deep learning and multi-agent frameworks, has shown significant promise in improving
traffic efficiency. However, further research is required to address practical deployment challenges and ensure
the robustness, scalability, and reliability of these systems in real-world smart city applications.

I11. METHODOLOGY

The modern methodology for Al-based traffic signal optimization centers on a closed-loop system that
replaces rigid, pre-programmed timers with Deep Reinforcement Learning (DRL) and real-time sensor fusion.
The process begins at the Perception Layer, where high-definition cameras and LiDAR sensors utilize
computer vision to quantify live traffic metrics such as queue lengths, vehicle types, and pedestrian density.
This data is processed at the "edge" (directly at the intersection) to minimize latency, then fed into a neural
network agent that treats traffic management as a game of rewards.

By defining a mathematical reward function—typically designed to minimize the sum of cumulative
wait times and carbon emissions—the Al dynamically decides whether to extend a green light or rotate phases.
To prevent local optimizations from causing downstream gridlock, these systems employ Multi-Agent
Reinforcement Learning (MARL), allowing neighboring intersections to communicate and synchronize
"Green Waves." This transition from reactive, loop-based triggers to a proactive, predictive network allows
cities to reduce transit times by up to 25% while adapting instantly to unpredictable events like accidents or
emergency vehicle preemption.
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PROGRAM-

#include <LiquidCrystal.h>

int buttonPin = 7;

int buttonState = 0;

int lastButtonState = 0;

int S = 30; // Seconds

int M = 0; // Minutes
LiquidCrystal led(12, 11, 5, 4, 3, 2);
void setup() {

pinMode(buttonPin, INPUT PULLUP); // Use pullup to avoid external resistor
led.begin(16, 2);

H
void loop() {
buttonState = digitalRead(buttonPin);
/I Check if button is pressed (LOW due to INPUT PULLUP)
if (buttonState == LOW &&lastButtonState == HIGH) {
S +=10; // Increase time by 10 seconds
if (S >=60) {
M++;
S -=60;

¥
delay(100); // Debounce
lastButtonState = buttonState;

// Display time
lcd.setCursor(0, 0);
led.print("Time: ");
led.print(M);
led.print("m ");
led.print(S);
led.print("s ");
i
long timerSet = 60000, // Start time in milliseconds (1 minute)
unsigned long previousMillis = 0;
const long interval = 1000; // Update every second

void loop() {

unsigned long currentMillis = millis();

if (currentMillis - previousMillis>= interval) {
previousMillis = currentMillis;

if (timerSet> 0) {

timerSet -= 1000; // Decrease time by 1 second
H

H

// Other code can run here

}

IV.  CONCLUSION

In this study, we explored the application of artificial intelligence techniques for traffic signal
optimization, aiming to address the growing challenges of urban congestion, increased travel time, and
environmental impact. By leveraging Al models such as machine learning and reinforcement learning, traffic
systems can dynamically adapt to real-time traffic conditions rather than relying on static or pre-timed signal
plans. The findings demonstrate that Al-based traffic control systems significantly improve traffic flow
efficiency, reduce vehicle waiting times, and minimize fuel consumption and emissions. These systems exhibit
the ability to learn from historical and real-time data, enabling continuous improvement and scalability across
different traffic scenarios. Compared to traditional traffic management approaches, Al-driven solutions provide
greater flexibility, responsiveness, and robustness in handling unpredictable traffic patterns.
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However, several challenges remain, including the need for high-quality real-time data, integration

with existing infrastructure, computational complexity, and concerns related to privacy and system reliability.
Future research should focus on developing more efficient algorithms, enhancing interoperability with smart
city frameworks, and ensuring ethical and secure deployment.In conclusion, Al-based traffic signal
optimization presents a promising and transformative approach to modern traffic management. Its widespread
implementation can contribute significantly to smarter, safer, and more sustainable urban transportation
systems.
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