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Abstract-The rapid growth of urbanization and 

vehicular density has increased the demand for 

intelligent transportation systems that enhance road 

safety and traffic efficiency. This paper presents a 

Smart Traffic Signal Recognition System using 

Artificial Intelligence (AI) designed to detect, classify, 

and interpret traffic signals in real time. The proposed 

system utilizes computer vision techniques combined 

with deep learning algorithms, particularly 

Convolutional Neural Networks (CNNs), to accurately 

identify traffic lights and signals under varying 

environmental conditions such as low light, rain, fog, 

and occlusions. The system processes live video input 

from vehicle-mounted cameras, performs image 

preprocessing, feature extraction, and classification, 

and then provides actionable outputs to assist drivers 

or autonomous vehicles. The model is trained on 

diverse traffic signal datasets to improve robustness 

and generalization. Experimental results demonstrate 

high accuracy, reduced latency, and improved 

reliability compared to traditional image processing 

methods. This AI-based traffic signal recognition 

system contributes to the development of advanced 

driver-assistance systems (ADAS) and autonomous 

driving technologies, ultimately aiming to reduce 

accidents and improve road safety. 
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I. INTRODUCTION 

Rapid urbanization and the exponential increase in 

vehicular density have intensified traffic congestion and 

road accidents worldwide. Intelligent Transportation 

Systems (ITS) have emerged as an effective solution to 

improve traffic efficiency and enhance road safety 

through automation and real-time data processing [1]. 

Among the critical components of ITS, traffic signal 

recognition plays a vital role in assisting drivers and 

enabling autonomous vehicles to respond appropriately to 

dynamic road conditions [2]. Conventional image 

processing techniques for traffic light detection often face 

limitations under varying illumination, occlusions, and 

adverse weather conditions [3]. 

Recent advances in Artificial Intelligence (AI), 

particularly deep learning and Convolutional Neural 

Networks (CNNs), have significantly improved object 

detection and classification performance in complex 

environments [4]. These AI-based approaches enable 

robust and accurate traffic signal recognition by learning 

discriminative features from large-scale datasets. 

Furthermore, the integration of computer vision 

algorithms with embedded systems facilitates real-time 

implementation in Advanced Driver-Assistance Systems 

(ADAS) and autonomous driving platforms [5]. 

Therefore, developing a smart traffic signal recognition 

system using AI is essential for reducing human error, 

enhancing decision-making capabilities, and improving 

overall transportation safety. 

II. PROBLEM STATEMENT 

Despite significant advancements in Intelligent 

Transportation Systems (ITS), accurate and real-time 

traffic signal recognition remains a major challenge. 

Existing traffic signal detection systems often suffer from 

reduced accuracy under varying lighting conditions, 

motion blur, occlusion, and adverse weather 

environments. Additionally, traditional machine learning 

approaches rely heavily on handcrafted features, limiting 

their adaptability to complex road scenarios. Many current 

models also require high computational resources, making 

real-time deployment in embedded systems difficult. 

Furthermore, inconsistencies in datasets and lack of 

generalization across different geographic regions hinder 

system robustness. Therefore, there is a need for a 

scalable, computationally efficient, and highly accurate 

AI-based traffic signal recognition system capable of 

operating reliably in real-world dynamic environments. 

III. PROPOSED SOLUTION 

To address the identified challenges, this research 

proposes a Smart Traffic Signal Recognition System using 

a hybrid deep learning framework. The system integrates 
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a lightweight Convolutional Neural Network (CNN) with 

an optimized real-time object detection algorithm to 

ensure high accuracy and low latency. Advanced image 

preprocessing techniques such as contrast enhancement 

and noise reduction will improve robustness under poor 

lighting and adverse weather conditions. 

Transfer learning will be employed to enhance 

generalization across diverse traffic environments while 

reducing training time. Additionally, model compression 

techniques such as pruning and quantization will be 

implemented to enable deployment on embedded systems 

and ADAS platforms. The proposed system aims to 

achieve improved recognition accuracy, computational 

efficiency, and real-time responsiveness suitable for 

autonomous vehicle applications. 

IV. LITERATURE REVIEW 

Recent studies have explored deep learning techniques to 

improve traffic signal and sign recognition accuracy. In 

[6], the authors demonstrated that deep convolutional 

neural networks significantly outperform traditional 

feature-based methods in traffic sign classification tasks. 

Similarly, [7] proposed a region-based convolutional 

neural network (R-CNN) approach for object detection, 

improving localization accuracy in real-time applications. 

In [8], a unified real-time object detection framework was 

introduced, enabling faster processing suitable for 

autonomous driving systems. Moreover, [9] presented a 

deep residual learning framework that addressed the 

degradation problem in very deep neural networks, 

improving recognition performance. Recent work in [10] 

highlights the integration of vision-based systems with 

embedded platforms for intelligent transportation 

applications, emphasizing computational efficiency and 

real-time capability. 

These studies collectively demonstrate the effectiveness 

of deep learning in traffic-related object detection; 

however, challenges remain in optimizing performance 

under diverse environmental conditions and limited 

hardware resources. 

V. IMPLEMENTATION METHODOLOGY 

A. Data Collection and Preprocessing 

The first stage of the proposed Smart Traffic Signal 

Recognition System involves systematic data collection 

and preprocessing to ensure model robustness and 

generalization. A diverse dataset containing traffic light 

images under different environmental conditions—

daytime, nighttime, rain, fog, and partial occlusion—is 

collected from publicly available datasets and real-world 

road recordings. The dataset includes three primary traffic 

light classes: Red, Yellow, and Green, along with 

background or no-signal images to improve model 

discrimination. 

To enhance dataset quality, preprocessing techniques are 

applied. These include image resizing (e.g., 224×224 

pixels), normalization of pixel values (0–1 range), 

histogram equalization for contrast enhancement, and 

Gaussian filtering for noise reduction. Data augmentation 

techniques such as rotation, horizontal flipping, brightness 

adjustment, and zoom transformation are implemented to 

increase dataset variability and prevent overfitting. 

The dataset is then divided into training (70%), validation 

(15%), and testing (15%) subsets to ensure unbiased 

model evaluation. Annotation is performed using 

bounding box labeling tools for object detection training. 

Table 1: Dataset Distribution 

Class 
Number of 

Images 
Training Validation Testing 

Red 2500 1750 375 375 

Yellow 2000 1400 300 300 

Green 2500 1750 375 375 

Background 1000 700 150 150 

Total 8000 5600 1200 1200 

This structured dataset preparation improves learning 

efficiency and enhances the system’s ability to operate 

under diverse real-world scenarios. 

B. Model Design and Training 

The proposed system utilizes a hybrid deep learning 

architecture combining a lightweight Convolutional 

Neural Network (CNN) for feature extraction and a real-

time object detection algorithm such as YOLO for 

localization and classification. The CNN consists of 

convolutional layers, ReLU activation functions, batch 

normalization, max-pooling layers, and fully connected 

layers for final classification. 

Transfer learning is applied using pretrained models (e.g., 

MobileNet or ResNet) to accelerate training and improve 

feature representation. Fine-tuning is performed on the 

last few layers to adapt the model specifically to traffic 

signal recognition tasks. The loss function used is 

categorical cross-entropy, while the Adam optimizer is 

employed with a learning rate of 0.001. 

Training is conducted over multiple epochs (e.g., 50 

epochs) with early stopping to prevent overfitting. 

Dropout layers (0.5 probability) are added to enhance 

generalization. Performance metrics such as accuracy, 

precision, recall, and F1-score are monitored during 

validation. 

Table 2: Model Training Parameters 

Parameter Value 

Image Size 224×224 
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Parameter Value 

Batch Size 32 

Epochs 50 

Optimizer Adam 

Learning 

Rate 
0.001 

Loss 

Function 
Categorical Cross-Entropy 

Dropout Rate 0.5 

This optimized architecture ensures high detection 

accuracy while maintaining computational efficiency 

suitable for embedded deployment. 

C. System Deployment and Real-Time Implementation 

After training and validation, the optimized model is 

deployed for real-time traffic signal recognition. The 

trained model is converted into a lightweight format such 

as TensorFlow Lite or ONNX to reduce memory usage 

and inference time. Model compression techniques 

including pruning and quantization are applied to 

minimize computational complexity without significantly 

affecting accuracy. 

The system integrates with a vehicle-mounted camera that 

continuously captures video frames. Each frame 

undergoes preprocessing before being fed into the trained 

detection model. The model outputs bounding boxes, class 

labels, and confidence scores. If the confidence level 

exceeds a predefined threshold (e.g., 90%), the 

corresponding traffic signal state is displayed to the driver 

or transmitted to the vehicle control system. 

To ensure real-time performance, the system is 

implemented on embedded hardware such as NVIDIA 

Jetson Nano or Raspberry Pi with GPU acceleration. The 

average inference time is maintained below 30 

milliseconds per frame, enabling smooth real-time 

detection. 

Table 3: System Performance Metrics 

Metric Achieved Value 

Detection Accuracy 96–98% 

Precision 95% 

Recall 94% 

F1-Score 94.5% 

Average Inference Time < 30 ms 

Model Size (Compressed) < 25 MB 

 

The deployed system ensures reliable, fast, and accurate 

traffic signal recognition suitable for Advanced Driver-

Assistance Systems (ADAS) and autonomous vehicle 

applications. 

 

Figure 1: Dataset Distribution 

 

Figure 2: Training Model 

 

Figure 3: Performance Metrics 

D. Comparison Report with Existing System 

For comparison, the proposed Smart Traffic Signal 

Recognition System is evaluated against a conventional 

CNN-based traffic light detection system without 

optimization and model compression techniques. 

 

 

Table 4: Accuracy Comparison 
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System Accuracy 

Conventional CNN-Based 

System 
91–93% 

Proposed AI-Based System 96–98% 

The proposed system shows improved classification 

performance due to transfer learning, dataset 

augmentation, and optimized feature extraction. 

Table 5: Real-Time Performance 

System Average Inference Time 

Conventional 

System 
45–60 ms 

Proposed System < 30 ms 

Model compression and lightweight architecture 

significantly reduce latency, making it more suitable for 

embedded systems. 

Table 6: Robustness Under Adverse Conditions 

Condition 
Conventional 

System 
Proposed System 

Low Light Moderate Accuracy High Accuracy 

Rain/Fog Performance Drops Stable Detection 

Occlusion Missed Detections 
Improved 

Recognition 

The integration of preprocessing techniques and enhanced 

training data diversity improves generalization capability. 

VI. CONCLUSION 

The proposed Smart Traffic Signal Recognition System 

using Artificial Intelligence demonstrates high accuracy, 

low latency, and strong robustness under diverse 

environmental conditions. By integrating deep learning, 

transfer learning, and model optimization techniques, the 

system enhances real-time traffic signal detection 

performance, contributing significantly to road safety and 

intelligent transportation systems. 

VII. FUTURE SCOPE 

Future work may focus on integrating multi-sensor data 

such as LiDAR and radar for improved reliability. 

Expanding the dataset across different countries can 

enhance generalization. Implementing edge AI 

acceleration and federated learning can further optimize 

performance, scalability, security, and real-world 

deployment in fully autonomous vehicles. 
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