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Abstract: This research aims to improve road safety by developing a deep learning-based system capable of detecting 

and recognizing tail lights, brake lights, and driver hand gestures in Indian traffic conditions. Using the YOLOv8 

object detection architecture, the system has been designed and implemented in two key phases: training and 

inference. During the training phase, a comprehensive custom dataset of traffic images - carefully labelled with seven 

distinct classes - was used to train the YOLOv8 model. This dataset includes real-world conditions such as varying 

lighting, complex backgrounds, and occlusions. In the inference phase, the trained model processes new images or 

videos, automatically detecting the presence of vehicle signals and hand gestures. The output consists of bounding 

boxes and class labels that are visually rendered and saved, ensuring traceability and ease of analysis. 
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I. INTRODUCTION 

 

Effective communication between vehicles and their environment has become increasingly important as advanced 

driver-assistance systems (ADAS) and autonomous vehicles become more common. Vehicles, pedestrians, and drivers 

all rely on hand gestures, brake lights, and tail lights to communicate important information. By reducing accidents 

and promoting improved vehicle interactions under a variety of driving circumstances, accurate, real-time detection of 

these indicators is essential to improving road safety. However, environmental factors like poor lighting, obstacles, and 

changing traffic situations frequently limit the effectiveness of conventional detection techniques. 

 

In order to address these issues, this project uses the YOLOv8 deep learning model to present a reliable method for 

identifying and detecting hand gestures, tail lights, and brake lights. One state-of-the-art object detection framework 

that is well-known for its high accuracy and real-time processing capabilities is called YOLO (You Only Look Once). 

As the most recent iteration, the YOLOv8 model seeks to improve upon the precision, speed, and effectiveness of its 

predecessors, making it especially appropriate for real-time applications such as ADAS and autonomous driving 

systems. 

 

Training and testing are the two main stages of the detection and recognition process. The YOLOv8 model is trained 

on a dataset of pictures showing hand gestures, brake lights, and tail lights during the training phase. To improve 

model performance, preprocessing methods like resizing, normalization, and data augmentation are used. Through the 

extraction of spatial features from the input images and their association with the appropriate class labels, the model 

gains the ability to recognize these signals. After training, the model is evaluated on a different testing dataset to 

confirm its accuracy and real-time performance. 

 

II. RELATED WORKS 

 

In order to improve road safety, recent research has made significant strides in identifying vehicle signals and gestures, 

especially for ADAS and autonomous vehicles. 

 

Detecting Brake Lights: Previous methods mostly used color-based detection, but more recent developments have 

moved toward using deep learning models, such as CNNs, for more reliable and accurate detection under a variety of 

circumstances. For instance, to improve collision avoidance, Rampavan and Ijjina (2023) developed a genetic 

algorithm to optimize brake light detection models. 

 

Tail Light Detection: YOLO-based models, such as those developed by Li et al. (2024), have significantly enhanced 

the speed and accuracy of tail light detection, particularly in automated lane change scenarios. 

Hand Gesture Recognition: To efficiently identify hand gestures in dynamic environments, Mishra et al. (2021) 
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combined CNNs with pose estimation. Better communication between pedestrians and drivers is made possible by this 

method's success in recognizing gestures like stop signals. 

 

III. PROPOSED WORK 

 

The proposed work emphasizes the real-time detection and recognition of brake lights, tail lights, and hand gestures 

through the YOLOv8 deep learning model. The process is segmented into two main phases: Training and Testing. 

A. Training Phase: 

1) Input Images: The dataset comprises labeled images of brake lights, tail lights, and hand gestures captured 

under various environmental conditions. 

2)Preprocessing: Techniques such as image resizing, normalization, and augmentation (including rotation and 

scaling) are applied to enhance model performance. 

3)Model Training: YOLOv8 is trained to detect the specified objects by processing the preprocessed images and 

learning their spatial features. 

4)Model Evaluation: The trained model is evaluated against a validation dataset to determine its accuracy. 

 

B. Testing Phase: 

1)Input: Real-time camera input is provided to the trained model. 

2)Preprocessing: Consistent preprocessing steps are applied to ensure uniformity in input data. 

3)Detection: YOLOv8 detects brake lights, tail lights, and hand gestures in real-time, generating bounding boxes 

and classifying objects. 

4)Output: For instant visualization, the system displays the detected signals along with class labels and bounding 

boxes. 

 

IV. METHODOLOGY 

 

The proposed system for detecting and recognizing brake lights, tail lights, and hand gestures utilizes the YOLOv8 

deep learning model, divided into two primary phases: training and testing. 

 

A. Training Phase: 

1) Dataset Creation: The dataset comprises labeled images of brake lights, tail lights, and hand gestures captured 

under various environmental conditions. 

 

2) Data Preprocessing: Techniques such as image resizing, normalization, and augmentation (including rotation and 

scaling) are applied to enhance model performance. 

 

3) Model Training: YOLOv8 is trained to detect the specified objects by processing the preprocessed images and 

learning their spatial features. 

 

4) Model Optimization: The trained model is evaluated against a validation dataset to determine its accuracy. 

 

B. Testing Phase:  

1) Real-time Input: The trained model is evaluated using real-time input from a vehicle-mounted camera, allowing it to 

process live video or individual frames. 

 

2) Image Preprocessing: Similar preprocessing steps from the training phase are applied to maintain consistency in 

data format. 

 

3) YOLOv8 Detection: The model recognizes hand gestures, brake lights, and tail lights. It then creates bounding 

boxes and class labels to indicate the type and location of objects it has detected. 

 

4) Post-processing: Low-confidence detections are filtered out and redundant bounding boxes are removed using Non-

Maximum Suppression (NMS). A graphical user interface displays the final output, which includes detected objects 

with confidence scores and class labels. 
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Fig.1 Architecture Design for Object Detection Using YOLOv8 

 

V.       MATHEMATICAL MODEL 

 

The advanced object detection model YOLOv8 splits the input image into a grid of cells, each of which predicts a set 

number of bounding boxes and the class probabilities that go along with them. YOLOv8's loss function is a 

combination of multiple elements: 

 

A. Prediction Head: 

Every grid cell forecasts a number of bounding boxes, each of which is distinguished by: 

1) (x, y): The bounding box's center coordinates in relation to the grid cell. 

2) w, h: The bounding box's width and height. 

3) C: Confidence score, which shows how likely it is that an object will be inside the bounding box. 

4) P(Class_i|Object): The likelihood that the object is a member of class i. 

            

B. Loss Function: 

The weighted sum of the following elements makes up the overall loss function for YOLOv8: 

Loss = λ1 * Classification Loss + λ2 * Box Regression Loss + λ3 * Object Loss 

 

C. Classification Loss: 

Encourages the model to correctly predict the correct class for each detected object by classifying the object inside the 

bounding box using cross-entropy loss. 

 

D. Box Regression Loss: 

This technique penalizes the differences between predicted and ground-truth bounding box coordinates, usually using 

a combination of L1 and L2 loss. This helps to ensure that object size and location predictions are accurate. 

 

E. Object Loss: 

This feature encourages the model to accurately identify cells that contain objects by using binary cross-entropy loss to 

ascertain whether an object is present in a grid cell. 

Mathematical Formulation: 

Let, p_i is the predicted probability of class i, 

       y_i is the ground truth label for class i, 

       b_i is the predicted bounding box coordinates,   

       b*_i is the ground truth bounding box coordinates. 

 

The loss function can be expressed as: 

Loss = λ1 * Σ(y_i * log(p_i) + (1-y_i) * log(1-p_i)) + λ2 * Σ(λ1 * |b_i - b*_i|_1 + λ2 * (b_i - b*_i)^2) + λ3 * Σ(y_i * 

log(p_obj) + (1-y_i) * log(1-p_obj)) 
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VI. RESULTS 

 

The YOLOv8n and YOLOv8s models were used to identify hand gestures, left and right turn signals, and brake lights 

in automobiles. Google Colab's GPU resources were used to train on a dataset. Critical metrics such as mean Average 

Precision (mAP), recall, precision, and inference speed were used to assess the models' performance. The purpose of 

comparing the two models is to evaluate how well they work in real-time applications where timely and precise 

vehicle signal detection is crucial, like ADAS and autonomous driving. 

 

Table 1 summarizes the trial implementation, contrasting the performance of YOLOv8n and YOLOv8s across five 

classification types. The evaluation results indicate that the YOLOv8s model consistently outperformed the YOLOv8n 

model, achieving superior recall and mAP values across all classes. While hand sign detection demonstrated high 

accuracy, with recall rates of 92-94% and mAP values of 97-98%, the detection of brake and turn lights proved more 

challenging with recall rates ranging from 41-55% and mAP values between 48-62%. Factors contributing to these 

challenges include data imbalance, occlusions, adverse weather effects, and intra-class variability. Future research 

should prioritize data augmentation, advanced model architectures, domain adaptation, and real-time object tracking to 

enhance performance 

 

Table 1. Result 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.2. Right Hand signal Recall vs Epochs 

Name of Class Yolo 

Model 

Recall mAP Precision 

Brake YoloV8n 55%   60% 62% 

YoloV8s 55%            62% 64% 

Left turn light YoloV8n   46%   56%  45% 

YoloV8s    47% 58% 48% 

Right Turn Light YoloV8n 41% 48% 50% 

YoloV8s  46% 51% 49% 

Left Hand sign YoloV8n        93%         93% 92% 

YoloV8s      94%         92% 93% 

Right Hand sign Yolo 

V8n 

 92% 93% 92% 

Yolo V8s  93% 92% 93% 
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Fig.3. Brake light 

 

Fig.4. Indicator Right 

Fig.5. Left Hand sign 

 

VII. CONCLUSION AND FUTURE WORK 

 

The suggested system has demonstrated encouraging results in hand gesture detection, reaching a 93% recall rate; 

however, it encounters difficulties in precisely identifying turn and brake light signals. 

 

These signals' lower recall rates point to possible overfitting problems and constraints in controlling for changes in 

camera angles and lighting. Future studies should focus on enlarging the dataset to include more scenarios, exploring 

sophisticated data augmentation methods, and optimizing the YOLO model's hyperparameters.  

 

Additionally, the integration of real-time object tracking and contextual information could further enhance the system's 

overall performance. 

 

REFERENCES 
 

[1]. Khaled Bayoudh, Fayc¸al Hamdaoui, and Abdellatif Mtibaa. “Transfer learning based hybrid 2d-3d cnn for 

traffic sign recognition and semantic road detection applied in advanced driver assistance systems.” Applied 

Intelligence, 51(1):124–142, 2021. 

https://iarjset.com/
https://iarjset.com/
https://iarjset.com/


IARJSET 

International Advanced Research Journal in Science, Engineering and Technology 

Impact Factor 8.311Peer-reviewed & Refereed journalVol. 12, Issue 8, August 2025 

DOI:  10.17148/IARJSET.2025.12831 

© IARJSET                  This work is licensed under a Creative Commons Attribution 4.0 International License                  249 

ISSN (O) 2393-8021, ISSN (P) 2394-1588 
 

[2]. Pranesh Biswas, Min-Wook Kang, and Moynur Rahman. “Machine learning based automated left-turn vehicle 

counts with conventional presence mode long-loop detectors: Alabama case studies.” Transportation research 

record, 2676(10):570–587, 2022. 

[3]. Sarita Gautam and Anuj Kumar. “Image-based automatic traffic lights detection system for autonomous cars:  a 

review.”  Multimedia Tools and Applications, 82(17):26135–26182, 2023. 

[4]. Akshay Gopalkrishnan, Ross Greer, Maitrayee Keskar, and Mohan Trivedi. “Robust detection, assocation, and 

localization of vehicle lights: A context-based cascaded cnn approach and evaluations.” arXiv preprint 

arXiv:2307.14571, 2023. 

[5]. Wei Han and Zhenhua Zhu. “Vehicle turn-signal detection for automated flagging systems.” Journal of 

Computing in Civil Engineering, 38(4):04024020, 2024. 

[6]. Jian He, Cheng Zhang, Xinlin He, and Ruihai Dong.  “Visual recognition of traffic police gestures with 

convolutional pose machine and handcrafted features.” Neurocomputing, 390:248–259, 2020. 

[7]. Marvin Klemp, Royden Wagner, Kevin Rosch, Martin Lauer, and Christoph Stiller. “Vehicle intention 

classification using visual clues.” In 2024 IEEE International Conference on Robotics and Automation (ICRA), 

pages 16395–16401. IEEE, 2024. 

[8]. Manoj Kushwaha and MS Abirami. “Yolov7-based brake light detection model for avoiding rear-end 

collisions.” In 2023 12th International Conference on Advanced Computing (ICoAC), pages 1–7. IEEE, 2023. 

[9]. Ming Li, Jian Zhang, Weixia Li, Tianrui Yin, Wei Chen, Luyao Du, Xingzhuo Yan, and Huiheng Liu. 

“Improved taillight detection model for intelligent vehicle lane-change decision-making based on yolov8.” 

World Electric Vehicle Journal, 15(8):369, 2024. 

[10]. Qiaohong Li, Sahil Garg, Jiangtian Nie, Xiang Li, Ryan Wen Liu, Zhiguang Cao, and M Shamim Hossain. “A 

highly efficient vehicle taillight detection approach based on deep learning.” IEEE transactions on intelligent 

transportation systems, 22(7):4716–4726, 2020. 

[11]. Ziyue Li, Qinghua Zeng, Yuchao Liu, Jianye Liu, and Lin Li.  “An improved traffic lights recognition algorithm 

for autonomous driving in complex scenarios.” International Journal of Distributed Sensor Networks, 

17(5):15501477211018374, 2021. 

[12]. Huan Lin, XL Deng, and DS Zhang. “Taillight shape creative design based on generative adversarial networks.” 

Comput.-Aided Des. Appl, 20:1043–1060, 2023. 

[13]. Ashutosh Mishra, Jinhyuk Kim, Jaekwang Cha, Dohyun Kim, and Shiho Kim. “ Authorized traffic controller 

hand gesture recognition for situation-aware autonomous driving.” Sensors, 21(23):7914, 2021. 

[14]. Jiyong Moon and Seongsik Park. “Robust visual detection of brake-lights in front for commercialized 

dashboard camera.” Plos one, 18(8):e0289700, 2023. 

[15]. Gajula Mounika and S Vasundra. “Deep learning model for vehicle taillight detection and recognization in 

autonomous driving.” NeuroQuantology, 21(3):179, 2023. 

[16]. Abdullah Mujahid, Mazhar Javed Awan, Awais Yasin, Mazin Abed Mohammed, Robertas Damasevicius, Rytis 

Maskeliunas, and Karrar Hameed Abdulkareem. “Real-time hand gesture recognition based on deep learning 

yolov3 model.” Applied Sciences, 11(9):4164, 2021. 

[17]. Medipelly Rampavan and Earnest Paul Ijjina. “Brake light detection of vehicles using differential evolution 

based neural architecture search.” Applied Soft Computing, 147:110839, 2023. 

[18]. Medipelly Rampavan and Earnest Paul Ijjina. “Genetic brake-net: Deep learning based brake light detection for 

collision avoidance using genetic algorithm.” Knowledge- Based Systems, 264:110338, 2023. 

[19]. Bingming Tong, Wei Chen, Changzhen Li, Luyao Du, Zhihao Xiao, and Donghua Zhang.  “An improved 

approach for real-time taillight intention detection by intelligent vehicles.” Machines, 10(8):626, 2022. 

[20]. Chen Wang, Yulu Dai, Wei Zhou, and Yifei Geng. “A vision-based video crash detection framework for mixed 

traffic flow environment considering low-visibility condition.” Journal of advanced transportation, 

2020(1):9194028,2020. 

https://iarjset.com/
https://iarjset.com/
https://iarjset.com/

