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ABSTRACT: 

Artificial Intelligence (AI) has emerged as a transformative technology for 

addressing real-world societal challenges by enabling machines to perform tasks 

that traditionally require human intelligence. In particular, deep learning has 

gained significant importance in computer vision, supporting automatic 

recognition, classification, and analysis of visual data. These capabilities have 

been effectively utilized in traffic surveillance systems to enhance monitoring, 

decision-making, and law enforcement for improved road safety. Existing 

research proposes an AI-based multitier framework with a lightweight classifier 

for detecting helmetless motorbike riders. This two-stage approach initially 

identifies riders from surveillance footage and subsequently classifies helmet 

usage, achieving reduced computational complexity and faster processing with 

acceptable accuracy. However, such approaches are limited in scope, focusing 

primarily on helmet detection and lacking robustness under challenging 

environmental conditions. To address these limitations, the proposed system 

employs the YOLOv12 algorithm for comprehensive and real-time traffic 

violation detection. The system extends its capabilities to identify multiple 

violations, including triple riding and mobile phone usage, while maintaining 

performance under diverse conditions such as low light and adverse weather. 

Additionally, it incorporates an automated alert mechanism to notify authorities 

and warn riders. This integrated approach enhances detection accuracy, enables real-time enforcement, and contributes to 

the development of safer and more intelligent traffic management systems. 

Keywords: Artificial Intelligence, Deep Learning, Computer Vision, YOLOv12, Traffic Surveillance, Helmet Detection, 

Violation Detection, Road Safety.  

 

 

 

How to Cite this Article: 

Rajan, G. K. (2026). Helmet Violation Detection 

using Deep Learning. International Journal of 

Creative and Open Research in Engineering and 

Management, <i>02</i>(6). 

https://doi.org/10.55041/ijcope.v2i6.163 

License:  

This article is published under the terms of the 

Creative Commons Attribution 4.0 International 

License (CC BY 4.0), which permits unrestricted 

use, distribution, and reproduction in any 

medium, provided the original author(s) and the 

source are credited. 

© The Author(s). Published by International 

Journal of Creative and Open Research in 

Engineering and Management. 

    

    
https://doi.org/10.55041/ijcope.v2i6.163 

 

https://ijcope.org/
mailto:Kirthickrajan1@gmail.com
https://doi.org/10.55041/ijcope.v2i6.163


International Journal of Creative and Open Research in Engineering and Management    

ISSN: 3108-1754 (Online) 

Volume 02 Issue 06 June-2026 | Impact Factor: 3.5 

© 2026 The Author(s). Published by IJCOPE Journal. Website: https://ijcope.org/                                                                                                              2 

 

I. Introduction: 

Artificial Intelligence (AI) has become a powerful 

technology for solving real-world problems by enabling 

machines to perform tasks that typically require human 

intelligence. Among its branches, deep learning has gained 

significant importance, especially in computer vision, where 

it enables automatic detection, classification, and analysis of 

images and videos. These advancements have played a 

crucial role in improving traffic surveillance systems by 

allowing efficient monitoring of road activities and assisting 

authorities in maintaining public safety. With the rapid 

increase in vehicle numbers and traffic congestion, 

traditional manual monitoring methods have become 

inefficient, time-consuming, and prone to human error. As a 

result, there is a growing demand for automated and 

intelligent traffic management solutions that can operate in 

real time. Computer vision–based techniques have been 

widely used for applications such as vehicle detection, 

license plate recognition, and helmet detection for 

motorbike riders, which is essential for reducing accident-

related fatalities. Existing approaches often use multi-stage 

frameworks and lightweight models to achieve faster 

processing with reduced computational cost. However, 

many systems are limited in scope and struggle to perform 

effectively under varying conditions such as low lighting, 

occlusion, and adverse weather. Therefore, more robust and 

scalable solutions are required to improve efficiency and 

ensure reliable traffic monitoring. 

a. Architecture of Yolov12 

The YOLOv12 architecture is designed as a single-stage, 

end-to-end object detection framework optimized for real-

time traffic violation detection. It consists of three main 

components: the backbone, neck, and detection head. The 

backbone extracts rich spatial features from input images 

using convolutional layers and residual connections, 

ensuring effective feature representation even in complex 

environments. The neck aggregates multi-scale features 

through feature pyramid structures, enhancing the model’s 

ability to detect objects of varying sizes such as riders, 

helmets, and mobile phones.  

 

Fig 1.1 Architecture diagram of the yolov12 

The detection head performs bounding box prediction, 

object classification, and confidence scoring in a single pass, 

enabling fast and accurate detection. This streamlined 

architecture reduces computational overhead while 

maintaining high accuracy, making it suitable for real-time 

surveillance applications under diverse conditions. 

b. Architecture diagram 

 

Fig 1.2 Architecture diagram of the proposed system 

 The architecture diagram illustrates a structured pipeline 

for real-time traffic violation detection using the YOLOv12 

model. The process begins with data collection, where 

traffic images and videos are gathered, followed by 

preprocessing and feature extraction to prepare labeled 

datasets such as helmet and non-helmet classes. The model 

creation phase involves training the YOLOv12 network 

using training, validation, and testing datasets to optimize 

detection performance. In deployment, real-time input is 

obtained from surveillance systems such as CCTV cameras. 

The trained model performs inference to detect violations 

and classify objects with confidence scores. Finally, a 
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violation logic module verifies detected offenses and 

triggers automated notifications, sending alerts to 

authorities and warnings to riders, ensuring efficient and 

intelligent traffic monitoring. 

II. Literature survey 

[1] Felix Wilhelm Siebert , Christoffer Riis , Kira, 

Oguzhan Gül , Frederik [1] Bicycle helmets are a vital 

factor in reducing the severity of injuries during traffic 

accidents, making helmet usage an important metric in 

transport safety research. Traditionally, helmet-use data is 

collected through manual observation, which is expensive, 

time-consuming, and limited in scale. To address these 

challenges, the study proposes an automated computer 

vision–based approach for detecting bicycle helmet usage 

from traffic video footage. Video data was collected from 

two observation sites in Copenhagen, Denmark, and a 

dataset consisting of 4,000 cyclists was manually annotated 

to indicate helmet use. A state-of-the-art object detection 

model was trained to identify cyclists and classify whether 

they were wearing helmets. The developed model 

demonstrated strong performance in detecting active 

cyclists and estimating helmet usage. On the test dataset, 

helmet usage was only slightly underestimated by 0.52%, 

showing high accuracy and reliability. [2] Md. Ameer Raza, 

J. Bhavyasri Tanmaya Moukthika [2] Automated detection 

of motorcycle helmet usage from surveillance videos plays 

a critical role in strengthening road safety enforcement and 

awareness programs. However, many existing approaches 

face notable limitations, such as the inability to reliably 

track individual motorcycles across consecutive video 

frames and difficulty in distinguishing between drivers and 

passengers when evaluating helmet compliance. 

Additionally, earlier studies often depend on limited or 

homogeneous datasets, reducing robustness under varying 

traffic densities and real-world conditions. To overcome 

these challenges, the proposed study introduces a 

convolutional neural network (CNN)–based multi-task 

learning (MTL) framework that simultaneously performs 

motorcycle detection, tracking, rider identification, and 

helmet usage classification. By jointly learning visual 

similarity features for tracking and helmet classification 

within a single unified model, the system effectively links 

helmet status to specific riders over time.[3]  Fatih Aslan 

and  Yaşar Becerikli [3] Wearing personal protective 

equipment (PPE), especially helmets, is essential on 

construction sites to prevent severe head injuries and to 

comply with safety regulations. Helmets are particularly 

important because they are highly visible in surveillance 

footage, making them suitable for automated worker 

detection and monitoring. However, manual inspection of 

helmet usage and worker identity is inefficient, labor-

intensive, and impractical for large or busy construction 

sites. Both models achieved high precision and recall, with 

YOLOv5 showing slightly better performance for real-time 

symbol identification. The system was effective at 

identifying workers from distances of up to 10 meters. 

Additionally, a left-to-right, location-based symbol-

ordering algorithm ensured consistent and reliable 

interpretation of symbols during inference. [4] Md. Ameer 

Raza, J. Bhavyasri Tanmaya Moukthika Dr. Varsha M, 

Niveditha MG , Priyadarshini P , Punyashree B S , Sahana 

M K  [4] Automated helmet detection systems play a crucial 

role in improving road safety in India, where two-wheelers 

are the most commonly used mode of transportation. A 

significant number of road accidents and fatalities occur due 

to helmet non-compliance, even though traffic safety laws 

are clearly defined. To overcome limitations in manual 

enforcement, automated helmet violation detection systems 

based on CCTV surveillance and machine learning have 

been developed. These systems use deep learning–based 

object detection techniques and are enhanced with Class 

Activation Mapping (CAM) to improve detection 

performance, particularly under low-light conditions. The 

proposed approach achieves an accuracy of 85.3%, making 

it suitable for large-scale deployment in urban traffic 

environments. [5]  Sri Uthra V, Sariga Devi V, Vaishali K 

S, Padma Priya S [5]  Two-wheelers are among the most 

commonly used modes of transportation, particularly in 

densely populated regions, but they are also associated with 

a high rate of road accidents. A major contributor to fatal 

injuries is helmet non-compliance, as head injuries account 

for a large proportion of two-wheeler deaths. To address this 

safety concern, the proposed system introduces an 

integrated and automated framework for detecting helmet 

rule violations and identifying offenders, thereby reducing 

reliance on manual traffic monitoring. The system combines 

multiple computer vision and machine learning techniques 

into a single pipeline. First, motorcycles are detected and 

classified from traffic surveillance footage using a Support 

Vector Machine (SVM)–based vehicle classification 

approach. Helmet detection is then performed using 

Convolutional Neural Networks (CNNs) to extract visual 

features from rider images, followed by an SVM classifier 

to determine the presence or absence of a helmet. 

III. Proposed system 

The proposed system overcomes the limitations of existing 

helmet violation detection methods by adopting a fully 

automated deep learning–based framework built on 

YOLOv12, which offers improved accuracy, faster 
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inference, and better generalization across real-world traffic 

conditions. YOLOv12 is utilized to precisely detect helmet 

usage by learning complex visual features, enabling reliable 

differentiation between helmeted and non-helmeted riders 

even in challenging scenarios such as varying lighting 

conditions, different helmet styles, dense traffic, and diverse 

camera angles. The system is trained using robust and 

diverse datasets to ensure consistent performance in both 

urban roads and highways. Upload video processed in real 

time, allowing instant identification of helmet violations 

without the need for continuous human supervision. When 

a rider without a helmet is detected, the system 

automatically triggers alert mechanisms by notifying 

authorized institutions such as traffic police departments 

and issuing warning notifications to riders. This immediate 

response supports proactive enforcement and increases rider 

awareness, encouraging compliance with helmet 

regulations. The automated workflow significantly reduces 

human error, monitoring effort, and enforcement delays, 

making the system suitable for large-scale and continuous 

deployment. By combining high-accuracy detection, real-

time processing, and automated alert generation, the 

proposed system ensures efficient enforcement and practical 

implementation. 

a. Data Collection  

Data collection is the foundational step in developing an 

effective deep learning model for traffic violation detection. 

In this system, datasets are obtained from open-source 

platforms such as Kaggle, which provides a wide variety of 

annotated image and video datasets related to traffic 

surveillance. These datasets typically include images of 

motorcyclists, vehicles, and road scenes under different 

environmental conditions. For this project, relevant datasets 

are selected that contain instances of helmet usage and 

helmetless riders. The availability of labeled data, such as 

bounding box annotations and class labels, is crucial for 

supervised learning tasks like object detection. Kaggle 

datasets often come in formats like COCO or Pascal VOC, 

which are compatible with modern object detection 

frameworks. Additionally, data diversity is ensured by 

including images captured under different lighting 

conditions, weather scenarios (rain, fog, night), and camera 

angles to improve the model’s generalization ability. In 

some cases, multiple datasets may be combined to create a 

more comprehensive training set. Data augmentation 

techniques such as flipping, rotation, and scaling can also be 

applied at this stage to artificially increase dataset size and 

variability. Proper data collection ensures that the model 

learns from real-world scenarios, ultimately improving its 

robustness and accuracy in detecting helmet violations in 

practical environments. 

b. Pre-processing 

Pre-processing is a critical step that prepares the collected 

data for efficient and accurate model training. Raw datasets 

obtained from Kaggle may contain inconsistencies such as 

varying image sizes, noise, irrelevant objects, or incomplete 

annotations. Therefore, preprocessing involves cleaning and 

standardizing the data to ensure uniformity. First, images are 

resized to a fixed resolution compatible with the YOLOv12 

model, enabling faster computation and consistent input 

dimensions. Noise reduction techniques and normalization 

are applied to enhance image quality and stabilize pixel 

value distributions. Annotation files are also verified and 

converted into the required format (such as YOLO format), 

where bounding box coordinates are normalized relative to 

image dimensions. Data augmentation techniques, including 

rotation, flipping, brightness adjustment, and cropping, are 

applied to improve model robustness and prevent 

overfitting. These transformations help the model learn 

variations in object orientation, lighting, and scale. 

Additionally, dataset splitting is performed during 

preprocessing to divide the data into training, validation, and 

testing sets. This ensures unbiased model evaluation and 

prevents data leakage. Proper preprocessing significantly 

enhances the learning capability of the model by reducing 

noise, improving data consistency, and increasing 

variability. As a result, it plays a crucial role in improving 

the overall performance, accuracy, and generalization of the 

YOLOv12-based helmet detection system. 

c. Feature Extraction 

Feature extraction is the process of identifying and 

representing important visual patterns from input images 

that help in detecting and classifying objects. In the 

YOLOv12 framework, feature extraction is performed 

automatically using a deep convolutional neural network 

(CNN) backbone. The backbone processes input images 

through multiple convolutional layers, each designed to 

capture specific levels of information. Early layers focus on 

low-level features such as edges, corners, and textures, 

while deeper layers capture high-level semantic features like 

object shapes and contextual relationships. This hierarchical 

feature learning enables the model to understand complex 

patterns required for detecting helmet usage. YOLOv12 

enhances feature extraction by using an optimized backbone 

that balances computational efficiency and accuracy. 

Additionally, feature maps generated at different stages are 
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passed to the neck (such as FPN or PAN), which combines 

multi-scale features to improve detection of both small and 

large objects. This is particularly important in traffic 

scenarios where helmets may appear small or partially 

occluded. Effective feature extraction ensures that the model 

can distinguish between helmet and no-helmet classes. By 

learning meaningful and discriminative features, the system 

achieves improved detection accuracy and robustness in 

diverse real-world conditions. 

d. Model Creation Using YOLOv12 

Model creation involves designing, configuring, and 

training the YOLOv12 object detection model for helmet 

violation detection. The YOLOv12 model is initialized with 

a predefined architecture consisting of backbone, neck, and 

detection head components. During this stage, custom 

classes such as “helmet” and “no helmet” are defined based 

on the problem requirements. The preprocessed dataset is 

then fed into the model for training. Transfer learning can 

be applied by initializing the model with pretrained weights, 

which helps improve performance and reduce training time. 

The training process involves optimizing model parameters 

using techniques such as stochastic gradient descent (SGD) 

or Adam optimizer, along with appropriate loss functions 

that account for bounding box regression, classification, and 

object confidence. Hyperparameters such as learning rate, 

batch size, and number of epochs are carefully selected to 

ensure stable and efficient training. During training, the 

model learns to detect riders and classify helmet usage 

accurately by minimizing prediction errors. Validation is 

performed periodically to monitor performance and avoid 

overfitting. The lightweight nature of YOLOv12 allows for 

faster training and real-time inference capabilities.  

e. Test Data 

Test data is used to evaluate the performance and 

generalization capability of the trained YOLOv12 model. It 

consists of a separate subset of the dataset that is not used 

during training or validation, ensuring an unbiased 

assessment of the model’s effectiveness. The test dataset 

includes images representing real-world traffic scenarios 

with varying conditions such as different lighting, weather, 

and traffic density. Proper selection of test data is crucial, as 

it should reflect the diversity and complexity of practical 

environments. During testing, the trained model processes 

each image and generates predictions, including bounding 

boxes, class labels, and confidence scores. These predictions 

are then compared with ground truth annotations to evaluate 

performance metrics such as precision, recall, F1-score, and 

mean Average Precision (mAP). High precision indicates 

fewer false positives, while high recall indicates effective 

detection of actual violations. Testing also helps identify 

limitations of the model, such as difficulty in detecting small 

objects or performance degradation under poor lighting 

conditions. Visualization of detection results is often 

performed to qualitatively assess model behavior. By 

analyzing test results, further improvements can be made 

through hyperparameter tuning, data augmentation, or 

model optimization.  

f.  Prediction 

Prediction is the final stage where the trained YOLOv12 

model is deployed to detect helmet violations in real-time or 

from stored images and videos. In this phase, input data such 

as live camera feeds or recorded footage is passed through 

the trained model. The model processes each frame and 

outputs predictions in the form of bounding boxes, class 

labels, and confidence scores. These predictions indicate the 

presence of riders and whether they are wearing helmets or 

not. YOLOv12 performs prediction in a single forward pass, 

ensuring high-speed processing suitable for real-time 

applications. Non-Maximum Suppression (NMS) is applied 

to eliminate duplicate detections and retain the most 

accurate bounding boxes. The system can also be integrated 

with alert mechanisms that trigger notifications or warnings 

when violations are detected. For example, alerts can be sent 

to traffic authorities or displayed as caution messages. 

Visualization techniques such as overlaying bounding boxes 

on video frames help in understanding detection results. The 

prediction stage demonstrates the practical utility of the 

system, enabling automated monitoring and enforcement of 

helmet safety rules.  

IV. RESULT AND DISCUSSION 

The results and discussion of the proposed YOLOv12-based 

helmet detection system demonstrate its effectiveness in 

accurately identifying helmet usage in real-world traffic 

scenarios. The model was evaluated using a separate test 

dataset consisting of diverse images captured under varying 

environmental conditions, including different lighting 

levels, weather situations, and traffic densities. The system 

achieved high performance in terms of precision, recall, and 

mean Average Precision (mAP), indicating its ability to 

correctly detect riders wearing helmets as well as those 

without helmets while minimizing false detections. The use 

of a deep learning-based single-stage detector like 

YOLOv12 enabled fast processing speeds, making the 

system suitable for real-time applications. Experimental 
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results show that the model performs well even when 

helmets are partially occluded or when riders appear at 

different distances and angles. Compared to traditional 

methods and earlier lightweight models, the proposed 

approach offers improved detection accuracy and better 

generalization due to enhanced feature extraction and multi-

scale detection capabilities. However, certain challenges 

were observed during testing, such as slight performance 

degradation in extremely low-light conditions or when 

image quality is poor. Despite these limitations, the system 

maintains consistent and reliable performance across most 

scenarios. The integration of real-time prediction and alert 

mechanisms further enhances its practical usability for 

traffic monitoring and enforcement.  

a.  INPUT LAYER 

 The Input Layer in the proposed YOLOv12-based helmet 

detection system plays a crucial role in preparing traffic 

surveillance images for efficient processing and accurate 

detection. In this system, input data is obtained from CCTV 

cameras or Kaggle datasets containing images of motorbike 

riders. These images are first resized to a fixed resolution 

(such as 640×640) to ensure uniformity and compatibility 

with the YOLOv12 architecture. This resizing helps 

maintain consistent spatial dimensions, enabling faster 

batch processing and real-time performance. After resizing, 

the pixel values of the images are normalized to a range 

between 0 and 1 to stabilize training and improve 

convergence of the model. The normalization process can 

be represented as: 

 

 Where, x is the original pixel value and x′ is the 

normalized value. The input image is then structured into a 

tensor of dimensions H, timesW, timesC, , where H and W 

represent height and width, and C=3 corresponds to RGB 

channels. Furthermore, the image is conceptually divided 

into a grid of size S, where each grid cell is responsible for 

detecting objects whose centers fall within that region. This 

grid-based representation allows the model to perform 

detection in a single forward pass. In the context of the 

proposed system, the input layer ensures that diverse traffic 

images—captured under different lighting and 

environmental conditions—are standardized and efficiently 

processed, thereby enabling accurate detection of helmet 

usage in real-time traffic monitoring applications. 

 

b.  Convolutional Layers 

The Convolutional Layers in the proposed YOLOv12-

based helmet detection system are the core components 

responsible for extracting meaningful features from input 

images. After preprocessing in the input layer, the image is 

passed through multiple convolutional layers, where filters 

(kernels) slide over the image to detect important visual 

patterns such as edges, textures, shapes, and object 

boundaries. In early layers, simple features like edges and 

corners are captured, while deeper layers learn complex 

patterns such as the structure of helmets and rider shapes. 

Each convolutional layer applies multiple filters to generate 

feature maps, which highlight different aspects of the image. 

These layers are typically followed by activation functions 

(such as ReLU or SiLU) and batch normalization to improve 

learning efficiency and stability. The convolution operation 

can be mathematically expressed as: 

 

 where X represents the input image, K is the convolution 

kernel (filter), and Y(i,j) is the output feature map at position 

(i,j). This operation enables the model to focus on relevant 

spatial features while reducing noise and redundant 

information. In the proposed system, convolutional layers 

play a vital role in distinguishing between helmet and no-

helmet classes by learning discriminative features from 

traffic images. Their ability to automatically extract 

hierarchical features significantly improves detection 

accuracy and robustness, making them essential for real-

time helmet detection in diverse environmental conditions. 

c.  Batch Normalization Layers 

The Batch Normalization Layers in the proposed 

YOLOv12-based helmet detection system play a crucial role 

in improving training stability, convergence speed, and 

overall model performance. During deep neural network 

training, the distribution of inputs to each layer can change 

as the model updates its weights, a phenomenon known as 

internal covariate shift. Batch normalization addresses this 

issue by normalizing the activations of each layer for every 

mini-batch, ensuring that the data fed into subsequent layers 

maintains a consistent distribution. This normalization 

allows the model to train faster and reduces sensitivity to 

initialization and learning rates. In the context of the 

proposed system, batch normalization is applied after 

convolutional layers to stabilize feature extraction and 

improve the detection of helmets under varying lighting and 
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environmental conditions. It also acts as a regularizer, 

reducing the need for additional techniques like dropout and 

helping prevent overfitting. The batch normalization 

process can be mathematically expressed as: 

 

 Where, x is the input activation, μ is the mean of the 

batch, σ2 is the variance, and ϵ is a small constant added for 

numerical stability. The normalized output x^ is then scaled 

and shifted using learnable parameters. By maintaining 

stable input distributions across layers, batch normalization 

enhances the robustness and efficiency of the YOLOv12 

model, leading to improved accuracy in helmet detection 

and better generalization to real-world traffic scenarios. 

d. Accuracy: 

 Accuracy is a fundamental evaluation metric used to 

measure the overall performance of the proposed 

YOLOv12-based helmet detection system. It represents the 

proportion of correctly predicted instances out of the total 

number of predictions made by the model. In this system, 

accuracy reflects how effectively the model can classify 

riders as wearing a helmet or not wearing a helmet. A high 

accuracy indicates that the model is able to correctly identify 

most of the instances, thereby demonstrating its reliability 

in real-world traffic monitoring scenarios. However, 

accuracy alone may not always provide a complete picture, 

especially in cases where the dataset is imbalanced, such as 

having more helmet-wearing instances than non-helmet 

cases. Despite this limitation, it remains an important 

baseline metric for evaluating model performance during 

testing. The mathematical representation of accuracy is 

given as: 

 

 Where, TP (True Positives) represents correctly detected 

helmet cases, TN (True Negatives) represents correctly 

detected no-helmet cases, FP (False Positives) represents 

incorrect detections where the model predicts a helmet but 

none is present, and FN (False Negatives) represents missed 

detections where the model fails to identify the absence of a 

helmet. In the proposed system, achieving high accuracy 

ensures that the model can reliably distinguish between 

helmet and no-helmet conditions. This contributes to 

effective enforcement of safety regulations and enhances the 

practical deployment of the system in intelligent traffic 

management applications. 

e. LOSS 

 The loss function in the proposed YOLOv12-based 

helmet detection system is a critical component used to 

measure the difference between the model’s predictions and 

the actual ground truth values during training. It guides the 

learning process by indicating how well the model is 

performing and how its parameters should be updated to 

improve accuracy. In object detection tasks like helmet 

detection, the loss function is typically a combination of 

multiple components, including classification loss (for 

identifying helmet or no helmet), localization loss (for 

predicting accurate bounding box coordinates), and 

confidence loss (for determining whether an object is 

present). By minimizing the total loss, the model learns to 

make more precise predictions over time. A commonly used 

representation of total loss in YOLO-based models is: 

 

 Where, Lcls is the classification loss, Lloc is the 

localization (bounding box regression) loss, and Lconf is the 

confidence loss. During training, optimization algorithms 

such as stochastic gradient descent or Adam adjust the 

model weights to reduce this loss value iteratively. In the 

proposed system, an effective loss function ensures accurate 

detection of helmets by improving both object classification 

and localization. As the loss decreases over epochs, the 

model becomes more reliable and capable of handling real-

world traffic conditions efficiently. 

f. PRECISION: 

 Precision is an important performance metric used to 

evaluate the effectiveness of the proposed YOLOv12-based 

helmet detection system, particularly in terms of how 

accurate the positive predictions are. It measures the 

proportion of correctly predicted positive instances (helmet 

or no-helmet detections) out of all instances that the model 

has predicted as positive. In the context of this system, 

precision indicates how many of the detected violations 

(such as identifying a rider without a helmet) are actually 

correct. A high precision value means that the model 

produces very few false alarms, which is crucial in real-

world traffic monitoring systems to avoid unnecessary 

penalties or incorrect alerts. Precision becomes especially 

important when the cost of false positives is high, such as 
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wrongly identifying a rider as violating safety rules. The 

mathematical formula for precision is given as: 

 

 Where, TP (True Positives) represents the number of 

correctly detected positive cases (e.g., correctly identifying 

a rider without a helmet), and FP (False Positives) represents 

the number of incorrect positive predictions (e.g., 

identifying a helmet when none exists or vice versa). In the 

proposed YOLOv12 system, achieving high precision 

ensures that most of the detected helmet violations are 

accurate and reliable. This improves the credibility of the 

system when deployed in real-time traffic environments. 

Although precision focuses on correctness of positive 

predictions, it is often analyzed along with recall to provide 

a complete understanding of model performance. 

 

 A precision graph in the proposed YOLOv12-based 

helmet detection system visually represents how precision 

varies with different confidence thresholds or detection 

conditions. Typically, precision is plotted on the y-axis, 

while the confidence threshold or recall is plotted on the x-

axis. As the confidence threshold increases, the model 

becomes more selective, resulting in fewer false positives 

and higher precision. However, this may reduce the number 

of detected instances. The graph helps in identifying the 

optimal threshold where the model achieves a good balance 

between accuracy and detection coverage. In the proposed 

system, the precision graph demonstrates that the model 

maintains high precision across most thresholds, indicating 

reliable and consistent helmet detection performance in real-

world scenarios. 

g.  Recall 

 Recall is an important evaluation metric used in the 

proposed YOLOv12-based helmet detection system to 

measure the model’s ability to correctly identify all actual 

positive cases. It represents the proportion of true positive 

detections out of all real positive instances present in the 

dataset. In this system, recall indicates how effectively the 

model detects riders without helmets without missing any 

violations. A high recall value means the model successfully 

captures most of the actual helmet violations, reducing the 

chances of missed detections. The mathematical formula for 

recall is given as: 

 

 Where, TP represents correctly detected positive cases 

and FN represents missed detections. 

 

 A recall graph in the proposed YOLOv12-based helmet 

detection system illustrates how effectively the model 

detects all actual positive instances (helmet or no-helmet 

cases) across different confidence thresholds. In this graph, 

recall is plotted on the y-axis, while the confidence threshold 

or sometimes precision is plotted on the x-axis. As the 

confidence threshold decreases, the model becomes less 

strict in its predictions, resulting in more detections and 

higher recall. This means the system is able to capture most 

of the actual helmet violations, reducing missed detections 

(false negatives). However, increasing recall may also 

introduce more false positives. Conversely, at higher 

confidence thresholds, recall tends to decrease because the 

model only considers highly confident predictions, 

potentially missing some true cases. The recall graph helps 

in analyzing how well the system balances detection 

completeness under varying conditions. In the proposed 

system, the recall graph typically shows high recall values 

across moderate thresholds, indicating that the model 

successfully identifies most riders without helmets even in 

complex traffic scenarios. This is particularly important for 

safety enforcement, as missing violations can reduce system 

effectiveness. 
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h.  F1 score: 

 The F1-score is an important evaluation metric used in 

the proposed YOLOv12-based helmet detection system to 

provide a balanced measure of both precision and recall. It 

is especially useful when there is a need to consider both 

false positives and false negatives together. The F1-score 

represents the harmonic mean of precision and recall, 

ensuring that both metrics are equally weighted. A high F1-

score indicates that the model performs well in correctly 

detecting helmet violations while also minimizing missed 

detections. The mathematical formula for F1-score is given 

as: 

 

In the proposed system, a high F1-score reflects overall 

strong detection performance. 

 

 An F1-score graph in the proposed YOLOv12-based 

helmet detection system illustrates the balance between 

precision and recall across different confidence thresholds. 

In this graph, the F1-score is plotted on the y-axis, while the 

confidence threshold is shown on the x-axis. The curve 

typically rises to a peak at an optimal threshold where both 

precision and recall are well balanced, resulting in the 

highest F1-score. At very low thresholds, recall may be high 

but precision drops, reducing the F1-score. Conversely, at 

very high thresholds, precision increases but recall 

decreases, again lowering the F1-score. 

i.  COMPARISON GRAPH: 

 The comparison graph illustrates the performance 

differences between CNN, ResNet, VGG19, and YOLOv12 

based on key evaluation metrics such as accuracy, precision, 

recall, and F1-score. In the graph, each model is represented 

along the x-axis, while performance values are shown on the 

y-axis. Traditional CNN models demonstrate moderate 

performance, as they are effective in basic feature extraction 

but lack depth for complex pattern recognition.  

 

ResNet shows improved results due to its deep architecture 

and residual connections, which help in better feature 

learning and reduced vanishing gradient problems. VGG19 

further enhances performance with deeper layers and 

uniform architecture, leading to higher accuracy and better 

classification capability. However, YOLOv12 outperforms 

all other models across all metrics, as it is specifically 

designed for real-time object detection with optimized 

feature extraction and multi-scale detection capabilities. The 

graph clearly indicates that YOLOv12 achieves the highest 

values, demonstrating superior efficiency, accuracy, and 

robustness for helmet detection in traffic surveillance 

systems. 

j. COMPARISON TABLE: 

 The comparison table presents a detailed evaluation of 

CNN, ResNet, VGG19, and YOLOv12 based on key 

performance metrics such as accuracy, precision, recall, and 

F1-score in the context of helmet detection. CNN shows 

moderate performance due to its simpler architecture, 

making it suitable for basic image classification but less 

effective for complex detection tasks. ResNet demonstrates 

improved results with higher accuracy and better feature 

extraction capabilities, owing to its deeper structure. 

VGG19 further enhances performance by capturing more 

detailed visual features, resulting in better classification 

outcomes compared to CNN and ResNet.  

Model 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-

Score 

(%) 

CNN 85 82 80 81 
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ResNet 90 88 87 87.5 

VGG19 92 90 89 89.5 

YOLOv12 96 95 94 94.5 

However, YOLOv12 clearly outperforms all other models 

across every metric. It achieves the highest accuracy, 

precision, recall, and F1-score, indicating its superior ability 

to detect and classify helmet usage effectively. The higher 

precision reflects fewer false detections, while the improved 

recall shows that most helmet violations are successfully 

identified. The F1-score confirms a strong balance between 

precision and recall. 

V. conclusion: 

 In conclusion, the proposed system demonstrates the 

significant potential of Artificial Intelligence and deep 

learning techniques in enhancing traffic surveillance and 

road safety. By leveraging the capabilities of computer 

vision, the system effectively automates the detection and 

analysis of traffic violations from real-time visual data. 

While existing approaches focused mainly on helmetless 

rider detection using lightweight models, they were limited 

in scope and did not address broader challenges such as 

multiple violations and varying environmental conditions. 

To overcome these limitations, the proposed system utilizes 

the YOLOv12 algorithm, which provides efficient and 

accurate real-time object detection. The system not only 

identifies helmet violations but also extends its functionality 

to detect additional violations such as triple riding and 

mobile phone usage, thereby offering a more comprehensive 

solution. Moreover, its robustness under challenging 

conditions like low light and adverse weather enhances its 

practical applicability in real-world scenarios. The 

integration of an automated alert mechanism further 

strengthens the system by enabling timely notifications to 

authorities and warning messages to riders, promoting 

proactive enforcement of traffic rules. Future enhancements 

of the proposed YOLOv12-based helmet detection system 

can focus on improving scalability, accuracy, and real-world 

integration. The system can be extended to support 

additional traffic violations such as lane discipline, signal 

jumping, and vehicle overloading for a more comprehensive 

solution. Incorporating advanced techniques like attention 

mechanisms and transformer-based models can further 

enhance detection accuracy under complex conditions. 

Integration with IoT devices and smart city infrastructure 

can enable automated fine generation and centralized 

monitoring. 
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