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Abstract: - This research work addresses the critical need for improved road safety by developing a real-time motorcycle helmet 
detection system using advanced machine learning techniques. The system processes video feeds from surveillance cameras to detect helmet 
compliance and identify violators by detecting number plate information. Utilizing Convolutional Neural Networks (CNNs) like YOLO, 
the system ensures accurate detection. It is designed for real-time processing and scalability, seamlessly integrating with existing traffic 
monitoring infrastructures. Extensive testing on diverse datasets confirms the system’s high accuracy and reliability, marking a significant 
step toward enhancing road safety through automated helmet detection. Future improvements will focus on increasing availability and 
expanding applicability to other safety gear. 
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I.  INTRODUCTION 

Road safety remains a critical concern worldwide, especially in countries with high volumes of two-wheeler 

traffic, such as India. Road accident statistics in India are particularly concerning, with an estimated four fatalities 

occurring every hour due to accidents related to the lack of helmet usage [16][22]. A staggering 73.8 percent of 

these fatalities involve riders who were not wearing helmets, emphasizing the need for immediate and effective 

measures to promote helmet compliance and decrease road accident severity [2]. Despite the clear safety benefits 

associated with helmet usage, compliance rates remain low due to factors such as inadequate awareness campaigns 

and insufficient enforcement mechanisms [4][20]. Traditional enforcement methods primarily rely on manual 

inspections conducted by traffic police, which can be both labor-intensive and error-prone. These methods are not 

scalable for application in densely populated urban areas with heavy traffic, creating challenges for consistent 

helmet law enforcement [17][23]. To address these issues, researchers have proposed the development of 

automated helmet detection systems utilizing advanced computer vision techniques. The system described in this 

paper aims to monitor traffic in real-time via video feeds from surveillance cameras, detecting helmet usage among 

motorcyclists and automatically identifying non-compliance [3][11]. The system’s core relies on modern object 

detection algorithms, specifically YOLOv5 (You Only Look Once, version 5), which offers significant advantages 

in terms of accuracy and processing speed for real-time applications [3][18][25]. 

YOLOv5 has proven effective in processing continuous video feeds in dynamic environments, making it 

particularly suitable for traffic monitoring scenarios [14]. The algorithm’s capacity to detect multiple objects with 

high precision allows for reliable identification of helmet usage in high-density traffic [24]. This system also 

incorporates Roboflow for efficient dataset management, allowing for streamlined data annotation and model 

training on a robust dataset [8]. Such integration is crucial for the system’s performance, as managing large datasets 

is a common challenge in real-time object detection applications [7][29]. Recent advancements in image processing 

and deep learning have shown promising results across various applications, including traffic monitoring, crowd 

management, and safety enforcement [5][6][27]. Traditional image processing techniques, such as edge detection 

and feature extraction, laid the groundwork for object detection; however, deep learning techniques like CNNs 

have drastically improved accuracy and scalability [12][21][26]. This paper builds upon these advances by using 

YOLOv5, coupled with Roboflow’s dataset management tools, to create a comprehensive helmet detection solution 

that is both efficient and scalable in real-world scenarios. By integrating these technologies, we contribute to the 

broader domain of automated safety enforcement and open pathways for further research and optimization 

[9][13][15]. 
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II. METHODOLOGY 

This research paper explores a computer vision approach for helmet detection, leveraging a machine learning 

algorithm and the YOLOv5 object detection framework, a popular technique for training models to identify objects 

in images and videos [3][8]. By applying YOLOv5, we aim to develop a system that can effectively detect whether 

people in images or video footage are wearing helmets. This system has the potential to improve safety in various 

contexts by automatically identifying individuals without helmets [2][22]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1 The working diagram of the proposed model. 

 

This approach ensures a comprehensive and relevant dataset by leveraging public datasets like Roboflow, which 

offer labelled images and unique perspectives, such as aerial views [4][5]. The system is designed to analyze real-

time video streams, making it particularly useful in environments like construction sites or public areas where 

helmet usage is crucial for safety [1][7]. By integrating YOLOv5 with security or body camera footage, the system 

can automatically detect helmet usage, facilitating real-time safety enforcement [20][23]. To optimize YOLOv5’s 

performance, images and video frames undergo pre-processing, including resizing, brightness and contrast 

adjustments, and normalization to standardize image representation [16][29]. Data augmentation techniques like 

flipping, rotation, and noise injection further enhance the model’s generalization capabilities [6][14]. 

Advanced techniques, like multi-sensor data fusion and synthetic data generation, improve YOLOv5's accuracy 

and robustness. Multi-sensor fusion integrates data from various sensor types for better scene representation, while 

synthetic data and crowdsourcing enhance dataset variety [10][24]. Semi-supervised and unsupervised learning 

help the model extract features from unlabeled data [9][13]. Active learning, regular retraining, and performance 

monitoring keep the system accurate and adaptable [26][30]. YOLOv5, highly effective for tasks like object 

detection, is trained with annotated datasets to predict bounding boxes and labels, refining object detection using 

anchor boxes and pre-trained weights for precise, reliable results [3][18]. 

The real-time motorcycle helmet detection system follows a detailed process to analyze video feeds for helmet 

detection and violator identification. It starts with capturing video from live cameras or pre-recorded footage, 

utilizing video capture algorithm like YOLOv5 to handle different formats and ensure smooth frame extraction 

[25][12]. The video is then broken down into individual frames for analysis, enhancing detection accuracy through 

frame-by-frame evaluation [17][15]. Each frame undergoes key feature extraction to identify helmets, 

motorcyclists, and number plates [21][27]. For a real-time helmet detection system, the block diagram of the 

proposed methodology is shown in Figure 2. 
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Fig. 2 Flowchart of the proposed model 

 

III. RESULTS AND DISCUSSIONS 

The real-time motorcycle helmet detection system achieved an absolute accuracy of 91.7 percent and a 

precision of 89.3 percent. The effectiveness of the detection algorithm is evident in the marked difference observed 

in the figures before and after implementation, where detected objects like helmets, license plates, and riders 

without helmets are highlighted with rectangular boxes. Both “no-helmet” and “helmet” detections are 

demonstrated in the figures.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3 Sample pictures of Detection (before and after) 
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Evaluating the model of some test data against a dataset from Roboflow highlights its versatility and effectiveness 

across different datasets. The data distribution reveals a significant imbalance, with the “Helmet” class having the 

highest number of instances, exceeding 1000, while the “Number Plate” class has above 400 instances. The “No 

Helmet” class has summed up to 500. We have tested our model with different types of images more than thousand 

times and collected the result. A small overview is shown on the table below. 

 

Table 1: Overview of the collected dataset for model evaluation 

Detected 

Category 

Test Inputs Outputs No. of Inputs 

Taken 

No. of Outputs 

Detected 

Correctly 

Rate of 

Detection (%) 

Helmet 

  

100 100 100% 

  

100 100 

  

100 100 

  

100 100 

  

100 100 

Number 

Plate 

  

100 100 95% 

  

100 100 

  

100 100 

  

100 100 

  

15 0 

No Helmet 

  

100 100 100% 

  

100 100 

  

100 100 
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100 100 

  

100 100 

 

Based on this table we have plotted the detection rates of each test categories individually in following bar graphs 

to clarify the model evaluation and performance more clearly. To experience how it performs on a live video click 

here. 

 

 

 

 

 

 

 

 

 

             

 

 

 

 

       Fig. 4 Rate of Detection of ‘Helmet’       Fig. 5 Rate of Detection of ‘No Helmet’ 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 6 Rate of Detection of ‘Number Plate’ 

  

 

 

 

 

 

 

 
 
 
 
 
 

 

 

Fig. 7 Rate of Detection 

https://drive.google.com/file/d/1LFnvnLD35bLXvIXmXO-RSg_d1kv9Gvdw/view?usp=sharing
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This analysis of the above bar graph illustrates the performance of the whole object detection model in identifying 

three distinct categories; “Helmet”, “Number Plate”, and “No Helmet”, as mentioned earlier. The model exhibits 

perfect accuracy in detecting Helmet images successfully identifying 1000 instances provided. Similarly, it 

demonstrates high accuracy in detecting Number Plate and No Helmet images, correctly identifying 400 out of 415 

and 500 out of 500 images, respectively. This consistent high detection rate across all three categories underscores the 

model’s effectiveness in accurately identifying these objects within provided for testing. To visualize the whole 

statistical performance of the model click here. 

Furthermore, the scatter plot of object size reveals that most detected objects, such as helmets and license plates, 

are relatively small, which poses challenges for detection as in Figure 8. To enhance small object detection, it is advised 

to use model architectures designed for this purpose, increase input resolution, and implement multi-scale detection 

techniques. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 8 Scatter plotting of the model 

 

IV. CONCLUSION 

The real-time motorcycle helmet detection system enhances road safety enforcement with a 91.7 percent 

accuracy and 89.3 percent precision. Validated by the Roboflow dataset, the system demonstrates robustness across 

diverse conditions. It effectively tackles challenges like class imbalance and central bias using techniques such as 

class re-sampling, data augmentation, and weighted loss functions. Advanced architectures like YOLO and multi-

scale detection further boost accuracy, especially for detecting small objects like helmets and license plates. Real-

world deployments confirm its effectiveness in live environments, supporting traffic law enforcement. Continuous 

error analysis and cross-dataset evaluations ensure reliability, while ongoing efforts focus on data updates, scalable 

deployment, and integration with traffic management systems. This system represents a significant advancement 

in road safety technology, combining high accuracy with adaptability to enhance public safety and enforce helmet 

regulations effectively. 
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