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Abstract— This paper presents an automated 

system for detecting safety helmet usage in 

industrial environments using deep learning–

based object detection techniques. Ensuring that 

workers wear helmets is essential for preventing 

head injuries, yet maintaining compliance remains 

a significant challenge. To address this, the 

proposed system utilizes an enhanced model based 

on the YOLO architecture, referred to as YOLO-

ESCA, which is designed to improve detection 

accuracy under complex conditions such as 

varying lighting, occlusions, and diverse worker 

poses. The system provides a complete pipeline 

including dataset upload, preprocessing, model 

training, and evaluation. Performance is 

measured using metrics such as precision, recall, 

and mean Average Precision (mAP), along with 

graphical analysis of training progress. In 

addition, an extended YOLOv11 model is 

implemented to further enhance detection 

capability. Comparative results show that the 

extended model achieves better accuracy and 

robustness than the baseline YOLOv5 approach. 

The system also supports real-time helmet 

detection from both images and videos, making it 

suitable for practical deployment in surveillance 

systems. By automating helmet compliance 

monitoring, the proposed solution reduces the 

need for manual supervision and improves 

workplace safety. Overall, this work demonstrates 

the effectiveness of deep learning in developing 

scalable and efficient safety monitoring systems 

for hazardous environments. 
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I. INTRODUCTION 

In recent years, worker safety—particularly in high-

risk environments like construction sites, 

manufacturing units, and mining areas—has gained 

significant attention. Among the essential protective 

measures, the use of personal protective equipment 

(PPE), especially safety helmets, plays a vital role in 

preventing head injuries. Despite established safety 

regulations [12], consistent helmet usage remains an 

issue, often resulting in avoidable accidents and 

fatalities. With the rapid advancement of 

technologies such as deep learning and computer 

vision, new opportunities have emerged to enhance 

safety practices in industrial settings. One effective 

approach is the use of automated monitoring systems 

that can identify whether workers are wearing safety 

helmets correctly. These systems reduce dependency 

on manual supervision while enabling continuous, 

real-time compliance tracking. However, developing 

a reliable detection model is challenging due to 

factors like different helmet styles, varied worker 

postures, changing lighting conditions, and visual 

obstructions. 

To overcome these limitations, this work introduces 

YOLO-ESCA, an enhanced model designed for 

detecting proper helmet usage. It is built upon 

YOLOv5, a well-known object detection framework 

recognized for its balance between speed and 

accuracy [4]. Although YOLOv5 performs 

effectively in general scenarios, its performance can 

be further improved for complex industrial 

environments. The proposed YOLO-ESCA model 

extends the capabilities of YOLOv5 by incorporating 

targeted improvements aimed at handling real-world 

challenges. These include enhanced feature 

extraction mechanisms, better adaptability to 

occluded objects, and improved performance under 

varying illumination [3]. The architecture is refined 
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to recognize different worker positions and helmet 

appearances more effectively, while maintaining real-

time processing capabilities required for practical 

deployment. The main goal of YOLO-ESCA is to 

deliver a dependable and efficient system for 

monitoring helmet compliance in real time. By 

applying advanced deep learning techniques, the 

model supports automated and scalable safety 

supervision, helping reduce the likelihood of head 

injuries in workplaces [9]. 

In addition, the model is designed to be flexible and 

applicable across different industrial environments 

without requiring extensive adjustments. Its ability to 

function reliably under diverse conditions makes it 

suitable for integration into surveillance systems that 

require continuous monitoring. This paper presents 

the design and structure of the YOLO-ESCA model, 

highlights its improvements and evaluates its 

performance through experimental analysis [5]. The 

results demonstrate that YOLO-ESCA achieves 

higher accuracy, faster detection, and greater 

robustness compared to conventional approaches, 

making it a valuable contribution to industrial safety 

solutions. Overall, YOLO-ESCA represents an 

advancement in the use of artificial intelligence for 

workplace safety [9]. By automating helmet 

detection, it helps organizations improve compliance 

with safety standards, minimize human oversight 

errors, and create safer working conditions. 

The main contribution of this work focuses on 

enhancing the performance of the standard YOLOv5 

model for safety helmet detection. The improved 

model, referred to as YOLO-ESCA, is designed to 

better identify helmets in challenging conditions such 

as partial occlusion, varied lighting, and different 

worker orientations. The enhancement mainly targets 

stronger feature extraction so that even small or 

unclear objects can be detected more accurately. In 

addition, training strategies such as data 

augmentation and parameter tuning are applied to 

improve the model’s ability to generalize across 

different environments [5]. The study also includes a 

comparison with an extended YOLOv11 model to 

examine performance improvements. These 

modifications aim to provide a more reliable and 

efficient solution for real-time helmet detection in 

industrial scenarios. 

II. LITERATURE SURVEY 

Redmon et al., (2016) [1] introduced the YOLO 

framework, which revolutionized object detection by 

treating it as a single regression problem instead of a 

multi-stage process. The model processes the entire 

image in one pass, making it significantly faster than 

traditional methods. It divides the image into a grid 

and predicts bounding boxes along with class 

probabilities simultaneously. This unified approach 

reduces computational complexity and improves real-

time performance. The authors demonstrated that 

YOLO achieves high speed while maintaining 

competitive accuracy. However, early versions 

showed limitations in detecting small objects and 

handling complex scenes. Despite these challenges, 

the model laid the foundation for subsequent 

improvements in the YOLO family. The study 

highlighted the importance of balancing speed and 

accuracy in detection systems. It also opened new 

possibilities for real-time applications such as 

surveillance and safety monitoring. Overall, this 

work played a key role in advancing modern object 

detection techniques. 

Redmon et al., (2017) [2] proposed YOLO9000, an 

improved version of the original YOLO model with 

enhanced accuracy and detection capabilities. The 

model introduced joint training on detection and 

classification datasets, allowing it to recognize a 

larger number of object categories. It utilized a more 

efficient architecture and improved feature 

representation to enhance performance. The authors 

also incorporated hierarchical classification, which 

enabled the model to generalize better across 

different classes. Compared to its predecessor, 

YOLO9000 achieved better localization accuracy and 

faster detection speed. The study addressed some 

limitations of the original YOLO, particularly in 

terms of generalization and scalability. It also 

demonstrated the effectiveness of combining multiple 

datasets for training. The improved model was 

capable of detecting over 9000 object categories. 

This work contributed significantly to the 

development of scalable object detection systems. It 

further strengthened the applicability of YOLO in 

real-time environments. 

Bochkovskiy et al., (2020) [3] presented YOLOv4, 

which focused on optimizing both speed and 

accuracy for object detection tasks. The model 

introduced several improvements, including 

advanced data augmentation techniques and 

enhanced feature extraction methods. It incorporated 

the concept of “bag of freebies” and “bag of specials” 

to improve training efficiency without increasing 

inference cost. The authors utilized CSPDarknet as 

the backbone network to enhance feature 

representation. YOLOv4 also improved detection 

performance for small objects and complex scenes. 

The study demonstrated that the model achieves 

state-of-the-art results on benchmark datasets. It 

provided a practical solution that can be trained and 
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deployed on conventional hardware. The model 

showed strong performance in real-time detection 

scenarios. This work made object detection more 

accessible and efficient for real-world applications. 

Overall, YOLOv4 significantly improved the 

robustness and reliability of detection systems. 

Fang et al., (2018) [9] developed a real-time safety 

helmet detection system using deep learning 

techniques. The study focused on improving 

workplace safety by automatically identifying 

whether workers were wearing helmets. The authors 

used a convolutional neural network to detect head 

regions and classify helmet usage. The system was 

designed to handle real-world challenges such as 

varying lighting conditions and complex 

backgrounds. Experimental results showed that the 

model achieved high detection accuracy in practical 

scenarios. The study also demonstrated the feasibility 

of deploying such systems in surveillance 

environments. It highlighted the importance of 

automated monitoring in reducing workplace 

accidents. The model performed well in detecting 

multiple individuals simultaneously. However, the 

study noted limitations in handling heavy occlusions. 

Despite this, it provided a strong foundation for 

further research in PPE detection. Overall, the work 

contributed to the development of intelligent safety 

systems. 

Nath et al., (2020) [12] explored the use of deep 

learning for detecting personal protective equipment 

in construction environments. The study focused on 

real-time identification of safety gear such as helmets 

using image-based analysis. The authors applied 

advanced object detection models to improve 

detection accuracy and reliability. The system was 

capable of processing live video streams, making it 

suitable for continuous monitoring. The study 

emphasized the importance of safety compliance in 

reducing workplace risks. It also highlighted the 

challenges associated with dynamic environments 

and worker movement. Experimental results showed 

that deep learning models can effectively detect PPE 

with high precision. The authors discussed the 

scalability of the system for large construction sites. 

The study also suggested integrating such systems 

with existing surveillance infrastructure. Overall, this 

work demonstrated the practical applicability of deep 

learning in enhancing industrial safety and 

monitoring systems. 

III. DATASET DESCRIPTION 

The dataset used in this study is based on the Safety 

Helmet Wearing Dataset (SHWD), which contains 

images of individuals in industrial environments with 

and without safety helmets. The dataset includes a 

diverse collection of images captured under different 

real-world conditions such as varying lighting, 

complex backgrounds, and multiple viewing angles. 

This diversity helps improve the model’s ability to 

generalize across different scenarios. The dataset is 

organized into labelled categories representing 

helmet-wearing and non-helmet-wearing classes. 

Each image is annotated with bounding boxes that 

indicate the location of the head region and the 

presence or absence of a helmet. These annotations 

are essential for training object detection models, as 

they provide spatial information required for accurate 

localization and classification. Before training, the 

dataset undergoes a preprocessing phase that includes 

data cleaning, normalization, and formatting to match 

the input requirements of the YOLO-based models. 

The dataset is then divided into training and testing 

subsets to evaluate model performance effectively. 

The training set is used to learn patterns, while the 

testing set is used to validate the model’s accuracy 

and generalization capability. To further improve 

model robustness, the dataset supports variations 

such as occlusions, different helmet colors, and 

worker poses. This ensures that the trained model can 

perform reliably in real-time environments. The 

dataset plays a crucial role in enabling the system to 

detect helmet usage accurately in both images and 

video streams. 

 

IV. IMPLEMENTATION DETAILS 

The proposed system is implemented as an integrated 

application that enables dataset handling, model 

training, performance evaluation, and real-time 

detection through a user-friendly interface. The 

execution begins by running the main application 

file, which launches the system interface for 

interaction. The first step involves uploading the 

Safety Helmet Wearing Dataset (SHWD), where the 

dataset folder containing annotated images is loaded 

into the system. Once the dataset is loaded, a 

preprocessing stage is performed to prepare the data 

for model training.  

This stage includes organizing image-label pairs, 

resizing images to match model input dimensions, 

and converting annotations into the required format 

for YOLO-based training. The dataset is then split 

into training and validation sets to ensure proper 

performance evaluation. The system implements the 

YOLO-ESCA model, which is an enhanced version 

of the YOLOv5 architecture. During training, the 

model learns to detect helmet and non-helmet classes 

using annotated bounding boxes. Key training 
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parameters such as epochs, learning rate, and batch 

size are configured to optimize performance.  

Throughout the training process, important metrics 

such as precision, recall, and loss are continuously 

monitored. These metrics are visualized using graphs 

to analyze model learning behavior, where increasing 

precision and recall along with decreasing loss 

indicate improved performance. In addition to 

YOLO-ESCA, an extended YOLOv11 model is also 

implemented to further improve detection accuracy. 

The training process for YOLOv11 follows a similar 

procedure, with enhanced feature extraction and 

optimization techniques. The system generates 

training and validation graphs, including precision, 

recall, mAP50, and mAP50–95 curves, to provide a 

comprehensive view of model performance. A 

comparison module is included to evaluate the 

performance of YOLOv5 and the extended 

YOLOv11 model. The comparison is based on 

accuracy metrics, where the improved model 

demonstrates better detection capability. Finally, the 

system supports real-time detection from both images 

and video inputs. Users can upload images or video 

files, and the trained model processes them to detect 

helmet usage. The output displays bounding boxes 

around detected objects along with classification 

labels, including cases with uncertainty. This end-to-

end implementation ensures an efficient and practical 

solution for automated helmet detection in real-world 

environments. In this implementation, YOLO-ESCA 

is treated as an enhanced version of the YOLOv5 

model, and its performance is analysed during 

training, while final comparison is carried out 

between YOLOv5 and the extended YOLOv11 

model 

 

 

Figure 1: Workflow of Proposed Safety Helmet 

Detection System 

 

V. EXPERIMENTAL SETUP 

The evaluation of the proposed system was carried 

out using a standard computing setup suitable for 

deep learning applications. The training process was 

performed using a GPU-supported environment to 

ensure faster computation and efficient model 

learning. The Safety Helmet Wearing Dataset was 

divided into training and validation sets to assess the 

model’s performance on unseen data. 

During training, several parameters were selected 

carefully to achieve stable and effective learning. The 

models were trained over multiple epochs to allow 

gradual improvement in detection capability. A 

balanced batch size was used to maintain 

computational efficiency while ensuring proper 

convergence. The learning rate was adjusted to avoid 

instability during training. To enhance robustness, 

various data augmentation techniques such as image 

scaling, flipping, and brightness adjustments were 

applied. The effectiveness of the models was 

measured using commonly accepted evaluation 

metrics, including precision, recall, mAP50, and 

mAP50–95. These metrics help in understanding both 

the classification accuracy and localization 

performance of the detection models. 

 

VI. RESULT AND DISCUSSION 

The performance of the proposed system was 

evaluated using both the YOLO-ESCA model and the 

extended YOLOv11 model on the Safety Helmet 

Wearing Dataset. During training, key evaluation 

metrics such as precision, recall, and loss were 

monitored to assess the effectiveness of the models. 

The training graphs showed a steady increase in 

precision and recall values with the progression of 

epochs, while the loss values decreased consistently. 

This indicates that the models were able to learn 

meaningful features from the dataset and improve 

their prediction capability over time. 

The YOLO-ESCA model demonstrated good 

detection performance in identifying both helmet and 

non-helmet classes. It was able to detect objects 

accurately under different conditions, including 

variations in lighting, background complexity, and 

worker poses. However, in some cases involving 

occlusions or unclear visibility, the model showed 

slight uncertainty in detection, which is expected in 

real-world scenarios. The extended YOLOv11 model 

further improved the detection performance.  

The training and validation graphs for YOLOv11 

showed more stable learning behaviour, with better 
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convergence and higher metric values compared to 

YOLO-ESCA. The mAP50 and mAP50–95 scores 

indicated improved accuracy in object localization 

and classification. This suggests that the 

enhancements in the YOLOv11 model contributed to 

better feature extraction and generalization. A 

comparative analysis between YOLOv5 (base model) 

and the extended YOLOv11 model clearly showed 

that YOLOv11 achieved higher accuracy. The 

improved model was more effective in detecting 

helmets with fewer errors and better consistency 

across different test samples. 

The system was also tested on real-time inputs, 

including images and video streams. The detection 

results confirmed that the model can successfully 

identify helmet usage and highlight detected regions 

with bounding boxes. The system performed 

efficiently in real-time scenarios, making it suitable 

for practical deployment in surveillance applications. 

Overall, the results demonstrate that the proposed 

approach provides a reliable and effective solution 

for safety helmet detection. The improvements 

introduced in the extended model significantly 

enhance detection accuracy and robustness, 

contributing to better monitoring of safety 

compliance in industrial environments. The 

comparison results indicate that the extended 

YOLOv11 model achieves better overall accuracy 

compared to the baseline YOLOv5 model, as 

illustrated in Figure [2]. The improvement is 

reflected in better localization performance and 

reduced detection errors across different test samples. 

 

 

Figure 2: comparison results of yolov5 (yolo-esca) 

and yolov11 

 

VII. CONCLUSION 

This paper presented an automated system for 

detecting safety helmet usage using deep learning-

based object detection models. The proposed 

approach focused on improving workplace safety by 

ensuring compliance with helmet-wearing regulations 

in industrial environments. The YOLO-ESCA model 

was developed as an enhanced version of the existing 

YOLO framework to handle challenges such as 

varying lighting conditions, occlusions, and diverse 

worker poses. The experimental results demonstrated 

that the proposed model achieved reliable 

performance in terms of precision, recall, and overall 

detection accuracy. The training analysis showed 

consistent improvement in learning, with reduced 

loss and increased accuracy across epochs. 

Furthermore, the implementation of the extended 

YOLOv11 model provided additional improvements, 

achieving higher accuracy and better generalization 

compared to the baseline YOLOv5 model. The 

system was also validated on real-time image and 

video inputs, where it successfully detected helmet 

usage and identified cases of non-compliance. This 

confirms the practical applicability of the system in 

real-world monitoring scenarios. The comparison 

results highlighted that the improved model can 

significantly enhance detection performance and 

reduce errors. 

Overall, the proposed solution offers an efficient, 

scalable, and automated method for monitoring safety 

compliance. It reduces the need for manual 

supervision and supports continuous surveillance in 

hazardous environments. The work demonstrates the 

potential of deep learning techniques in developing 

intelligent safety systems and contributes to 

improving worker protection and reducing workplace 

accidents. 
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