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ABSTRACT

Real-time worker helmet detection using
deep learning is an automated safety
measure designed to reduce workplace
accidents. This research implements the
YOLO (You Only Look Once) object
detection model to identify workers and
verify helmet usage in live video streams.
By deploying YOLOvV5 with optimized
training on custom helmet and no-helmet
datasets, the system achieves high accuracy
and low latency. The framework supports
edge devices enabling on-site monitoring
without heavy computation. Experimental
results demonstrate  detection rates
exceeding traditional methods. Precision
and recall metrics show strong
performance in diverse lighting and
occlusions. Integrating this system with
alert modules enhances safety compliance.
Overall, the approach provides a scalable,

robust solution for construction site safety.

INTRODUCTION

Workplace safety, particularly helmet
compliance, is essential in industrial and
construction  environments.  Traditional
monitoring relies on manual observation,
which is error-prone and limited in scale.
With advancements in computer vision,
deep learning models such as YOLO can
detect objects instantly in video frames.
YOLOQ’s real-time capability makes it ideal
for safety applications where speed is
critical. This project aims to design a
system that detects whether workers are
wearing helmets. The implementation runs
on live camera feeds and flags violations
immediately. This reduces risks and
improves compliance reporting.
Additionally, leveraging GPU acceleration
and model optimization reduces detection
lag. Real-time alerts enable supervisors to
take corrective actions instantly. This work
focuses on accuracy, speed, and

deployability on cost-effective hardware.
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LITERATURE SURVEY

Existing literature highlights the evolution
of vision-based safety systems from
classical image processing to deep learning.
Early methods relied on Haar cascades and
HOG features, which struggled with
occlusions and complex backgrounds.
Recent studies show significant progress
using Convolutional Neural Networks
(CNNs) for helmet and PPE detection.
Researchers have experimented with SSD,
Faster R-CNN, and YOLO variants with
varied success. YOLO models, especially
later versions (YOLOvV4/v5), demonstrate
superior speed and accuracy balance.
Studies also explore transfer learning and
dataset augmentation to tackle class
imbalance. Some work integrates thermal
or depth sensors for enhanced detection.
Evaluation metrics in literature emphasize
mean Average Precision (mMAP) and real-
time FPS measurements. Gaps remain in
handling extreme lighting and diverse
worker postures. This motivates our focus
on fine-tuned YOLO training with custom
data.

RELATED WORK

Several frameworks address safety
compliance using object detection. Zhang
et al. proposed helmet detection using SSD
achieving moderate FPS but lower
precision in cluttered scenes. Li and Wang
deployed Faster R-CNN for PPE detection,
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trading speed for accuracy. Jain and Patel
focused on helmet detection with a transfer
learning approach on ResNet backbones,
improving detection in small objects.
DeepSense introduced YOLOV3 for factory
safety with real-time feedback but required
strong GPUs. Other studies used hybrid
models combining YOLO and tracking for
temporal stability. Some work integrates
edge computing to reduce cloud
dependencies.  Comparisons indicate
YOLO family models often outperform
alternatives for helmet detection tasks.
However, most frameworks lacked robust
benchmarking on real construction footage.
Our approach refines dataset diversity and
model optimization to address these
shortcomings.

EXISTING SYSTEM

Current safety checks largely depend on
human supervisors checking helmet
compliance. CCTV footage, when present,
is either retrospectively reviewed or
actively monitored by personnel. Manual
oversight suffers from fatigue, subjectivity,
and inconsistent reporting. Computer
vision tools previously introduced use older
detection models with limited real-time
capability. Many do not run on live streams
or require high computing resources. False
positives and negatives are common due to
datasets  and

inadequate  training

environmental variability. Existing systems
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rarely provide automated alerts or logs for
violations. Integration with  worksite
communication systems is  minimal.
Moreover, many rely on cloud processing,
introducing latency. These limitations
highlight the need for a fast, accurate, onsite
detection system with automated alerts and

logs.

PROPOSED SYSTEM

The proposed system uses YOLOV5
trained on a comprehensive helmet/no-
helmet dataset. YOLOvS’s architecture
supports high detection speed with strong
localization and classification. The system
captures live video from site cameras and
processes each frame in real time. Upon
detection of a person without a helmet, the
system triggers alerts and saves violation
snapshots. Model optimization
(quantization/pruning)ensures performance
on edge devices like NVIDIA Jetson or
Raspberry Pi with NCS2. Dataset
augmentation techniques improve
generalization across lighting and scene
conditions. Detected results, timestamps,
and location data are logged for compliance
reporting. A user dashboard displays real-
time status and historical trends. The
system emphasizes practical deployment

with minimal hardware cost.
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METHODOLOGY DESCRIPTION

The methodology begins with dataset
preparation, collecting labeled images of
workers with helmets and without. Data
augmentation expands training diversity.
The YOLOvV5 model is configured with
custom anchors and classes. Training uses
transfer learning with pre-trained weights
for faster convergence. Hyperparameters
(learning rate, batch size) are tuned for
optimal performance. After training, the
model is validated on separate test footage.
Performance metrics (precision, recall,
mMAP) are evaluated. The model is exported
and integrated into a live video processing
pipeline. Edge optimize with TensorRT or
ONNX for deployment. The system runs
continuous inference on incoming frames.
Detected results are logged and alerts are
triggered for violations.

187



International Journal of Advanced Research in Information and Communication Engineering (IJARCSA) ISSN: 2321-8940
Vol.5, Issue No 1, 2025

RESULTS AND DISCUSSION
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Fig 2: Helmet Detection in real time
The system was tested on live video footage
from a simulated construction environment.
YOLOV5 achieved FPS above 25 on an
edge GPU and maintained high detection
accuracy. Helmet and no-helmet classes
were correctly identified under varied
lighting. Confusion matrix results showed
minimal  false  positives.  Detection
performance in occluded scenes was
improved via dataset augmentation. Real-
time alert generation proved reliable with
negligible lag. Comparison with baseline
Faster R-CNN and SSD revealed superior
speed and mAP for YOLOV5. Challenges
included detection at extreme distances,
which improved after further training.
Quantitative results are summarized in
tables (precision, recall, F1). Overall, the
real-time

system  met operational

requirements.

CONCLUSION

This research successfully developed a real-
time worker helmet detection system using
YOLOVS.
demonstrate its suitability for safety

Performance metrics

enforcement in industrial environments.
The system enables automatic, fast
detection with real-time alerts. Edge
deployment reduces dependency on cloud
services. Dataset augmentation and
hyperparameter tuning enhanced
robustness to environmental variability.
Compared to traditional and alternative
deep learning methods, YOLOV5 balanced
accuracy and speed effectively. Future
work can extend to full PPE compliance
(vests, goggles). Integration with site safety
management systems can further streamline
workflows. This work contributes a
practical solution for worker safety
monitoring.

FUTURE SCOPE

The feature scope of the proposed real-time
worker helmet detection system highlights
its practical applicability and extensibility
in industrial safety environments. The
system supports real-time detection of
helmet and no-helmet conditions using live
video streams, enabling instant
identification of safety violations. Its low-
latency processing allows deployment on
edge devices, reducing dependency on

cloud infrastructure and  ensuring
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uninterrupted operation even in low-
network conditions. The model is scalable
to multiple camera feeds, making it suitable
for large construction sites and factories.
The system can be extended to detect
additional personal protective equipment
such as safety vests, gloves, and goggles.
Automated alert generation and violation
logging improve safety compliance
tracking and reporting. Integration with
dashboards enables visualization of real-
time and historical safety data. The
framework  also supports future
enhancements such as worker tracking,
behavior analysis, and integration with 10T-

based safety management systems.
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