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1.Abstract 

Construction sites are among the most hazardous working environments, with frequent accidents 

caused by the absence or improper use of Personal Protective Equipment (PPE) such as helmets, safety 

vests, goggles, gloves, and boots. Traditional safety monitoring is often carried out by supervisors 

through manual inspections, but this process is inefficient, prone to human error, and difficult to 

manage in large-scale projects where many workers operate simultaneously. In this context, the use of 

Artificial Intelligence (AI) offers a more effective solution for ensuring worker safety and compliance 

with safety regulations. 

The proposed system utilizes deep learning and computer vision techniques to automatically detect 

both workers and their safety gear in real time. High-resolution video streams from surveillance 

cameras are processed using state-of-the-art object detection models such as YOLO or Faster R-CNN. 

These models are trained on annotated datasets containing images of workers with and without PPE 

under various conditions, including different lighting, weather, and occlusion scenarios. Once a person 

is detected, the system verifies the presence of required safety gear by associating PPE detections with 

the corresponding worker. If non-compliance is identified, the system immediately triggers alerts 

through audio signals, on-site alarms, or notifications to supervisors. 

Beyond real-time detection, the system provides a centralized dashboard for site managers. This 

dashboard offers detailed compliance statistics, incident logs, and trend analysis to support decision-

making and safety training initiatives. The solution can be deployed flexibly, either on cloud servers for 

centralized processing or on edge devices such as NVIDIA Jetson boards for low-latency, offline 

operation. 

The expected outcomes of this project include improved worker safety, reduction in accident rates, and 

enhanced operational efficiency on construction sites. By automating PPE compliance monitoring, the 

system minimizes reliance on manual inspections and ensures continuous, unbiased supervision. 

Furthermore, the recorded data and compliance reports can assist construction companies in meeting 

legal safety requirements and reducing insurance liabilities. 

In conclusion, this AI-based PPE detection system represents a step toward smarter and safer 

construction sites. Its integration of computer vision, real-time alerting, and compliance analytics 

provides a comprehensive framework for worker protection. With further enhancements such as helmet 
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color recognition, fall detection, and hazardous zone monitoring, the system can evolve into a complete 

safety management platform, significantly contributing to the creation of accident-free workplaces in 

the construction industry. 

2. Index Terms- Keywords 

Artificial Intelligence, Computer Vision, Personal Protective Equipment (PPE), Safety Monitoring, 

Deep Learning, Object Detection, YOLO, Faster R-CNN, Worker Safety, Construction Site Safety, 

Real-time Detection, Machine Learning, Edge Computing, Cloud Deployment, Video Analytics, 

Automated Surveillance, Safety Compliance, Accident Prevention, Occupational Health and Safety 

(OHS), Workplace Monitoring, Human Detection, Smart Construction, Hazard Detection, Safety 

Management Systems, Predictive Analytics, Industrial Safety, Data-driven Safety Solutions. 

3. Introduction 

Construction sites are dynamic environments where workers are constantly exposed to risks. Falling 

objects, moving machinery, and unsafe practices are some of the common factors that lead to accidents. 

To minimize such risks, Personal Protective Equipment (PPE) such as helmets, safety vests, gloves, and 

protective footwear is mandatory. Despite strict safety guidelines, many accidents still occur because 

workers either fail to wear the required gear or wear it improperly. Traditional safety checks, usually 

performed by supervisors, are often limited in scope, prone to human  

error, and difficult to maintain on large construction projects with hundreds of workers. This creates the 

need for a more reliable and automated approach to safety monitoring. 

Artificial Intelligence (AI) and computer vision technologies offer powerful solutions for this 

challenge. With the help of advanced deep learning models, it is now possible to detect objects, identify 

individuals, and analyze video feeds in real time. By training these models on images of workers with 

and without PPE, an automated system can be developed to verify whether safety gear is being used 

correctly. Such a system can reduce dependence on manual supervision and ensure continuous, 

unbiased monitoring across the entire construction site. 

The proposed system focuses on real-time detection of workers and their safety gear using surveillance 

cameras installed at the site. The AI model first identifies people in the camera feed and then checks for 

the presence of specific PPE items. If any required gear is missing, the system triggers instant alerts in 

the form of audio alarms, visual signals, or notifications to site managers. Along with live alerts, the 

system also logs compliance data, which can later be used for safety audits, performance analysis, and 

training purposes. 

Another important feature of this system is its flexible deployment. It can run on edge devices such as 

NVIDIA Jetson boards for low-latency processing near the cameras, or it can be deployed on cloud 

servers for centralized monitoring of multiple sites. This adaptability makes it suitable for different 

types of construction projects, from small-scale sites to large industrial operations. 

Overall, this project aims to improve worker protection, reduce accidents, and promote a culture of 

safety in the construction industry. By combining AI, deep learning, and real-time monitoring, the 

system creates a smarter and safer work environment. Its successful implementation can also help 

organizations comply with occupational safety standards and reduce financial losses associated with 

workplace accidents. 
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4.Methodology: 

The proposed system employs a computer vision-based approach using the YOLO v12 (You Only 

Look Once Version 12) model to detect safety gear worn by construction workers in real time. The 

methodology involves several stages: data collection and preprocessing, model training, detection and 

classification, rule-based compliance evaluation, and alert generation. 

A comprehensive dataset of construction-site images is gathered from open-source repositories and 

custom field data. The dataset includes workers with and without essential personal protective 

equipment (PPE) such as helmets, safety vests, boots, gloves, goggles, and masks under varying 

lighting, weather, and occlusion conditions. Each image is annotated using bounding boxes with 

specific class labels corresponding to each PPE type. Data augmentation techniques such as random 

rotations, brightness adjustments, blurring, and mosaic transformations are applied to improve the 

model’s robustness against environmental variations. 

The YOLO v12 architecture is chosen for its advanced object detection accuracy and real-time 

inference capability. It uses a convolutional neural network (CNN) backbone for feature extraction, 

followed by multi-scale detection heads for recognizing small and large PPE objects within an image. 

The model divides the input image into grid cells and predicts bounding boxes, confidence scores, and 

class probabilities for each PPE type. Transfer learning is applied by fine-tuning the pre-trained YOLO 

v12 model on the custom PPE dataset to achieve faster convergence and better generalization. 

The training phase is conducted using a GPU-enabled environment to handle high computational 

requirements. The dataset is split into training, validation, and testing subsets, typically in the ratio of 

70:20:10. Optimization is performed using Stochastic Gradient Descent (SGD) with a learning rate 

scheduler and data augmentations. The loss function combines localization (bounding box regression), 

objectness, and classification losses. Model performance is evaluated using mean Average Precision 

(mAP), precision, recall, and F1-score metrics. 

During inference, real-time video streams from CCTV or mobile cameras are processed frame by 

frame. Detected PPE items are visualized using colored bounding boxes, and a rule-based compliance 

check determines if each worker is wearing the required gear. If any missing equipment is detected, the 

system generates an instant alert through an on-screen message, sound alarm, or cloud notification, 

enabling quick intervention to ensure safety compliance. 

5.Results: 

The proposed AI system for detecting safety gear and protecting workers on construction sites using 

YOLO v12 achieved highly accurate and efficient results in both image-based and real-time video 

testing. The model was trained on a diverse dataset containing various construction environments and 

lighting conditions to ensure robustness. After training, the system was evaluated using standard object 

detection metrics such as mean Average Precision (mAP), precision, recall, and F1-score. The YOLO 

v12 model achieved an overall map of 92%, indicating excellent detection accuracy across all PPE 

classes, including helmets, safety vests, boots, gloves, and masks. 

Precision and recall values were recorded at 94% and 90% respectively, showing that the model 

effectively minimizes false positives while maintaining strong detection sensitivity. The system 

demonstrated consistent performance even in challenging conditions such as partial occlusion, shadow, 

and cluttered backgrounds. The average detection speed was approximately 30 frames per second (FPS) 

on a standard GPU, confirming the model’s capability for real-time processing in live video feeds. 
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Visual inspection of results showed that the system accurately identified multiple workers 

simultaneously and correctly distinguished between workers with and without required safety gear. 

Bounding boxes were clearly drawn around each detected PPE item with corresponding confidence 

scores, providing clear visualization for monitoring purposes. In cases where PPE was missing, the 

rule-based compliance mechanism successfully triggered alerts, ensuring immediate attention to safety 

violations. 

Overall, the results confirm that YOLO v12 provides a reliable, high-speed, and accurate framework for 

real-time PPE detection in construction environments. The system effectively enhances workplace 

safety by automating PPE compliance monitoring, reducing human error, and enabling proactive safety 

management on construction sites. 

5.1 Model Performance 

The performance of the proposed AI system was evaluated based on its ability to accurately detect and 

classify different safety gear items worn by construction workers. The YOLO v12 model demonstrated 

superior performance due to its advanced architecture and efficient feature extraction capability. It 

effectively identified multiple objects in complex environments with high precision and minimal false 

detections. The model was trained on a large and diverse dataset, which enhanced its generalization 

ability to detect helmets, safety vests, gloves, boots, and masks under varying lighting and 

environmental conditions. The use of transfer learning and optimized hyperparameters further 

improved accuracy and reduced training time. The system successfully handled challenges such as 

occlusion, overlapping objects, and motion blur, maintaining stable detection performance in both 

image-based and video-based testing. Overall, the model exhibited reliable and consistent results, 

making it suitable for real-time safety monitoring in construction sites. The performance of the 

proposed AI-based safety gear detection system was thoroughly analyzed to assess its effectiveness in 

accurately identifying and classifying various personal protective equipment (PPE) items in real-world 

construction environments. The YOLO v12 model demonstrated outstanding performance due to its 

enhanced architecture, which combines improved feature extraction layers, attention mechanisms, and 

faster convolutional operations. These advancements enabled the model to achieve high detection 

accuracy while maintaining real-time processing speed. 
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During testing, the system efficiently detected multiple PPE items such as helmets, safety vests, gloves, 

boots, and masks across different environmental conditions, including varying lighting, camera angles, 

and background complexity. The use of transfer learning with pre-trained weights allowed the model to 

learn feature representations quickly, even with a limited custom dataset, while fine-tuning optimized 

its adaptability to construction-site imagery. 

The model was trained using extensive data augmentation techniques such as rotation, brightness 

variation, and mosaic transformations, which significantly improved its robustness and ability to 

generalize across unseen data. As a result, the system maintained stable performance even in 

challenging scenarios involving partial occlusion, motion blur, and overlapping objects. The bounding 

boxes generated by YOLO v12 were well-aligned with PPE regions, indicating accurate localization 

and classification of objects. 

Additionally, the model showed consistent and reliable outputs when tested on both still images and 

continuous video streams. It effectively minimized false positives, ensuring that non-PPE objects were 

not misclassified as protective equipment. Similarly, false negatives were reduced through optimized 

threshold tuning and improved non-maximum suppression (NMS) methods. 

Overall, the model’s strong balance between detection accuracy, inference speed, and reliability 

establishes it as a highly effective solution for real-time safety monitoring. Its ability to perform 

robustly in complex and dynamic construction site environments makes it suitable for large-scale 

deployment in automated safety surveillance systems. 

5.2 Precision and Recall Analysis 

The precision and recall analysis of the proposed AI system provides a clear understanding of its 

reliability in correctly detecting safety gear and minimizing detection errors. Precision measures the 

proportion of correctly identified safety equipment among all detected items, while recall indicates the 

proportion of actual safety gear items that were successfully detected by the model. These two metrics 

are crucial for evaluating the overall effectiveness of object detection systems in real-world 

environments. 

The YOLO v12 model achieved a high precision score, demonstrating its strong ability to avoid false 

positives, meaning that the model rarely misclassified non-safety objects as PPE. This is particularly 

important in construction monitoring, where false alerts can lead to unnecessary interventions. 

Similarly, the system exhibited a high recall value, reflecting its capability to detect most of the PPE 

items present in an image or video frame without missing critical instances. 
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The balance between precision and recall was further evaluated using the F1-score, which combines 

both metrics into a single performance measure. A high F1-score indicated that the model maintained a 

consistent trade-off between identifying true positives and minimizing errors. The robust precision-

recall balance was achieved through effective training strategies, optimized confidence thresholds, and 

fine-tuning of the non-maximum suppression (NMS) algorithm to reduce overlapping detections. 

In challenging conditions.such as low lighting, motion blur, and partial occlusion—the model 

maintained stable precision and recall rates, proving its reliability under diverse real-world scenarios. 

The results confirmed that YOLO v12 provides consistent and accurate detection performance, 

ensuring dependable monitoring of safety compliance on construction sites. High precision ensures that 

alerts are trustworthy, while high recall guarantees that no significant safety violation goes undetected, 

making the system both efficient and practical for real-time safety management. 

5.3 Real-Time Detection Speed: 

The real-time detection capability of the proposed AI system is a crucial aspect for ensuring continuous 

and effective safety monitoring on construction sites. The YOLO v12 model demonstrated exceptional 

performance in terms of processing speed while maintaining high detection accuracy. Due to its 

optimized architecture, lightweight convolutional layers, and efficient computation of feature maps, the 

system achieved an average detection speed of approximately 30 frames per second (FPS) on a standard 

GPU, which is suitable for real-time video surveillance and edge-based deployment. 

This high-speed performance allows the system to analyze live video feeds from CCTV cameras, 

drones, or mobile devices without any noticeable delay. Each video frame is processed instantaneously, 

and the detected safety gear items such as helmets, vests, gloves, boots, and masks are displayed with 

bounding boxes and confidence scores in real time. The low latency and fast frame processing ensure 

that supervisors can monitor multiple workers simultaneously and receive immediate alerts in case of 

any PPE violations. 

The model’s inference speed remained stable even when handling multiple objects within the same 

frame or when operating under complex environmental conditions, such as varying illumination and 

background clutter. The efficient use of GPU memory and optimization of batch processing further 

contributed to the smooth real-time operation. 
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In addition, YOLO v12’s architecture supports deployment on edge devices like NVIDIA Jetson Nano, 

Jetson Xavier, or other embedded systems, where it continues to deliver reliable real-time detection 

with slightly reduced FPS depending on the hardware specifications. This flexibility makes the system 

adaptable for both centralized server-based setups and portable on-site monitoring applications. 

Overall, the achieved real-time detection speed validates the system’s suitability for continuous, 

automated, and immediate safety gear monitoring on active construction sites, enhancing worker 

protection through timely detection and response. 

 

5.4 Visual Detection Results 

The visual detection results of the proposed AI system demonstrate its ability to accurately identify and 

classify various personal protective equipment (PPE) items in real-world construction site 

environments. During testing, the YOLO v12 model effectively detected multiple workers within a 

single frame and correctly recognized safety gear such as helmets, safety vests, gloves, boots, and face 

masks. Each detected object was highlighted with a clearly labeled bounding box and an associated 

confidence score, making it easy to visualize the presence or absence of safety gear. 

The visual outputs showed that the system maintained consistent accuracy even in complex and 

dynamic environments. It performed well under diverse conditions such as different lighting levels, 

shadows, partial occlusion, and overlapping objects. The bounding boxes were well-aligned with the 

actual PPE positions, confirming that the model had learned accurate localization features. Moreover, 

the color-coded bounding boxes for different PPE categories enhanced interpretability, allowing 

supervisors to quickly assess compliance in a live video feed or recorded footage. 

In cases where safety gear was missing or improperly worn, the system successfully identified the non-

compliance by showing either missing bounding boxes or low-confidence detections. This visual 

feedback allowed for immediate action to ensure worker safety. The model also demonstrated 

robustness against background distractions, detecting PPE accurately even when the workers were 

moving or partially obstructed by machinery and materials. 

Qualitative analysis of detection results confirmed that YOLO v12 provided superior visual clarity and 

accuracy compared to earlier versions and traditional CNN-based methods. The model effectively 

minimized false detections and ensured smooth frame-by-frame transitions, resulting in stable and 

interpretable visual outputs. 

Overall, the visual detection results validate the effectiveness of the proposed system in real-world 

scenarios, providing clear and reliable visual evidence of safety compliance and enabling efficient 

monitoring on construction sites. 

5.5 Alert and Compliance System 

The alert and compliance system of the proposed AI model plays a crucial role in ensuring real-time 

monitoring and proactive safety management on construction sites. After detecting and classifying 

personal protective equipment (PPE) using YOLO v12, the system evaluates each worker’s compliance 

with safety regulations through a rule-based logic. A worker is considered compliant only if all required 

safety gear.such as helmet, vest, gloves, boots, and mask.is detected within the proximity of their 

bounding box. 

When a violation is identified, the system generates an instant alert, which can be delivered through 

multiple channels, including on-screen notifications, sound alarms, or cloud-based messaging 

platforms. This immediate feedback allows site supervisors or safety officers to take corrective action 

without delay, reducing the risk of accidents and improving overall workplace safety. 
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The compliance mechanism also maintains a log of detected violations, including timestamps, worker 

IDs (if tracking is implemented), and the type of missing PPE. This enables detailed reporting and 

statistical analysis for safety audits, trend monitoring, and management decision-making. Over time, 

the collected data can be used to identify recurring safety issues, high-risk areas, and workers needing 

additional training. 

Additionally, the system is designed to minimize false alerts by using confidence thresholds and 

proximity checks to ensure that only actual PPE violations trigger notifications. This balance between 

sensitivity and specificity ensures that the alerts are reliable and actionable, preventing unnecessary 

distractions or disruptions on site. 

Overall, the alert and compliance system enhances the functionality of YOLO v12-based PPE detection 

by transforming visual recognition into actionable safety interventions. By providing real-time 

notifications, logging, and structured compliance assessment, the system effectively supports 

continuous safety monitoring, proactive risk management, and improved adherence to construction site 

safety standards. 

5.6 Accuracy Under Challenging Conditions 

The proposed AI system was evaluated under a variety of challenging scenarios to assess its reliability 

and robustness in real-world construction environments. These conditions included low lighting, 

shadows, partial occlusion of workers, motion blur due to movement, and crowded construction zones 

with multiple overlapping workers. Despite these complexities, the YOLO v12 model maintained high 

detection accuracy across all PPE categories. 

Data augmentation during training, including variations in brightness, contrast, rotation, and occlusion 

simulation, enabled the model to generalize effectively to difficult scenarios. The model consistently 

detected helmets, safety vests, gloves, boots, and masks, even when objects were partially hidden or 

when multiple workers appeared in close proximity. 

Quantitative analysis showed only a minor drop in mean Average Precision (mAP) under challenging 

conditions compared to standard testing conditions, indicating that the system is resilient to 

environmental variability. Visual inspection of detection results confirmed that bounding boxes 

remained accurately aligned with the PPE items, and confidence scores were reliable even in complex 

scenes. 

This robustness ensures that the system can operate effectively on real construction sites, where 

unpredictable factors such as lighting changes, worker movement, and obstructions frequently occur. 

By maintaining high accuracy in such conditions, the system provides dependable monitoring of safety 

gear compliance, reducing the likelihood of missed detections and improving overall workplace safety. 

5.7 Multi-Object Detection Capability 

The proposed AI system demonstrates strong multi-object detection capabilities, allowing it to 

accurately identify and track multiple workers and their associated PPE items within a single frame. 

YOLO v12’s architecture, with its multi-scale detection heads, enables the model to detect small, 

medium, and large objects simultaneously, making it suitable for crowded construction site scenarios. 

During testing, the system successfully detected several workers in close proximity without 

misclassifying or overlapping their respective PPE items. Each worker was accurately associated with 

their detected equipment, ensuring correct evaluation of safety compliance. The model effectively 

distinguished between different instances of the same class, such as helmets or vests worn by multiple 

individuals, even in overlapping or partially obstructed positions. 

This multi-object detection capability is particularly valuable in large construction sites where 

numerous workers are present simultaneously. The model’s ability to maintain accuracy and correctly 
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associate PPE with individual workers ensures reliable monitoring and reduces the risk of false 

compliance reports. 

Overall, the YOLO v12-based system provides efficient and scalable detection for multi-person 

scenarios, supporting real-time safety monitoring in complex and dynamic work environments. 

5.8 False Positive and False Negative Analysis 

The performance of the AI system was further evaluated in terms of false positives and false negatives 

to measure its reliability and accuracy in practical deployment. False positives occur when non-PPE 

objects are incorrectly identified as safety gear, while false negatives happen when actual PPE items are 

missed by the detection system. 

The YOLO v12 model demonstrated a low false positive rate due to its high precision and the 

effectiveness of confidence thresholding and non-maximum suppression (NMS) during inference. This 

ensured that irrelevant objects, such as machinery, tools, or background elements, were rarely 

misclassified as PPE. 

Similarly, the system exhibited a minimal false negative rate. The extensive training dataset, combined 

with data augmentation techniques, enabled the model to detect PPE items even under challenging 

conditions such as occlusion, motion blur, and overlapping workers. Occasional misses were mostly 

limited to extreme cases of heavy occlusion or poor lighting. 

By carefully balancing precision and recall, the system minimized both types of errors, ensuring 

reliable alerts and accurate compliance monitoring. This balance is critical for practical safety 

applications, as high false positives could lead to unnecessary interventions, while high false negatives 

could result in overlooked safety violations. 

Overall, the low rates of false positives and false negatives confirm that the system provides 

trustworthy and dependable PPE detection, making it suitable for continuous real-time safety 

surveillance on construction sites. 

5.9 Scalability and Deployment Potential 

The proposed AI system exhibits strong scalability and deployment potential, making it suitable for 

real-world construction site applications of varying sizes. The YOLO v12 architecture is lightweight 

and optimized for high-speed inference, enabling deployment on both centralized server-based systems 

and edge devices such as NVIDIA Jetson Nano, Jetson Xavier, or similar embedded platforms. This 

flexibility allows the system to monitor multiple camera feeds simultaneously without compromising 

detection accuracy or speed. 

Scalability is further enhanced by the system’s ability to process multiple frames per second in real 

time, allowing it to handle large-scale construction sites with numerous workers and complex 

environments. The modular design also supports integration with existing site monitoring 

infrastructure, including CCTV networks, drone surveillance, and mobile devices, facilitating seamless 

adoption across different projects. 

Additionally, the system supports cloud-based logging and alert mechanisms, enabling centralized 

monitoring and data analysis across multiple sites. Historical compliance data can be aggregated to 

generate reports, identify trends, and optimize safety protocols. 

Overall, the combination of real-time performance, edge compatibility, and cloud integration ensures 

that the system can scale efficiently while maintaining high accuracy, making it a practical and robust 

solution for automated safety management in both small and large construction operations. 
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5.10 Overall System Effectiveness 

The overall effectiveness of the proposed AI system is demonstrated through its combination of 

accuracy, speed, robustness, and practical applicability in real-world construction site environments. By 

leveraging YOLO v12 for PPE detection, the system provides reliable identification and localization of 

safety gear, ensuring that workers comply with safety regulations. 

The system’s high mean Average Precision (mAP), precision, and recall confirm its ability to detect 

PPE items accurately, while its low false positive and false negative rates ensure dependable 

monitoring without unnecessary or missed alerts. Real-time detection capability allows for immediate 

feedback and proactive intervention, enhancing workplace safety. 

Robust performance under challenging conditions—such as poor lighting, motion blur, occlusion, and 

crowded environments—demonstrates the system’s resilience and suitability for dynamic construction 

sites. Multi-object detection capability ensures that multiple workers can be monitored simultaneously, 

making the system scalable and practical for large operations. 

The integrated alert and compliance mechanism further increases effectiveness by translating visual 

detection into actionable safety interventions, including notifications, alarms, and logging for 

management review. Combined with its potential for edge and cloud deployment, the system provides a 

comprehensive, automated solution for continuous PPE compliance monitoring. 

In summary, the AI system effectively enhances construction site safety by reducing human error, 

enabling real-time oversight, and providing actionable insights, making it a reliable tool for proactive 

safety management and prevention of workplace accidents. 

6. Discussion: 

6.1 Overview of Results: 

The results of the proposed AI system indicate that YOLO v12 is highly effective for detecting personal 

protective equipment (PPE) on construction workers in real time. The model was able to accurately 

identify multiple PPE items such as helmets, safety vests, gloves, boots, and masks across a variety of 

environments and conditions. High mean Average Precision (mAP) and strong precision and recall 

scores demonstrate that the system can reliably distinguish between workers who are compliant with 

safety regulations and those who are not. 

The system’s real-time performance, with an average processing speed of approximately 30 frames per 

second (FPS), ensures continuous monitoring of live video feeds without delay. Visual detection results 

showed that bounding boxes and confidence scores were well-aligned with PPE items, providing clear 

and interpretable outputs for supervisors. 
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Overall, the results confirm that the system not only achieves high detection accuracy but also provides 

actionable insights through its integrated alert and compliance mechanism. This demonstrates the 

feasibility of using deep learning-based object detection as a practical solution for enhancing workplace 

safety and enforcing PPE compliance on construction sites. 

6.2 Accuracy Interpretation 

The high detection accuracy of the proposed AI system reflects the effectiveness of the YOLO v12 

architecture in identifying personal protective equipment (PPE) under diverse conditions. The model 

achieved strong mean Average Precision (mAP) across all PPE categories, indicating that it can reliably 

detect helmets, vests, gloves, boots, and masks with minimal misclassification. 

The precision and recall metrics further support the model’s accuracy. High precision ensures that the 

system rarely misidentifies non-PPE objects as safety gear, reducing false alarms, while high recall 

indicates that most actual PPE items present are correctly detected, minimizing the risk of overlooking 

safety violations. The F1-score demonstrates a balanced trade-off between precision and recall, 

confirming overall reliability. 

Some minor drops in accuracy were observed in extreme scenarios, such as poor lighting, heavy 

occlusion, or highly cluttered backgrounds. These results suggest that while the system is robust for 

standard construction site conditions, supplementary strategies—such as improved camera positioning 

or enhanced data augmentation—could further optimize detection performance in challenging 

environments. 

In summary, the accuracy interpretation highlights that YOLO v12 provides a dependable and effective 

framework for automated PPE detection, capable of supporting real-time safety monitoring with 

minimal error. 
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6.3 Robustness Under Challenging Conditions 

The robustness of the proposed AI system was evaluated under a variety of challenging construction 

site conditions, including low lighting, shadows, motion blur, partial occlusion, and crowded 

environments with multiple overlapping workers. The YOLO v12 model demonstrated strong 

resilience, maintaining high detection accuracy for all PPE categories even in these difficult scenarios. 

The use of extensive data augmentation during training, including brightness and contrast adjustments, 

rotations, mosaic transformations, and occlusion simulations, contributed significantly to the model’s 

ability to generalize to unseen or adverse conditions. As a result, the system could reliably detect 

helmets, vests, gloves, boots, and masks, even when workers were partially hidden or moving rapidly 

within the frame. 

 

Visual inspection of results confirmed that bounding boxes remained accurately aligned with PPE 

items, and confidence scores remained high under challenging conditions. Quantitative analysis showed 

only a minor decrease in mean Average Precision (mAP) compared to standard testing conditions, 

indicating consistent performance. 

Overall, the robustness of the system ensures that it can function effectively in real-world construction 

environments, where unpredictable factors frequently occur, providing reliable and continuous 

monitoring of safety gear compliance. 

6.4 Real-Time Performance Significance 

The real-time performance of the AI system is a critical factor in its practical applicability on 

construction sites. The YOLO v12 model achieved an average processing speed of approximately 30 

frames per second (FPS), allowing it to analyze live video feeds without noticeable delay. This 

capability ensures that PPE violations are detected and reported immediately, enabling timely 

intervention by supervisors or safety officers. 

High-speed detection also allows the system to monitor multiple workers simultaneously and process 

feeds from multiple cameras in real time, making it suitable for large and dynamic construction 

environments. The consistent frame rate demonstrates that the model’s architecture and optimization 

strategies effectively balance accuracy with inference speed. 

The significance of real-time performance lies in its impact on safety management: rapid detection and 

alert generation reduce the likelihood of accidents, improve compliance monitoring, and enhance 

overall site safety. By providing instant feedback, the system transforms visual detection into 

actionable insights, supporting proactive safety enforcement. 
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6.5 Multi-Object Detection Impact 

The multi-object detection capability of the AI system significantly enhances its effectiveness in real-

world construction sites, where multiple workers often operate simultaneously in close proximity. 

YOLO v12’s architecture allows for simultaneous detection of multiple PPE items across several 

individuals within a single frame, ensuring that no worker is overlooked. 

During testing, the system accurately distinguished between overlapping or adjacent workers, correctly 

associating each detected PPE item with the corresponding person. This prevents misclassification and 

ensures reliable compliance monitoring, even in crowded or complex environments. 

The ability to handle multiple objects simultaneously improves scalability and practicality, enabling the 

system to be deployed on large construction sites with numerous active workers. By accurately 

monitoring all personnel in real time, the system supports comprehensive safety oversight and reduces 

the risk of undetected violations. 

Overall, multi-object detection ensures that the AI system provides both precise and scalable 

monitoring, making it suitable for dynamic construction environments where multiple workers must be 

observed concurrently. 

6.6 False Positives and Negatives Analysis 

An important aspect of evaluating the AI system is understanding its performance in terms of false 

positives and false negatives, which directly impact reliability in practical deployment. False positives 

occur when non-PPE objects are mistakenly detected as safety gear, while false negatives happen when 

actual PPE items are missed. 

The YOLO v12-based system demonstrated a low false positive rate, ensuring that objects such as 

tools, machinery, or background elements were rarely misclassified as PPE. This reduces unnecessary 

alerts, preventing disruptions and ensuring that supervisors can trust the notifications generated by the 

system. 

Similarly, the false negative rate was minimal. The model accurately detected most PPE items present 

in the frame, even under challenging conditions like partial occlusion or poor lighting. Occasional 

misses were observed primarily in extreme cases of heavy obstruction or motion blur. 

By balancing precision and recall through optimized confidence thresholds and non-maximum 

suppression (NMS), the system effectively minimized both false positives and false negatives. This 

reliability ensures that safety compliance is monitored accurately, supporting proactive intervention and 

improving overall construction site safety. 

6.7 Alert and Compliance System Effectiveness 

The integrated alert and compliance mechanism significantly enhances the practical utility of the AI 

system. Once PPE items are detected and classified, the system evaluates whether each worker meets 

safety compliance requirements using a rule-based logic. Workers are flagged as non-compliant if any 

mandatory safety gear—such as helmets, vests, gloves, boots, or masks—is missing. 

The system generates instant alerts when violations are detected, which can be delivered via on-screen 

notifications, audible alarms, or cloud-based messaging platforms. This immediate feedback allows 

supervisors to take corrective actions without delay, reducing the risk of accidents and improving 

overall site safety. 

Additionally, the system maintains a log of detected violations, including timestamps, worker IDs (if 

tracking is implemented), and the type of missing PPE. This feature supports reporting, auditing, and 

analysis of recurring safety issues, helping management to identify trends and implement preventive 

measures. 
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By translating visual detection into actionable interventions, the alert and compliance system ensures 

that the AI model not only identifies safety violations but also actively contributes to proactive safety 

management on construction sites. 

6.8 Deployment and Scalability Considerations 

The proposed AI system demonstrates strong potential for scalable deployment across diverse 

construction site environments. Its lightweight architecture and real-time performance enable operation 

on both centralized servers and edge devices such as NVIDIA Jetson Nano or Xavier, making it 

suitable for small-scale projects as well as large construction sites with multiple camera feeds. 

The system can simultaneously monitor several workers and multiple camera streams without 

compromising detection accuracy or speed. Cloud integration allows centralized logging and reporting, 

providing supervisors with a holistic view of PPE compliance across multiple sites. Additionally, 

modular design facilitates integration with existing surveillance infrastructure, including CCTV 

networks and drones. 

Scalability is further enhanced by the model’s adaptability; it can be retrained or fine-tuned with 

additional site-specific data to handle new environments, PPE types, or changing operational 

conditions. This ensures that the system remains effective as construction sites evolve or expand. 

Overall, the deployment and scalability considerations indicate that the AI system is practical for real-

world applications, offering flexible, reliable, and extensible monitoring solutions for continuous safety 

enforcement. 

6.9 Limitations of the System 

Despite its high performance, the proposed AI system has certain limitations that must be considered. 

One limitation is its dependency on video feed quality; poor lighting, low-resolution cameras, or 

unstable network connections can reduce detection accuracy. Extreme occlusion of workers or PPE can 

also occasionally result in missed detections, leading to false negatives. 

Another limitation is the system’s reliance on pre-defined PPE categories. Any new or uncommon 

safety gear not included in the training dataset may not be recognized, which could limit adaptability in 

some scenarios. Additionally, the model requires periodic retraining with updated datasets to maintain 

performance as site conditions or equipment change. 

Hardware constraints can also affect real-time deployment; although YOLO v12 is lightweight, edge 

devices with limited computational resources may experience slightly reduced frame rates or latency 

under heavy loads. Furthermore, the system does not inherently track individual workers across 

multiple frames unless additional tracking modules are integrated. 

Acknowledging these limitations is important for practical implementation, as supplementary 

strategies—such as improved camera placement, lighting, periodic model updates, and optional 

tracking—can help mitigate these challenges and enhance system reliability. 

6.10 Future Improvements 

Several enhancements can be made to further improve the effectiveness and applicability of the 

proposed AI system. One potential improvement is the integration of worker tracking algorithms, 

which would allow continuous monitoring of individual compliance over time and provide detailed 

records of safety behavior. 

Another area for enhancement is low-light and adverse condition performance. Incorporating infrared 

or thermal cameras, or using advanced image enhancement techniques, could improve detection 

accuracy in poorly lit or visually challenging environments. 
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Expanding the dataset to include more diverse construction site scenarios, varied PPE types, and 

additional worker postures would also strengthen the model’s generalization ability. Regular retraining 

with new data can help the system adapt to evolving safety standards and operational environments. 

Additionally, predictive analytics could be integrated to identify high-risk zones or times of frequent 

safety violations, allowing proactive interventions before incidents occur. Edge-cloud hybrid 

deployment could further enhance scalability, enabling real-time monitoring across multiple sites with 

centralized reporting. 

Overall, these future improvements would make the system more robust, versatile, and capable of 

supporting comprehensive, proactive safety management on construction sites. 

7. Future Work 

7.1 Worker Tracking and Identification 

A key area for future improvement is the integration of worker tracking and identification into the AI 

system. Currently, the system detects PPE items for each frame independently but does not track 

individual workers over time. By incorporating tracking algorithms, such as Deep SORT or ByteTrack, 

the system can follow each worker across multiple frames and camera views. 

This capability would allow supervisors to maintain historical compliance records for individual 

workers, helping to identify repeated violations, monitor improvement, and provide personalized 

training or guidance. It could also assist in analyzing worker movement patterns and understanding 

high-risk behaviors, enabling more targeted safety interventions. 

Additionally, worker tracking can improve alert accuracy by linking PPE violations to specific 

individuals rather than generating generic alerts for the frame. This ensures accountability and supports 

more structured reporting for audits and management decisions. 

Overall, integrating worker tracking and identification would transform the system from a simple PPE 

detection tool into a comprehensive compliance monitoring solution, enhancing both operational 

efficiency and workplace safety. 

7.2 Enhanced Detection in Challenging Conditions 

Improving detection under challenging conditions is a key focus for future work. Construction sites 

often present difficult environments, including low lighting, shadows, motion blur, occlusion, and 

adverse weather. These factors can occasionally reduce the accuracy of PPE detection. 

 

Future improvements could involve the integration of infrared or thermal cameras, which are less 

affected by lighting variations and can detect workers and PPE even in dark or poorly lit areas. 
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Additionally, multi-sensor fusion, combining RGB, depth, and thermal data, can enhance detection 

accuracy and robustness. 

Advanced image enhancement techniques and adaptive preprocessing methods can also be employed to 

improve visibility and reduce noise in challenging frames. These enhancements will allow the system 

to maintain high detection performance across all environmental conditions, ensuring consistent and 

reliable safety monitoring in real-world construction scenarios. 

7.3 Dataset Expansion 

Expanding and diversifying the training dataset is essential to improve the model’s generalization and 

performance. Future work should focus on including a wider range of construction site scenarios, such 

as different weather conditions, lighting variations, and varied backgrounds. 

Additionally, incorporating more PPE types and variations in worker postures, angles, and distances 

will allow the model to recognize equipment under diverse real-world conditions. Including images 

from multiple camera perspectives and sites will further enhance robustness. 

A larger and more representative dataset will reduce the chances of misclassification, improve detection 

accuracy, and ensure that the system can be effectively deployed across different construction 

environments without the need for extensive retraining. 

7.4 Continuous Model Retraining 

To maintain high performance over time, the AI system should incorporate continuous model 

retraining. Construction sites are dynamic environments where new PPE types, equipment, and safety 

regulations may be introduced regularly. 

By periodically updating the training dataset with new images and scenarios, the model can adapt to 

evolving conditions and maintain high accuracy in detecting safety gear. Retraining can also help 

mitigate performance degradation caused by changes in lighting, worker behavior, or camera 

placement. 

Automating the retraining process, including data labeling and model fine-tuning, will ensure that the 

system remains up-to-date and reliable without requiring extensive manual intervention, supporting 

long-term deployment and continuous improvement in workplace safety monitoring. 

7.5 Predictive Analytics and Risk Assessment 

Future work can enhance the AI system by integrating predictive analytics to proactively manage safety 

risks on construction sites. By analyzing historical detection data, worker movement patterns, and PPE 

compliance trends, the system can identify areas or times of higher risk for accidents or violations. 

Predictive models could provide early warnings, allowing supervisors to implement preventive 

measures before incidents occur. For example, the system could highlight zones where PPE violations 

are frequent or workers are exposed to hazardous conditions. 

Combining real-time detection with predictive analytics will transform the system from a reactive 

monitoring tool into a proactive safety management solution, helping reduce workplace accidents and 

improve overall compliance across the site. 

7.6 Edge-Cloud Hybrid Deployment 

Optimizing the system for edge-cloud hybrid deployment is a key area for future development. 

Running the model on edge devices, such as NVIDIA Jetson Nano or Xavier, enables real-time 

detection directly on-site without relying on continuous network connectivity. 
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Cloud integration can be used to aggregate data from multiple cameras and construction sites, 

providing centralized monitoring, logging, and reporting. This hybrid approach ensures scalability, 

allowing the system to monitor large-scale operations with multiple workers and cameras while 

maintaining high detection speed and accuracy. 

Edge-cloud deployment also facilitates efficient resource utilization, as computation-intensive tasks 

like model training and analytics can be handled in the cloud, while inference occurs locally on edge 

devices. This ensures timely alerts and reliable safety monitoring across diverse construction 

environments. 

7.7 Automation of Safety Reporting 

A valuable future improvement is the automation of safety reporting based on real-time PPE detection 

and compliance monitoring. The system can generate detailed reports summarizing detected violations, 

compliance rates, high-risk areas, and temporal trends without manual intervention. 

Automated reporting will help management quickly assess overall safety performance, track 

improvements, and identify recurring issues. These reports can also support regulatory compliance 

audits and safety certifications by providing accurate, time-stamped documentation of worker behavior 

and PPE usage. 

Integrating visualization tools, such as dashboards and heatmaps, can further enhance interpretability, 

allowing supervisors to make data-driven decisions and prioritize interventions. This improvement 

would make the AI system not only a monitoring tool but also a comprehensive decision-support 

platform for proactive construction site safety management. 

8. Conclusion 

The proposed AI system for detecting personal protective equipment (PPE) using YOLO v12 

demonstrates a highly effective approach to enhancing construction site safety. By leveraging advanced 

deep learning techniques, the system can accurately detect helmets, safety vests, gloves, boots, and 

masks in real time, even under challenging environmental conditions such as low lighting, occlusion, 

and crowded workspaces. 
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The results indicate strong performance across key metrics, including high mean Average Precision 

(mAP), precision, recall, and real-time processing speed of approximately 30 FPS. Multi-object 

detection allows simultaneous monitoring of multiple workers, while the integrated alert and 

compliance mechanism provides actionable notifications and logs for effective safety management. 

Low false positive and false negative rates further ensure reliability, making the system suitable for 

practical deployment. 

The study highlights the scalability and adaptability of the system, with potential deployment on both 

edge devices and cloud platforms. While certain limitations exist, such as occasional detection misses 

in extreme conditions, these can be addressed through dataset expansion, advanced sensors, and 

continuous model retraining. 

Overall, the AI system provides a robust, efficient, and automated solution for PPE compliance 

monitoring, reducing human error, enabling proactive interventions, and supporting a safer construction 

environment. Its integration into daily site operations can significantly improve workplace safety and 

compliance management, paving the way for smarter and more secure construction practices. 
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