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As it is known that construction sites are inherently dangerous, containing numerous sharp tools that can lead to injuries of varying severity. Preventing such injuries is often difficult due to a multitude of factors, including the failure to wear protective equipment on construction sites. One of the most important methods for monitoring and ensuring workers on construction sites is a visual inspection by the site supervisor to verify that all workers are wearing appropriate protective gear. Checking the use of protective gear at construction sites is extremely important and requires significant human intervention, not only when workers enter the site but also during their daily work hours.

To ensure worker protection, the system uses artificial intelligence to check whether workers are wearing adequate protective gear. Additionally, it monitors worker movements, and in the event of an injury, it immediately alerts paramedics to expedite the rescue operation.

In large and crowded construction sites, it is difficult to monitor everyone at the same time, which may require more personnel for monitoring, thus increasing the cost. In addition, artificial intelligence helps in detecting cases of accident immediately and quickly, which contributes to saving lives more and faster. This study proves that the machine is not just a means of sorting files, but can also effectively prevent fatalities by shifting monitoring from a reactive to a proactive approach as much as possible, where achieving zero dangerous incidents is the primary goal.
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· AI: Artificial Intelligence.
· CNN: Convolutional Neural Network.
· DL: Deep Learning.
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[bookmark: _Toc226749356]1.1 Overview
[image: ] Safety generally relies on visual observation, with supervisors moving around construction sites to monitor workers' behaviour, including any hazardous actions. This method, known as behavioural screening, is useful but faces several challenges in practice. It requires a large team of observers who often rely solely on their understanding of behaviour on construction sites [1][2]. Simply, the human eye cannot see everything around it. This is not a shortcoming of the work or effort, but the sheer size of the construction site must be considered.
Figure 1.1: Example of Body PPE needs to be worn on construction site 

The human eye often misidentifies problems, and relying on manual supervision can create safety gaps that human observers may not be able to detect. This is why engineers rely on computer vision technologies to interpret and process closed-circuit television cameras CCTV footage from construction sites.

By enabling machines to analyse and sort CCTV footage, companies can have a monitor on construction sites 24/7 without fatigue or boredom (even in low light). This eliminates the need for intermittent searches by human supervisors and does not impede workflow or speed.

Artificial intelligence can detect, analyse, and identify individuals who do not wear protective gear such as body Armor, gloves, and impact resistant footwear, as well as determine the appropriate equipment for each work environment.
in additions, AI can predict whether a worker on-site has been injured, potentially to faster rescue times compared to human intervention. [1] [3] [4].

However, PPE alone is not enough to protect employees but proactively checking whether a worker is wearing appropriate PPE helps significantly reduce workplace injuries on construction sites and save a life [4]. 


[bookmark: _Toc226749357]1.2 Problem Definition
Construction sites are among the most dangerous places where workers are exposed to serious injuries and even fatalities, such as falls from heights or collisions with heavy or dangerous equipment. Most studies indicate that injuries on construction sites result from unsafe actions and behaviors by workers. Therefore, risk management at these sites is extremely important and complex due to the constantly changing behaviors of workers during their shift [2].
To protect construction workers, construction companies require strict guidelines for the use of personal protective equipment (PPE) such as safety vests, goggles, and high-visibility vests. However, ensuring workers consistently wear PPE is a significant challenge, as many disregard safety rules due to discomfort, forgetfulness, or a lack of constant supervision, potentially fast to serious injuries.
Currently, safety rules are applied at construction sites by field safety supervisors. Studies have shown that such an approach is ineffective and has many human flaws because it relies on the human element, which may make mistakes and may not be available  at all times when workers are present. Therefore, it is difficult for them to monitor everyone, especially in large and active construction sites. As a result, incorrect practices and violations of safety rules at construction sites may not be discovered.
There is currently a gap in technological solutions that could be better developed through computer vision systems. Some existing systems may be able to determine if a worker is wearing a helmet (stationary objects), others only track the movement of objects, and a few can analyse the worker's dynamic movements. Simply tracking the worker's hand movements is insufficient; it's necessary to know if they are handling a sharp tool and require specific safety systems for such tasks.

Based on what has been mentioned previously, this study will solve the problem of the lack of integration, automation and immediate monitoring, helping the construction sector to provide an automated and intelligent framework that ensures compliance with safety procedures using PPE by immediate detection of physical work injuries or falls, and accurate identification of workers’ interaction with sharp tools to identify and reduce risks before they occur. [3] [4]. 
  
[bookmark: _Toc226749358]1.3 Thesis Objectives
The main objective of this research is to develop a computer vision based intelligent camera monitoring system for improved safety in construction sites. The objectives include:
· To design and train a computer vision model to accurately detect safety helmets and high visibility vests in real-time, based on reliable image data sets.
· To develop a skeleton based action recognition framework for monitoring workers’ postures in real-time and accurately, and for detecting sudden anomalies such as injuries or falls.
· To assess the interaction of construction workers with the environment (man-machine/material) to identify unsafe behaviors before they cause accidents.
· To evaluate the accuracy and speed of the system under different environmental conditions, such as varying lighting.




[bookmark: _Toc226749359]1.4 Thesis Contribution
Based on previous studies and research, this research offers a practical contribution to the field of safety at construction sites:
1. Unified dual architecture: Most current studies present two separate models for detecting safety devices and detecting object movements, but in our study we propose a single system for both models to process multiple layers of data simultaneously, which helps reduce processing redundancy and provides a more efficient monitoring solution.
2. Aware Hazard Identification: In this study, we will develop the concept of integrating machine with human movement. The study will not only determine whether the worker is wearing appropriate protective clothing, but will also identify if they are near a sharp machine without wearing the appropriate protective clothing, as well as their body position relative to the machine. This will help reduce risks or prevent accidents altogether.
3. Comprehensive Fall and Injury Detection: While most current studies focus on safety system violations, we will examine continuous and sudden body movements, utilizing surveillance video footage to help determine if there is a possibility of a worker falling for any reason and sending medical assistance immediately.
4. A Scalable Template for the Construction Industry: This thesis closes the gap between theoretical AI models and practical safety management, by providing a highly scalable and cost-effective template. This new system changes the industry from reactive safety management (after the accident) to proactive prevention (before the injury) and provides a realistic alternative to manual safety inspections.









[bookmark: _Toc226749360]1.5 Thesis Organization
The rest of this thesis is organized as follows.
Chapter 2 discusses the theoretical background and relevant research areas.
Chapter 3 presents the proposed methodology.
Chapter 4 analyzes the experimental results.
Chapter 5 concludes the study and suggests directions for future work.
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[bookmark: _Toc226749362]2.1 Introduction 
Safety procedures at construction sites began in 1970 by Occupational Safety and Health Administration (OSHA) organization as the construction industry experienced rapid growth and development, safety and protection measures were established at that time because of increasing of construction injuries on world, and based on this, safety was divided into physical safety, operational guidelines, and basic protective equipment. All these standards focus on the safety and health of workers at construction sites, protecting their bodies and lives from injuries, thus emphasizing that human safety is the fundamental requirement.[16]

The typical safety hierarchy at construction sites can be further illustrated in Figure 2.1, which shows the relationship between hazard removal, safety controls, and the last line of defines. Later, Later, safety authorities developed such (OSHA) further developed these frameworks by updating rigorous compliance checklists and implementing penalties for safety violations.[16]
[image: ]
Figure 2.1: PPE needs to be worn on construction site
With the safety systems recommended by international safety organizations for construction sites, safety checks were previously conducted by on site supervisors who would tour construction facilities and visually inspect the availability of safety systems. While these systems have been in use for years, this method remains somewhat effective, it has become impractical due to the sheer volume of work and the scale of construction projects in our time [2].

[bookmark: _Toc226749363]2.2 Background
Currently, with the increasing growth of construction projects and the growing number of workers and their movement within these projects, safety problems have begun to emerge. These massive sites and industrial cities have begun to generate enormous volumes of work that are difficult to monitor manually effectively [2]. As an alternative solution, the collective safety system was launched, enabling construction contractors to report hazards immediately upon their occurrence. This demonstrates how collective human cooperation contributes to reducing risks.

Because of that, the monitoring of construction sites has continued to expand with the addition of (CCTV) and drones for wide area surveillance. For this reason, the demand for automated safety monitoring has become a matter of interest to researchers in the field of artificial intelligence [2].

From this perspective, the roles of artificial intelligence, machine learning, and deep learning in image and video analysis have become prominent. AI algorithms can analyze, detect, and improve hazard detection at construction sites [2]. Conversely, deep learning can use neural networks to automatically extract complex visual movements and actions. Both methods can be very useful in addressing the problem of adhering to safety standards at construction sites, given that construction site images contain complex visual information that the human eye cannot manually infer, process, and encode. This is evident in the visual contrast between field supervisors when making decisions regarding the implementation of safety systems, as illustrated in the figure 2.2.
[image: ]
Figure 2.2: showing how AI can detect and analyze the CCTV data

The figure 2.2 illustrates examples of construction site images from the safety category, which visual characteristics such as dust, lighting, and other factors. Detecting safety violations under these conditions presents a big challenge for automated detection through image and video analysis. The different positions and interactions of objects or humans make deep learning techniques highly effective for directly identifying safety violation from detailed image Pixels [3][5].

From a computer vision perspective, site safety detection is a real-world problem for identifying and classifying objects. Therefore, this study aims to detect different types of safety equipment from classified images used at construction sites. Deep learning systems, such as Convolutional neural networks (CNN), Region based Convolutional Neural Network  (R-CNN) using Single Stage Detectors (SSD) that allow the model to detect the humane wear PPE by balancing the speed and accuracy to achieve this goal in this case [3, 5].

Before the deep learning in artificial intelligence, machine learning was used for basic functions such as detecting the color of protective vests, identifying the shapes of protective equipment, and so on using classical machine learning classifiers and use Support Vector Machines (SVM) with Histogram of Oriented Gradients (HOG) by breaking image into gride and direction. Also using Random Forests which depend on Yes or NO to define the color, or using k-Nearest Neighbours (k-NN) by comparing the new image with labeled on database. With these advanced techniques, they faced challenges in determining all outputs from (CCTV) due to environmental conditions and certain limitations in construction sites [2,3].

[image: ] With the growing interest in neural networks (CNN) in industrial automation, safety results have shown remarkable success by developed an integrated framework pairing YOLO (for precise object and safety sign detection) with ST-GCN (for skeleton-based human motion capture) to evaluate real-time situational risks and compliance detection accuracy increased from 61.61% to an impressive 99.11% [4]. 
Figure 2.3: Schematic overview of a deep learning flow for construction safety monitoring

The figure 2.3 illustrates the process of image processing, content detection, and classification at construction sites through specific steps, starting with camera input and culminating in the identification of expected safety conditions and their corresponding alerts. This example demonstrates how deep learning can be leveraged to extract and utilize data.
In addition to neural network techniques (CNN), other technologies have been discovered in the field of construction safety to detect more the only static objects is image and skeleton based parameterized approaches, which deep learning find the skilton to perform real time worker identity for unsafe behaviors and hazard [1]. Another technique called (Vision Transformers) which can help the model better and more detect and recognize construction sites, such as identifying the relationship between a worker and a heavy crane operating nearby, example the moment a worker holds a ladder and places one foot on the first step is identified as the optimal moment to intercept and warn the worker before they climb too high. In some studies, semi-supervised learning was used, combining some labeled safety datasets and unlabeled continuous (CCTV) footage to reduce reliance on manual classification. Our conclusion here is that current research in this field is gradually and broadly expanding to address complex construction environments [4].

In recent years, computer vision researchers have completed the development of models and their transition from primitive to advanced stages that serve the field of safety in construction in particular, such as monitoring the movement of workers and the types of safety equipment used [4], which in turn aim to raise the level of protection of workers in large and complex construction areas and also reach huge industrial cities.

Techniques? Explanation?

2.3 Related Work 
During the writing of this research, safety at construction sites was a major focus for researchers, particularly regarding the behavior of construction workers with hazardous equipment and their disregard for safety regulations. Several machine learning models, including computer vision and deep learning, were presented at the time for automating safety measures and improving the prevention of construction accidents.

Author, Year, Technique, title, dataset, accuracy, limitation?

Guo et al. (2018) Guo et al. (2018) proposed a skeleton-based real-time identification method that combines computer vision, safety knowledge, and ergonomic theory to identify unsafe behaviors by simplifying high-dimensional dynamic motions into static, parameter-described "leading postures". Unlike traditional video-clip tracking methods that require immense data processing and cause delayed recognition, this non-intrusive approach focuses strictly on key joint coordinates to capture intuitive spatial features. Evaluated in a laboratory experiment with 9 tastes simulating an unsafe ladder-climbing scenario via a Kinect 2.0 camera, the method successfully condensed tracking down to just 6 critical joint parameters to instantly trigger early safety warnings without misjudging safe activity. 

Liu et al. (2021) presented a holistic literature review evaluating the status, historical explorations, and ongoing technical challenges of computer vision methods used to monitor the unsafe actions of construction site workers. Unlike experimental studies focused on a single narrow framework, this research comprehensively analyzed the literature from the dual perspectives of individual worker behaviors (such as PPE compliance and postures) and worker-environment interactions. By tracking and mapping data via VOS viewer across a final selected synthesis of 122 high-impact academic publications from 2000 to 2021, the paper successfully established critical research gaps and future development paths for the industry.

Lee et al. (2023) developed a method that integrates YOLO object detection with OpenPose motion capture and Spatial Temporal Graph Convolutional Networks (ST-GCN) to identify the unsafe interaction behaviors of construction workers. Unlike previous studies that focused solely on independent motion recognition, this approach comprehensively factored in the physical and spatial interactions between workers, machinery, materials, and safety signs. Using a self-collected simulation dataset of 5,040 videos from 14 participants, a custom decision algorithm dynamically evaluated the safety risk of each scenario. Experimental results demonstrated substantial performance gains over standalone motion tracking, drastically boosting accuracy to 85.71% for throwing, 99.11% for operating, and reaching a perfect 100% in crossing interaction scenarios.

Rahman et al. (2026) proposed an automated compliance detection system named PPE-EYE that utilizes the YOLO11 deep learning architecture to identify in real-time whether construction workers are wearing vital protective gear. Unlike previous methodologies that suffered from high visual processing latency on the same benchmark, this approach employed dataset balancing via SMOTE, data augmentation, and hyperparameter fine-tuning to optimize site monitoring. Experimental results showed that the optimized YOLO11x model achieved a high mAP50 score of 96.9% with an exceptionally low inference processing time of 7.3 ms.

Nath et al. (2020) presented a deep learning-based system for real-time PPE compliance detection in construction sites. The objective was to verify whether workers were wearing hard hats, safety vests, or both from images and videos. The study was one of the influential works demonstrating the practical use of YOLO based detection for construction safety. The authors developed and compared three different deep learning approaches based on YOLO architecture. One approach detected workers and PPE items separately and then used an additional model to verify compliance. Another approach used a single CNN-based model to detect and classify compliance. The third approach detected workers first and then classified worker-level PPE compliance. The study used jobsite images and videos to evaluate performance under real-world conditions.
The results showed that real-time PPE monitoring is feasible using deep learning. The best-performing method achieves 72% accuracy detection performance for hard hat and vest compliance. The study also highlighted the difficulty of detecting PPE under occlusion, distance, and complex backgrounds. The limitation is that the research mainly covered hard hats and vests and did not detect tools, machinery, or unsafe interactions. Still, it is important because it established a practical foundation for real-time PPE compliance monitoring in construction environments.


Ferdous and Ahsan (2022) proposed a YOLO-based architecture for detecting PPE in construction sites. The objective of the study was to create a computer vision system capable of detecting multiple PPE classes and supporting automated compliance monitoring. The study also introduced the CHVG dataset, which includes classes related to many color hard hats, safety vests, safety glasses, persons, and heads. This research relied on comparing and testing different types YOLOX of algorithms under different visual conditions, such as rain, fog, and lighting. This is important because construction sites often present such challenging conditions.
The results of YOLO-m model appeared the highest percentage 89.84%, and the study demonstrated that these models are able to detect objects with greater accuracy under difficult conditions with better results than others regarding safety clothing on construction sites. While useful in this area, they are not effective for tracking worker movements on construction sites. Nevertheless, this study is very important for our current research because it provides a valuable database.
Hayat and Morgado-Dias (2022) developed an automatic safety helmet detection system for construction safety using YOLO-based deep learning. The main objective was to test YOLO the usefulness of monitoring construction sites. The study compared YOLOv3, YOLOv4, and YOLOv5, using a dataset of safety helmets at construction sites containing approximately 5,000 images, which were divided into groups for learning, training, and testing. The models were evaluated using metrics such as precision, recall, mean Average Precision, and inference speed.
The results showed that YOLO5 achieved excellent performance, exceeding expectations in accuracy 92% and speed for use with CCTV. It also demonstrated good results in both high and low light conditions. However, the study only tested safety helmets and did not test other safety equipment. Therefore, the study is useful as a helmet detection baseline but is limited for a complete construction safety monitoring system.

Wang et al. (2022) This study utilized intelligent systems, such YOLOv5 as this used with CCTV on construction sites, to identify safety equipment. The main goal was to develop the advanced system that combines speed and accuracy in processing live images from CCTV and accurately identifies PPE without errors. The researchers trained the system on images of safety equipment at construction sites. 
Two types of systems were compared: a large system and a small system. The small systems YOLOv5s outperformed the large systems YOLOv5x in terms of identifying risks 10% faster processing speed, while the larger system significantly outperformed the larger system in identifying risks overall approximately 82%. This leads us to conclude that larger systems identify risks more efficiently but more slowly, and vice versa.

Lee et al. (2021) This research utilizes computer vision to identify protective equipment at construction sites and track workers around the clock. The aim is to improve workplace safety monitoring at construction sites by identifying safety equipment through surveillance cameras. An algorithm YOLACT was used for object detailing and DeepSORT for tracking worker movements.
The results of this study showed 91.3% that the average accuracy was 66.4%., and the study proved that monitoring workers is crucial for achieving safety on construction sites over time and reducing false alarms. This conclusion focused on workers' adherence to safety dress on construction sites, with the exception of detecting heavy and sharp equipment, etc.

Isailovic et al. (2021) This research utilized deep learning-based object detection technology to monitor compliance with personal protective equipment (PPE) use in construction. The study encompassed industrial and construction environments like those used for PPE. The research goal to detect workers on construction site was using the required PPE or not and comparing the performance of several deep learning methods. The method estimating the worker's head area and detecting PPE in construction using models such as Faster R-CNN, MobileNetV2-SSD, and YOLOv5. The dataset included many categories of PPE in construction and general image sources. The evaluation compared the accuracy, recall, and reliability of detection with the models. The results show that the YOLOv5 model performed strongly overall compared to the other models, achieving 95% accuracy with eight types of construction PPE and 92% accuracy for real-time mask compliance, with high accuracy but lower recall in some cases. the model was effective in detecting visible PPE in construction but may miss some items in challenging conditions. The main limitation of the study is its focus on the detection of personal protective equipment (PPE) in construction rather than the broader construction context. The study did not include the detection of tools or vehicles. The study supports the use of YOLO algorithm-based methods for detecting PPE and safety equipment.





	Author
	Year
	Techniques
	dataset
	Accuracy
	Objective
	Results
	Limitation

	Guo et al.
1
	2018
	Depth-image skeletonization, parameterization of leading postures, and Kinect 2.0
	Chinese Accident Case Collection templates and a custom laboratory test with 9 testes
	
	To achieve real time identification of unsafe behaviors by simplifying dynamic motions into static postures
	Successfully simplified complex posture tracking down to 6 key joint parameters for instant identification
	Limited sample size, hardware interference from outdoor sunlight, and lack of testing on multiple overlapping workers

	Liu et al.
	2021
	Bibliometric and content based literature review
	122 relevant academic papers published between 2000 and 2021
	
	To review the historical explorations, status, and challenges of using computer vision for worker safety
	Mapped research hotspots such as object detection, object tracking, and action recognition
	Revealed persistent industry wide limitations, including visual occlusion, small object detection errors, and irregular tracking

	Li et al.
	2023
	YOLOv5, YOLO-NAS, OpenPose (COCO), and Spatial Temporal Graph Convolutional Networks (ST-GCN)
	Self-collected dataset of 5,040 simulated videos featuring 14 participants
	
	To identify unsafe interaction behaviors between construction workers and machinery/materials
	Improved interaction identification accuracy to 85.71% for throwing, 99.11% for operating, and 100% for crossing
	Faces difficulty distinguishing between tasks that use identical motions (e.g., throwing a hammer vs. hammering a nail)

	Rahman et al.
	2026
	YOLO11 (YOLO11x), SMOTE balancing, and data augmentation
	CHVG dataset (augmented to over 28,000 instances) and Roboflow data
	
	To create an automated real-time Personal Protective Equipment (PPE) compliance detection system
	Reached a mAP50 of 96.9% and an inference time of 7.3 ms
	Requires high end hardware for low inference time, and only detects main PPE classes, missing smaller tools

	Nath et al.
	2020
	YOLO-based DL models
	Jobsite images and videos
	
	Verify hard hat and vest compliance
	Showed feasibility of real-time PPE detection, The best model achieves 72% accuracy 
	Limited PPE categories; no tools or behavior analysis

	Ferdous & Ahsan
	2022
	YOLOX
	CHVG dataset
	
	Detect PPE classes in construction sites
	YOLOX-m achieved about 89.84% mAP
	Small dataset; PPE focus only

	Hayat & Morgado-Dias
	2022
	YOLOv3/v4/v5
	Hard-hat dataset (~5,000 images)
	
	Detect safety helmets
	YOLOv5 achieved mAP above 92%
	Helmet only; no other PPE or hazards

	Wang et al.
	2022
	YOLOv5 variants
	Construction PPE dataset
	
	Compare PPE detection accuracy and speed
	YOLOv5x high accuracy OLO v5x achieves 81.79% mAP; YOLOv5s faster 10%
	No action, fall, or tool detection

	Lee et al.
	2021
	YOLACT + DeepSORT
	Combined public image datasets
	
	Detect and track PPE compliance
	Accuracy around 91.3%, mAP around 66.4%
	No hazardous tool or fall analysis

	Isailovic et al.
	2021
	Faster R-CNN, SSD, YOLOv5
	Industrial PPE images
	
	Detect industrial PPE compliance
	YOLOv5 showed 95% accuracy over eight considered PPE types for the real-time face masks compliance 92% accuracy
	Industrial focus, limited construction context
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