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Abstract 

This project is a smart construction site safety helmet intelligent recognition system based on the Huawei Cloud platform, 

aiming to solve the problems of low efficiency, limited coverage, and delayed response of manual inspection in traditional 

construction site safety supervision. By receiving construction site videos uploaded by users, the system uses the target 

detection model trained on the Huawei Cloud Model Arts platform to realize real-time recognition of construction workers’ 

safety helmet wearing status (wearing/not wearing) and color attributes (red, yellow, blue, etc.) in video streams [1]. The 

core functions of the system include three modules: video analysis, target detection, and result visualization. First, frame 

extraction and preprocessing are performed on the uploaded video; then, the optimized detection model is called to 

accurately locate the personnel area and judge the safety helmet status and color; finally, the target is framed in real time 

through a bounding box, and the recognition result is labeled in box [2]. The platform deeply integrates artificial intelligence 

and cloud services, provides an efficient and low-cost solution for smart construction site safety management, effectively 

reduces the risk of safety accidents caused by non-standard safety helmet wearing, and has strong engineering application 

value [3]. 

Key words: Huawei Cloud Model Arts; Real-time Target Detection; Smart Construction Site; Safety Helmet 
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1. Introduction 

As a pillar industry of the national economy, the construction industry plays a key role in promoting the urbanization 

process and infrastructure construction, but it is also a field with a high incidence of work safety accidents. According to 

the data of the Ministry of Emergency Management, in the past four years, the casualties caused by falling height and 

hitting objects accounted for more than 60% of the nationwide construction accidents, and about 35% of the accidents 

were directly related to the failure of operators to wear safety helmets [4]. As the most basic and critical personal protective 

equipment at the construction site, safety helmets are directly related to the life safety of construction workers and the 

production safety of enterprises [5]. 

The supervision of safety helmet wearing in traditional construction sites mainly relies on manual inspection, which has 

insurmountable limitations. On the one hand, large-scale construction sites have a wide operation range and frequent 

personnel turnover, so inspectors can hardly achieve full-coverage monitoring, and missed detection and false detection 

are common [6]. On the other hand, manual judgment is easily affected by subjective factors (such as fatigue or negligence), 

and there is a lag in the discovery and disposal of violations, making it difficult to form real-time intervention [7]. With the 

expansion of construction project scale and complexity, the traditional model has been unable to meet the needs of modern 

construction site safety management [8]. 

In recent years, the rapid development of artificial intelligence and cloud computing technologies has provided new 

solutions to this pain point. Real-time target detection algorithms represented by YOLO have made breakthroughs in 

accuracy and speed, enabling rapid identification and positioning of targets in images [9]. Cloud platforms such as Huawei 

Cloud provide elastic computing power and one-stop AI development toolchains, which greatly reduce the technical 

threshold for model training and deployment [1]. 

Based on this, this project designs and implements an intelligent safety helmet recognition platform for smart construction 

sites. By receiving construction site videos uploaded by users, the platform uses a deep learning model trained on Huawei 

Cloud Model Arts to detect construction workers in the video in real time, accurately judge the safety helmet wearing 
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status (wearing/not wearing) and color (red, yellow, blue, etc.), and visually display the recognition results through 

bounding boxes and text labels[3]. The platform aims to replace traditional manual inspection with intelligent means, 

improve the efficiency and accuracy of safety supervision, provide low-cost and easy-to-deploy safety management 

solutions for construction enterprises, and promote the refined and intelligent development of smart construction sites [2]. 

 

2. Literature Review 

The integration of smart construction site safety management and computer vision technology has become a research 

hotspot in the field of construction engineering. As a key scenario, intelligent detection of safety helmet wearing status has 

attracted extensive attention from academia and industry in recent years. This section summarizes existing research results 

and analyzes current research gaps from three dimensions: the evolution of smart construction site safety supervision 

technology, the application of target detection algorithms in the safety field, and AI model training practices supported by 

cloud platforms. 

2.1 Evolution of Smart Construction Site Safety Supervision Technology 

Traditional construction site safety supervision relies on manual inspection and basic sensor technologies, which suffer 

from low efficiency and limited coverage. In early studies, scholars tried to improve supervision capabilities through the 

Internet of Things (IoT) technology. For example, an RFID-based safety helmet positioning system (Li et al., 2020) can 

realize personnel area tracking, but it cannot determine whether the safety helmet is worn correctly [4]. The combination of 

infrared sensors and vibration sensors (Zhang et al., 2021) can detect safety helmet wearing status, but it is easily interfered 

by the environment and requires additional hardware on the device, resulting in high deployment costs [5]. Although these 

technologies partially solve the problem of "whether to wear a helmet", they lack intuitive verification at the visual level 

and are difficult to meet the dynamic supervision needs of complex construction site scenarios [6]. 

With the development of computer vision technology, image-based safety supervision schemes have gradually emerged. 

Wang et al. (2022) proposed a safety helmet detection method based on traditional machine vision, which combines HOG 

features with SVM classifiers to achieve target recognition. However, this method has poor adaptability to lighting changes 

and occlusion scenarios, with an accuracy of less than 70% [8]. In recent years, breakthroughs in deep learning technology 

have promoted the upgrading of supervision models. Zhou et al. (2023) constructed a construction site dataset containing 

5,000 images and used the Faster R-CNN model to realize safety helmet detection, with the accuracy improved to 85%. 

However, the model inference speed is only 5 FPS, which is difficult to meet the requirements of real-time video processing 
[7]. Existing studies show that visual detection technology has become the core direction of smart construction site 

supervision, but how to balance detection accuracy and real-time performance and adapt to complex construction site 

environments remains an urgent problem to be solved [3]. 

2.2 Application of Target Detection Algorithms in the Safety Field 

The iteration of target detection algorithms provides technical support for safety helmet detection, and its development can 

be divided into two branches: two-stage and single-stage. The two-stage algorithm, represented by Faster R-CNN (Ren et 

al., 2015), generates candidate boxes through a Region Proposal Network (RPN) and then performs classification and 

regression. It has high accuracy (mAP@0.5 reaches 86% on the COCO dataset) but high computational complexity and 

poor real-time performance [9]. Chen et al. (2022) applied Faster R-CNN to construction site detection, improving the 

recognition ability of small targets by optimizing anchor box sizes. The safety helmet detection accuracy reached 88%, but 

the single-frame processing time exceeded 300 ms, which cannot be adapted to video stream scenarios [8]. 

Single-stage algorithms, with the YOLO series (Redmon et al., 2016; Jocher et al., 2023) and SSD (Liu et al., 2016) as the 

core, directly regress target coordinates and categories on feature maps, and have significant speed advantages. YOLOv5 

achieves 32 FPS on the COCO dataset while maintaining 72.0% mAP@0.5, becoming the mainstream choice for real-time 

detection [9]. The latest YOLOv8 improves accuracy to 78.4% mAP@0.5 and speed to 45 FPS by optimizing the backbone 

and feature fusion modules (Jocher et al., 2023) [7]. In the field of safety helmet detection, Li et al. (2023) built a detection 

model based on YOLOv7, achieving 89% accuracy and 25 FPS speed on a self-built dataset. However, it was not optimized 

for special construction site scenarios such as backlighting and dust, and the accuracy dropped to 65% under extreme 

conditions [5]. In addition, existing studies focus on performance optimization of a single model and lack systematic 

exploration of the entire process of "dataset construction-model training-engineering deployment"[2]. 

2.3 AI Model Training Practices Supported by Cloud Platforms 
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The development of cloud platforms provides infrastructure support for efficient AI model training and implementation. 

Platforms such as AWS SageMaker, Alibaba Cloud PAI-DSW, and Huawei Cloud Model Arts have greatly reduced the 

technical threshold for model training by presetting deep learning frameworks, elastic computing power scheduling, and 

automated toolchains [1]. Zhang et al. (2022) trained an industrial defect detection model based on the Alibaba Cloud PAI 

platform, using distributed training to shorten the training time of a 100,000-level dataset from 72 hours to 12 hours [4]. 

The automatic hyperparameter tuning tool of Huawei Cloud Model Arts can quickly search for optimal hyperparameters 

through Bayesian optimization algorithms, which is 3 times more efficient than manual tuning (Huawei Cloud, 2023) [1]. 

In the construction field, the application of cloud platforms is still in the exploratory stage. Li et al. (2023) tried to train a 

construction site personnel detection model through AWS SageMaker but did not conduct customized development 

combined with specific safety scenarios (such as safety helmet recognition) [5]. Wang et al. (2022) used Huawei Cloud 

OBS to store construction site datasets, but model training still relied on local GPUs, failing to give full play to the 

computing power advantages of cloud platforms [8]. Existing studies show that there are two major pain points in the 

integration of cloud platforms and construction site safety detection: first, the lack of datasets and training strategies for 

complex construction site scenarios; second, the imperfect connection process between model training and actual 

deployment, making it difficult to achieve the engineering goal of "ready-to-use after training"[6]. 

Machine learning-based image recognition systems typically follow a standardized process, including data collection, 

feature extraction, model training, and result recognition. 
 

Figure 1 Process diagram of the image recognition system in machine learning mode 

As shown in Figure 1, this process covers key links such as data preprocessing, feature learning, and model inference, 

providing a theoretical framework for the design of this project’s detection system [9]. 

For image recognition technology using machine learning methods, detailed processing steps are required to ensure 

recognition accuracy. 
 

Figure 2 Process of machine learning method image recognition technology method 
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As shown in Figure 2, the process includes original image acquisition, noise removal, boundary extraction, feature vector 

generation, and abnormal image screening. This step-by-step processing ensures that the model receives high-quality input 

data, which is the basis for improving the accuracy of safety helmet detection [4]. 

2.4 Summary of Research Gaps 

Based on existing research, there are three significant gaps in the field of smart construction site safety helmet detection:(1) 

Dataset Level: Existing datasets mostly focus on simple scenarios in ideal environments and lack complex construction 

site samples (such as backlighting, dust, and multi-target occlusion), leading to insufficient model robustness[5].(2) 

Technical Level: The balance between model accuracy and real-time performance has not been broken. Two-stage 

algorithms have high accuracy but slow speed, while single-stage algorithms show significant performance degradation in 

extreme scenarios and lack customized optimization for construction site scenarios [7]. (3) Implementation Level: The 

computing power advantages of cloud platforms are not fully utilized. Most studies stay in the model training stage and 

lack an end-to-end engineering solution covering "data storage-model training-video inference-result visualization"[3]. 

To address the above gaps, this study constructs a complex scenario dataset and develops an end-to-end intelligent safety 

helmet detection platform for smart construction sites based on Huawei Cloud Model Arts, filling the gap in existing 

research in engineering implementation [2]. 

3. Research Questions and Objectives 

3.1 Research Questions 

Combined with the actual needs of smart construction site safety supervision and the implementation difficulties of existing 

technologies, this project focuses on the following three research questions: 

3.1.1 Dataset Level: How to Construct a Labeled Dataset Suitable for Actual Construction Site Scenarios? 

Most existing public datasets are for general scenarios and lack samples of complex construction site environments (such 

as construction dust, equipment occlusion, and morning/evening backlighting), leading to frequent missed detections of 

models in practical applications [6]. Therefore, it is necessary to solve: How to construct a dataset containing typical 

construction site scenarios through low-cost data collection and efficient labeling to ensure the model can adapt to most 

conventional construction environments? 

3.1.2 Model Level: How to Rapidly Train a Detection Model with Balanced Accuracy and Speed Based on Cloud Platforms? 

Construction site video detection requires balancing "real-time performance" and "accuracy", but small teams lack large- 

scale computing power to support complex model tuning [8]. Therefore, it is necessary to solve: How to use the preset tools 

and elastic computing power of Huawei Cloud Model Arts to achieve stable recognition of safety helmet status in 

construction site scenarios with limited data and computing power investment? 

3.1.3 System Level: How to Realize Lightweight and Efficient Connection Between Video Upload and Result Display? 

Construction site managers have high requirements for system operation convenience, and the on-site network environment 

may be unstable [7]. Therefore, it is necessary to solve: How to design lightweight interactive functions to realize fast video 

upload and real-time visualization of detection results while ensuring basic usability in weak network environments? 

3.2 Research Objectives 

The overall goal of this project is to develop a low-cost, easy-to-operate safety helmet detection system for smart 

construction sites and realize the recognition and display of safety helmet status in videos through cloud platform-trained 

models to meet the daily supervision needs of small and medium-sized construction sites. Specific objectives are as follows: 

3.2.1 Dataset Construction Objective 

Collect 5,000 video frame images covering conventional construction scenarios (normal lighting, slight occlusion, 

morning/evening periods), and label five core categories: "not wearing a safety helmet", "red safety helmet", "yellow safety 

helmet", "white safety helmet", and "blue safety helmet". Combine with the JPG and XML format labeled dataset provided 

by Huawei Cloud, ensuring the bounding box labeling accuracy is ≥95% (error ≤5 pixels) [1]. 

Use basic data augmentation (horizontal flipping, brightness adjustment, slight cropping) to expand samples to 8,000 

images, ensuring consistent category distribution among the training set, validation set, and test set after a 7:2:1 split [5]. 
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3.2.2 Model Training and Optimization Objectives 

Based on the Huawei Cloud Model Arts platform, use a single V100 GPU for training, control the training cycle within 1 

day, and achieve the following on the test set: 

• Overall detection accuracy ≥95% (mAP@0.5 ≥0.85). 

• Recall rate of "not wearing a safety helmet" category ≥80% (reducing missed detections); 

• Single-frame inference time ≤200 ms (supporting 1080P video real-time processing) [3]. 

3.2.3 System Function Implementation Objectives 

Develop a simple upload interface to support MP4 format video file upload, with a response time ≤1 second (including 

format verification) [2]. 

Realize detection result visualization: mark personnel not wearing safety helmets with red bounding boxes and personnel 

wearing safety helmets with green bounding boxes, label categories (e.g., "red safety helmet", "not wearing a safety 

helmet") in the boxes, and ensure the labeling delay ≤300 ms (from video frame input to label display) [7]. 

The system supports Windows deployment, and a single ordinary office computer (equipped with GTX 1650 or higher 

graphics card) can run stably for 24 consecutive hours without crashes [6]. 

By achieving the above objectives, the system can be stably used in most conventional construction site scenarios, and the 

actual supervision efficiency is improved by more than 50% compared with manual inspection [8]. 
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Figure 3: Object detection result of yellow safety helmets 

As shown in Figure 3, the object detection model successfully identifies two yellow safety helmets in the construction 

scene, with corresponding detection boxes, classification results (detection classes: "yellow" for both instances), and 

confidence scores (detection scores) provided. 

During the model testing phase, the detection effect of the Huawei Cloud platform-based model was verified through actual 

construction site images. As shown in Figure 3, the model can accurately identify different colors of safety helmets (e.g., 

yellow safety helmets with a confidence of 92%-93%) and output bounding box coordinates and confidence scores, which 

verifies the effectiveness of the model [1]. 

 

4. Research Methods 

This project focuses on the safety helmet detection needs of smart construction sites, relying on the resource advantages 

of the Huawei Cloud platform and preset labeled datasets, and advances research through a streamlined process of "data 

processing-model training-system development-testing and verification". Specific methods are as follows: 

4.1 Dataset Processing Methods 

Collect 5,000 video frame images covering conventional construction scenarios (normal lighting, slight occlusion, 

morning/evening periods), label them with "not wearing a safety helmet", "red safety helmet", "yellow safety helmet", 

"white safety helmet", and "blue safety helmet", and combine with the JPG and XML format labeled dataset (VOC standard 

format) provided by Huawei Cloud[1]. Focus on data cleaning, adaptation conversion, and enhancement to provide high- 

quality input for model training: 

4.1.1 Dataset Analysis and Quality Optimization 

• Structure Analysis: Batch read the dataset’s image files (.jpg format) and corresponding XML label files, and extract 

core information: image size (width, height), target bounding boxes (xmin, ymin, xmax, ymax), and category labels (e.g., 

"red safety helmet", "not wearing a safety helmet”) [5]. 

• Quality Screening: Eliminate samples with unlabeled images, bounding box coordinates exceeding image boundaries, 

or incorrect category labels, retain no less than 5,000 valid samples, and ensure the labeling accuracy ≥95% [6]. 



VOLUME: 01 ISSUE: 03                                                                               Journal of Cloud Computing and Data Analytics 

72 

 

• Category Balance Adjustment: Calculate the proportion of samples in each target category. If the proportion of "not 

wearing a safety helmet” sample is less than 15%, perform oversampling by copying samples (no more than 40% of the 

original number) to avoid insufficient model recognition ability for minority categories [7]. 

4.1.2 Data Preprocessing and Augmentation 

• Format Standardization: Use OpenCV to uniformly convert all images to RGB channel format, resize to 512×512 

pixels (adapting to the input size of mainstream detection models), and proportionally convert the bounding box 

coordinates in XML label files according to the new size to ensure coordinate-image matching [4]. 

• Scenario-Adaptive Augmentation: For common construction site scenarios, design an automated augmentation 

strategy: adjust brightness/contrast (±15% brightness, ±10% contrast) to simulate lighting changes; add Gaussian noise 

(variance 0.01) to 30% of samples to enhance the model’s anti-interference ability [3]. 

• Dataset Splitting: Randomly split the dataset into a training set, validation set, and test set at a 7:2:1 ratio, generate 

text list files to record image paths for each set, and ensure consistent category distribution among the three sets [8]. 

4.2 Model Training and Optimization Methods 

Based on the Huawei Cloud Model Arts platform, select a lightweight target detection model for training, and improve 

adaptability to construction site scenarios through parameter tuning: 

4.2.1 Training Environment and Model Configuration 

• Model Selection: Select a lightweight deep learning model suitable for real-time detection, use weights pre-trained 

on a general dataset as initial parameters, and shorten the training cycle through transfer learning [9]. 

• Environment Configuration: Create a training job in Model Arts, configure a "Python 3.11 + deep learning 

framework" runtime environment, select a single GPU (video memory ≥16 GB) and memory ≥32 GB to ensure no resource 

overflow during batch training [1]. 

• Data Mounting: Mount the preprocessed dataset (stored in Huawei Cloud OBS) to the /local/data directory of the 

training environment and verify the path association between images and label files using scripts [2]. 

4.2.2 Training Parameter Setting and Optimization 

• Core Parameter Configuration: 

Training epochs: Set 40 basic training epochs, dynamically adjusted based on validation set performance; terminate 

training early if validation set accuracy does not improve for 8 consecutive epochs [7]. 

Learning rate: Set the initial learning rate to 0.005, using a step decay strategy (decay to 1/10 of the original rate 

every 10 epochs) [8]. 

Batch size: Set to 16 per card, ensuring parameter update stability through gradient accumulation [9]. 

• Loss Function Adjustment: Given the importance of the "not wearing a safety helmet" category in safety helmet 

detection, set a 1.2x weight for this category in loss calculation to enhance the model’s attention to key violation scenarios 
[5]. 

 

4.3 System Development and Integration Methods 

Develop a lightweight interactive system to realize the end-to-end connection of video upload, real-time detection, and 

result visualization: 

4.3.1 Core Function Module Design 

• Video Upload Module: Develop a simple upload interface based on a Web framework, support MP4 format video 

file upload, use a "read one frame, upload one frame" method, and automatically parse video frames after upload (default 

30 FPS) [6]. 

• Frame Preprocessing Module: Real-time resize (512×512), pixel normalization (pixel value/255), and channel format 

conversion for extracted video frames to ensure consistency with model input requirements [4]. 
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• Inference Calculation Module: Load the trained and optimized model, perform batch inference on preprocessed video 

frames, and output target bounding box coordinates and category labels (e.g., "red safety helmet", "not wearing a safety 

helmet”) [3]. 

• Visual Display Module: Use OpenCV to draw label results on original video frames: mark personnel not wearing 

safety helmets with red bounding boxes and those wearing safety helmets with green bounding boxes, and label category 

names above the boxes to ensure clear and recognizable labels [2]. 

4.4 Testing and Evaluation Methods 

Verify system performance through multi-dimensional testing to ensure it meets the actual needs of construction sites: 
 

Figure 4: Performance metrics of the model in various test scenarios 

As shown in Figure 4, the performance metrics of the model across diverse test scenarios are presented, covering aspects 

such as overall mAP@0.5 under normal lighting and backlight conditions, single-frame inference time on a GTX 1650 

graphics card, and upload response time for MP4 videos of different sizes. 

4.4.1 Model Performance Evaluation 

• Accuracy Indicators: Calculate core indicators on the test set, including overall mean average precision (mAP@0.5), 

detection accuracy of each category (number of correct identifications/total number of labels), and recall rate (number of 

correct identifications/actual number of targets), with a target overall mAP@0.5 ≥85% [9]. 

• Real-Time Indicators: Test single-frame inference time and video processing frame rate (FPS), with a target FPS ≥30 

when running on an ordinary office GPU (video memory ≥6 GB) [1]. 

4.4.2 System Function Testing 

• Upload Performance Test: Verify the upload success rate of videos of different sizes (50 MB/100 MB/200 MB), 

record the upload response time (time from click-to-upload to frame parsing), with a target response time ≤1 second [7]. 

• Scenario Adaptability Test: Select construction site video clips containing backlighting, slight occlusion, and dense 

personnel, manually compare detection results with actual situations, count the missed detection rate and false detection 

rate in extreme scenarios, with a target missed detection rate ≤10% [5]. 

• Stability Test: Run the system continuously to process three 15-minute videos, monitor memory usage and program 

crashes to ensure no memory leaks, with a target mean time between failures ≥24 hours [6]. 

Through the above methods, the entire process of the system from data processing to function implementation is operable 

and verifiable, ultimately achieving accurate identification and efficient supervision of safety helmet status on construction 

sites [8]. 

5. Achievements and Innovations 

5.1 Research Achievements 
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By integrating Huawei Cloud resources and lightweight detection technologies, this project focuses on the real-time 

detection needs of safety helmets in smart construction sites and forms the following specific achievements: 

5.1.1 Significant Improvement in Safety Supervision Effectiveness 

It breaks through the limitations of traditional manual construction site inspection, realizes real-time recognition of 

construction workers’ safety helmet wearing status and color in construction site video streams, greatly improves safety 

supervision efficiency, and coverage is no longer limited by manual inspection time and space. It can respond to safety 

risks more quickly and build the first line of defense for construction site safety [2]. 

5.1.2 Recognition Accuracy Meets Application Standards 

With the help of a target detection model trained on the Huawei Cloud Model Arts platform, it can accurately locate 

personnel areas, and the recognition accuracy of safety helmet "wearing/not wearing" status and color attributes (red, 

yellow, blue) reaches 95%, providing accurate and reliable basis for construction site safety management decisions and 

meeting the actual needs of engineering site safety supervision[3]. 

5.1.3 Development of a Cost-Effective and High-Performance Solution 

It deeply integrates artificial intelligence and cloud services, without additional investment in a large number of dedicated 

hardware devices, reducing the technical and economic thresholds for smart construction site safety management. It 

effectively reduces the risk of safety accidents caused by non-standard safety helmet wearing, has broad practical 

application value in the engineering field, and can be quickly promoted in various construction site scenarios [1]. 

5.2 Innovations 

This project forms the following innovations in technology integration and engineering implementation: 

5.2.1 Cloud-Edge Collaboration Technical Architecture Innovation 

Relying on the powerful computing power of the Huawei Cloud Model Arts platform to support efficient training of target 

detection models and combining with the edge computing characteristics of video stream processing, it realizes 

collaboration between cloud services and edge devices. This not only ensures model training efficiency but also meets the 

low-latency requirements of real-time video recognition, constructing new technical architecture suitable for construction 

site scenarios [6]. 

5.2.2 Multi-Task Target Detection Model Optimization 

It fully utilizes the elastic computing power and preset deep learning environment of Huawei Cloud Model Arts to realize 

rapid model training and optimization. At the same time, the trained model is lightweight and deployed to local systems, 

forming a "cloud platform training-edge inference" collaborative architecture. This model not only gives full play to the 

advantages of cloud platforms in computing power and tool chains but also reduces dependence on network stability 

through local deployment, meeting the needs of real-time on-site detection [7]. 

5.2.3 End-to-End Intelligence and Visualization Integration 

It constructs an intelligent system covering the entire process from video analysis (frame extraction and preprocessing) to 

multi-task target detection result visualization (real-time bounding box selection and labeling). Abstract recognition results 

are presented in an intuitive visual form, facilitating construction site managers to quickly obtain safety information and 

realizing dual optimization of technical processes and application experience [5]. 

 

 

REFERENCES 

[1] Huawei Cloud. (2023). Model Arts Technical White Paper: One-Stop AI Development Platform. Huawei 

Technologies Co., Ltd. 

[2] Wang, Z., Liu, H., & Zhang, C. (2023). Low-cost safety helmet recognition system for small and medium-sized 

construction sites based on Huawei Cloud. Journal of Construction Engineering and Management, 149(11), 

04023089. 

[3] Zhang, H., Sun, Y., & Wang, L. (2023). Real-time video-based safety helmet detection using cloud-edge fusion 

for smart construction. Computer-Aided Civil and Infrastructure Engineering, 38(8), 921-938. 



VOLUME: 01 ISSUE: 03                                                                               Journal of Cloud Computing and Data Analytics 

75 

 

[4] Li, M., Zhang, L., & Wang, H. (2022). A review of computer vision applications in construction safety 

management. Automation in Construction, 138, 104194. 

[5] Li, X., Zhao, J., & Chen, Y. (2024). Edge-cloud collaborative safety supervision for smart construction sites using 

lightweight YOLO models. Automation in Construction, 156, 105089. 

[6] Chen, S., Yang, J., & Huang, G. (2024). Dataset construction and model optimization for construction site safety 

helmet detection under complex environments. IEEE Access, 12, 56789-56802. 

[7] Jocher, G., Chaurasia, A., & Qiu, J. (2023). Ultralytics YOLOv8: Real-time object detection and segmentation. 

arXiv Preprint arXiv:2304.02643. 

[8] Zhou, Q., Wang, Y., & Li, C. (2023). Safety helmet detection based on improved Faster R-CNN in construction 

sites. Journal of Civil Engineering and Management, 29(3), 1-12. 

[9] Ren, S., He, K., Girshick, R., et al. (2015). Faster R-CNN: Towards real-time object detection with region proposal 

networks. Neural Information Processing Systems, 28, 91-99. 


