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ABSTRACT: Mine safety management plays a 

critical role in safeguarding miners' lives, reducing 

operational risks, and ensuring the sustainable 

development of mining enterprises. With the 

continuous growth in demand for mineral resources 

and the increasing complexity of mining operations, 

higher requirements have been imposed on the 

efficiency, accuracy, and intelligence of safety 

management systems. In recent years, the rapid 

development of smart mining has accelerated the 

integration of artificial intelligence, the Internet of 

Things, and computer vision technologies into 

mining production. Among these technologies, 

vision-based intelligent monitoring has emerged as a 

key approach for enhancing mine safety 

management. 

To address the limitations of traditional manual 

inspection methods, including low efficiency, strong 

subjectivity, and the inability to provide continuous 

monitoring, this study proposes a YOLO-based 

visual safety management system for smart mining 

environments. The proposed system performs real-

time perception and analysis of critical safety risks 

from surveillance video streams and integrates 

multiple monitoring tasks, including conveyor belt 

foreign object detection, safety helmet compliance 

monitoring, unsafe worker behavior identification, 

and roadway foreign object detection. Through a 

unified visual perception framework, the system can 

promptly identify potential hazards and trigger 

warning mechanisms, thereby improving the 

intelligence and effectiveness of mine safety 

management. 

Experimental results demonstrate that the proposed 

framework achieves high detection accuracy while 

maintaining real-time performance and deployment 

efficiency. The system effectively satisfies the 

requirements of multi-task safety monitoring in 

complex mining environments. This work provides 

a practical solution for lightweight object detection 

and intelligent safety management in industrial 

scenarios and contributes to the advancement of 

digitalized, intelligent, and unmanned mine safety 

production. 
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I. INTRODUCTION 

The mining industry plays a vital role in 

global economic development by providing the 

essential raw materials required for industrial 

production, infrastructure construction, energy 

generation, and technological innovation. Mineral 

resources such as coal, iron ore, copper, gold, and 

lithium form the foundation of numerous economic 

sectors, including manufacturing, transportation, 

construction, and emerging clean energy industries. 

As a key component of the global supply chain, the 

mining sector contributes significantly to national 

economic growth, employment creation, and energy 

security. According to industry reports, mining and 

mineral-related activities account for a substantial 

share of global economic output and serve as critical 

drivers of industrialization and modernization. With 

the increasing demand for strategic minerals driven 

by digital transformation and the transition to low-

carbon energy systems, the importance of the 

mining industry to sustainable economic 

development continues to grow. 

Mine safety is of paramount importance to 

the protection of human life and property, the 

maintenance of social and economic stability, as 

well as national energy security and the sustainable 

development of the mining industry. As a high-risk 

industry, mining operations are confronted with 

multiple challenges, including complex geological 

conditions, diverse disaster types, and harsh 

working environments. Major hazards such as gas 

explosions, water inrushes, mine fires, roof 

collapses, rock bursts, and tailings dam failures 

often coexist and interact, significantly increasing 



 

   

International Journal of Engineering, Management and Humanities (IJEMH) 

Volume 7, Issue 3, May-June, 2026 pp: 192-198 ISSN: 2584-2145 www.ijemh.com 

                                      

 

 

 

 

 

 

                                                             www.ijemh.com                                      Page 193 

operational risks. Under such circumstances, 

deficiencies in safety management or unsafe 

operational practices may lead to severe accidents 

with catastrophic consequences. Therefore, 

improving the effectiveness of mine safety 

management and enhancing the capability for early 

risk identification and warning have become critical 

objectives in the development of modern smart 

mines. 

Therefore, developing intelligent safety 

monitoring technologies capable of real-time hazard 

detection and risk warning has become a critical 

research direction for improving mine safety 

management and promoting the construction of 

smart mines. 

Based on a comprehensive review of 

existing research on artificial intelligence 

technologies and mine safety management, this 

study systematically analyzes the current 

development status and key technical requirements 

of safety management in smart mines, and 

summarizes monitoring and management strategies 

for typical safety risks encountered during mining 

operations. To address the limitations of traditional 

safety management approaches, including 

insufficient real-time performance, heavy reliance 

on manual inspection, and limited risk warning 

capabilities, a YOLO-based visual detection 

platform for mine safety management is proposed. 

Utilizing surveillance video data as the primary 

information source, the platform employs deep 

learning-based object detection techniques to 

perform multi-scenario safety risk perception tasks, 

including conveyor belt foreign object detection, 

safety helmet compliance monitoring, unsafe worker 

behavior identification, and roadway foreign object 

detection. By integrating these functions into a 

unified intelligent monitoring framework, the 

proposed system establishes a comprehensive safety 

management mechanism covering personnel safety, 

equipment safety, and operational environment 

safety. Through real-time detection and early 

warning of potential hazards, the platform 

effectively improves the intelligence and efficiency 

of mine safety management. Experimental results 

demonstrate that the proposed platform achieves 

high detection accuracy and exhibits strong 

engineering applicability in complex mining 

environments, thereby validating its feasibility and 

effectiveness for smart mine safety management. 

 

II. RELATE WORK 
Imam et al. provided a systematic review of 

computer vision-based anti-collision systems in 

underground mines, highlighting that deep learning-

based object detection has become the core 

technique for safety monitoring. However, they also 

pointed out that complex underground conditions, 

such as low illumination, dust interference, 

occlusion, and limited visibility, still significantly 

degrade detection reliability[1]. 

To address mining-induced geotechnical 

risks, a data-driven multi-objective optimization 

framework was developed by integrating XGBoost 

surrogate modeling, BO-LSTM-based time series 

prediction, and NSGA-II optimization. This 

framework jointly considers safety constraints and 

economic objectives, achieving a balanced 

optimization of stope design and surface protection 

under varying geological and operational 

conditions[2]. 

For underground emergency rescue 

scenarios, thermal-image-based object detection 

methods were investigated to improve personnel 

detection under low-light environments. By 

applying transfer learning on YOLOv5 and 

YOLOv8, the models were retrained on thermal 

datasets collected in experimental mine 

environments. Experimental results demonstrated 

that YOLOv8 achieved superior detection accuracy 

compared to YOLOv5, confirming the effectiveness 

of thermal imaging combined with deep learning for 

robust personnel detection in underground rescue 

applications[3]. 

For mining-area geological hazard 

monitoring, an improved YOLOv8 model was 

proposed based on UAV-acquired remote sensing 

imagery for landslide detection. By introducing a 

hybrid attention mechanism in both channel and 

spatial dimensions, the model significantly 

improved feature representation capability in 

complex backgrounds. In addition, a coordinate 

transformation method was designed to convert 

pixel-level detection results into geodetic 

coordinates, enabling accurate spatial positioning 

and monitoring of landslide evolution in mining 

regions[4]. 

To address small-target detection 

challenges in underground coal mines, 

MineTinyNet-YOLO was proposed on the basis of 

YOLOv7-tiny. The model introduces a Dynamic 

Boundary-Aware Convolutional Layer and an 

Adaptive Interactive Feature Network to enhance 

feature extraction and cross-layer information 

fusion. Meanwhile, a lightweight upsampling 

strategy is adopted to reduce computational 

redundancy while maintaining high detection 

accuracy. Experimental results show that the method 

achieves improved mAP and faster inference speed, 
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making it suitable for real-time deployment in 

underground environments[5]. 

For intelligent mine safety monitoring, an improved 

YOLOv4-tiny model was proposed for safety sign 

detection. The method integrates ECANet attention 

mechanism, Soft-NMS, and Focal Loss to enhance 

feature learning, reduce false detections, and 

mitigate class imbalance problems. Experimental 

results indicate that the proposed model 

significantly improves detection accuracy, 

especially for small targets and low-illumination 

conditions, demonstrating strong applicability for 

mine safety warning systems[6]. 

For underground personnel detection and 

positioning, MSS-YOLO was proposed based on 

YOLOv8. The model introduces multi-scale edge 

enhancement and spatial pyramid feature fusion to 

improve robustness under dust, dim lighting, and 

long-distance conditions. Furthermore, a lightweight 

detection head is designed to ensure real-time 

performance. Combined with binocular stereo 

vision, the system enables accurate 3D localization 

of personnel, achieving both high detection accuracy 

and positioning reliability in fully mechanized 

mining faces[7]. 

Overall, the reviewed studies demonstrate that 

YOLO-based object detection has become a core 

and highly effective approach for intelligent mine 

safety management. By integrating improved 

network structures, attention mechanisms, multi-

scale feature fusion, and lightweight designs, YOLO 

variants can achieve real-time and accurate 

detection of personnel, safety signs, and hazardous 

objects under complex underground conditions such 

as low illumination, dust interference, and occlusion. 

These results indicate that YOLO-based methods 

are not only technically feasible but also highly 

practical for deployment in real mining 

environments, providing strong support for 

intelligent monitoring, risk warning, and safety 

decision-making in modern mine safety systems. 

 

III. Systematic Strategies for Mine Safety 

Management 
This study summarizes six key strategies 

for strengthening mine safety management, and 

further highlights how YOLO-based deep learning 

methods can be integrated to enable real-time 

perception and intelligent monitoring for risk 

detection and safety supervision in complex mining 

environments. 

(1) Source control and safety access 

management 

Strict source control requires full-lifecycle 

supervision of mining projects, including 

exploration, design, construction, and acceptance 

stages. This stage is mainly policy- and engineering-

driven, but computer vision techniques such as 

YOLO-based monitoring can be applied to 

construction site surveillance, equipment 

compliance checking, and unsafe operation 

detection. Deep learning is applicable in auxiliary 

visual inspection tasks rather than decision-level 

control. 

(2) Risk classification and hierarchical 

control 

Risk identification and grading rely on 

continuous monitoring of operational environments. 

YOLO-based object detection can be effectively 

used for real-time hazard identification, such as 

detecting personnel violations, vehicle interactions, 

and unsafe equipment states. Combined with deep 

learning classification models, it can support 

dynamic risk level assessment. 

(3) Major hazard monitoring and early 

warning 

This includes gas leakage, water inrush, 

rock bursts, and fire hazards. Although YOLO is not 

directly applicable to physical parameter prediction, 

it can be used for visual indicators such as smoke, 

fire, equipment deformation, and abnormal surface 

conditions. Deep learning-based multimodal fusion 

(vision and sensor data) is a key direction in this 

stage. 

(4) Safety responsibility enforcement and 

compliance supervision 

This strategy focuses on behavioral 

monitoring and management accountability. YOLO-

based video surveillance systems can be used to 

detect unsafe behaviors such as missing protective 

equipment, illegal entry into restricted areas, and 

violation of operating procedures. This is one of the 

most mature application scenarios of YOLO in mine 

safety management. 

(5) On-site safety management and 

operational control 

On-site management involves real-time 

supervision of personnel, machinery, and working 

environments. YOLO-based real-time object 

detection can be deployed for personnel tracking, 

equipment monitoring, and collision risk detection. 

Lightweight YOLO variants are particularly suitable 

for edge deployment in underground environments. 

(6) Digital transformation and intelligent 

safety systems 

Digital mine construction integrates IoT, 

big data, and AI systems. YOLO serves as a core 

perception module for intelligent monitoring 
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systems, providing structured visual data for higher-

level decision-making models. When combined with 

tracking algorithms, SLAM, and predictive models, 

it forms the perception layer of smart mine safety 

systems. 

 

IV. YOLO-Driven Visual Safety 

Management Framework for Smart 

Mining 
This paper employs YOLOv11 as the core 

detection engine. Building upon the established 

Backbone–Neck–Head paradigm of the YOLO 

series, YOLOv11 introduces three key architectural 

enhancements—namely, the C3k2 dynamic 

convolution module in the backbone for adaptive 

feature learning, the C2PSA attention-guided feature 

fusion module in the neck for enhanced cross-scale 

representation, and an upgraded SPPF (Spatial 

Pyramid Pooling Fast) module for more efficient 

multi-level contextual aggregation. The complete 

architecture and functional roles of these core 

modules are illustrated in Figure 1. 

 

 
Fig 1 YOLOv11 Overall Architecture 

 

To address the limitations of traditional 

mine safety management approaches, including 

insufficient real-time monitoring capability, heavy 

dependence on manual inspection, and limited risk 

warning effectiveness, this study proposes a YOLO-

Driven Visual Safety Management Framework for 

Smart Mining. The framework establishes a 

hierarchical intelligent safety management 

architecture consisting of a data acquisition layer, a 

deep learning-based visual perception layer, and a 

management application layer, thereby enabling 

end-to-end safety monitoring, risk identification, 

early warning, and decision support for smart 

mining environments.The platform framework 

diagram is shown in Figure 2. 

 
Fig 2 YOLO-Driven Visual Safety Management 

Framework for Smart Mining 

 

At the bottom layer, the video monitoring 

system serves as the primary data acquisition source, 

continuously collecting visual information from key 

production areas, transportation systems, 

underground roadways, and personnel operation 

zones. These video streams provide real-time 

observational data for safety supervision and 

constitute the fundamental information source of the 

framework. 

In the perception layer, a unified YOLO 

visual perception engine is employed as the core 

intelligent analysis module. By leveraging the 

advantages of deep learning-based object detection, 

the framework integrates multiple safety monitoring 

tasks into a single visual perception architecture. 

Specifically, four representative application 

scenarios are considered: helmet compliance 

detection, unsafe behavior detection, conveyor belt 

foreign object detection, and roadway obstacle 

detection. Helmet detection is used to monitor 

compliance with personal protective equipment 

regulations and identify workers who fail to wear 

safety helmets correctly. Unsafe behavior detection 

focuses on recognizing hazardous operational 

actions and violations of safety procedures. 

Conveyor belt foreign object detection is designed 

to identify abnormal materials or obstacles that may 

damage transportation equipment or interrupt 

production processes. Roadway obstacle detection 

monitors the operational environment and detects 

foreign objects that could threaten vehicle 

movement or personnel safety. Through these multi-

task detection capabilities, the framework achieves 

comprehensive visual perception of personnel, 

equipment, and environmental risks in mining 

operations. 

Based on the detection results generated by 

the YOLO perception engine, the upper 

management layer performs risk classification, early 

warning generation, and safety decision support. 
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The detected safety events are first categorized 

according to their severity and potential impact, 

enabling dynamic risk assessment and hierarchical 

safety management. Subsequently, warning 

information is issued when abnormal conditions are 

identified, allowing management personnel to 

respond promptly to emerging hazards. Furthermore, 

the structured visual data generated by the 

perception layer provide valuable support for safety 

analysis, accident prevention, and operational 

decision-making. By integrating visual intelligence 

with management strategies, the framework 

establishes a closed-loop safety management 

mechanism that combines perception, analysis, 

warning, and decision support. 

Overall, the proposed framework transforms 

traditional passive safety supervision into an active 

and intelligent management paradigm. By utilizing 

YOLO-based real-time visual perception as the core 

enabling technology, the system effectively 

enhances risk detection capability, improves 

warning timeliness, and supports the digital 

transformation of mine safety management, thereby 

providing a practical foundation for the 

development of intelligent and unmanned smart 

mining systems. 

 

V. EXPERIMENTATION 
The roadway obstacle detection dataset 

employed in this study was constructed from real-

world mine surveillance videos. A total of 1,884 

high-quality images were manually annotated, 

covering diverse lighting conditions, occlusion 

scenarios, and obstacle categories, including 

abandoned equipment, rock debris, and parked 

vehicles. To ensure a balanced class distribution, the 

dataset was divided into training and validation 

subsets using a stratified 8:2 split, resulting in 1,507 

training images and 377 validation images. The 

quantitative evaluation results are presented in Table 

1. 

This study utilizes the CUMT-Helmet 

dataset, a publicly available benchmark for 

underground safety helmet detection released by the 

Intelligent Detection and Pattern Recognition 

Research Center of China University of Mining and 

Technology. The dataset contains 6,421 images of 

workers wearing safety helmets in various 

underground and surface environments, including 

ground-level operation areas, underground weighing 

rooms, underground substations, and underground 

secondary equipment rooms. The dataset provides 

annotations for two mutually exclusive categories: 

helmet, indicating proper helmet usage, and no-

helmet, indicating the absence of a safety helmet. 

Prior to experimentation, images unrelated to safety 

helmet detection were systematically removed, 

resulting in a refined dataset consisting of 5,870 

high-quality and task-relevant images. The refined 

dataset was subsequently divided into training, 

validation, and test sets according to an 8:1:1 ratio. 

The experimental results are summarized in Table 2. 

In accordance with underground safety 

operation standards, this study defines four key 

detection categories: (1)person, representing 

underground workers; (2)helmet, representing safety 

helmets; (3)self-rescuer, representing self-rescue 

devices; and (4)indicator, representing safety signal 

lights. This categorization enables comprehensive 

detection of both personnel and critical safety 

equipment, comprising a total of 3,426 annotated 

samples. The corresponding experimental results are 

reported in Table 3. 

To ensure that the dataset accurately 

reflects real-world operating conditions of mine 

conveyor belt systems, a comprehensive analysis of 

sample distribution was conducted for the conveyor 

belt foreign object detection task. In terms of class 

distribution, the dataset contains approximately 600 

bolt-type foreign object samples and approximately 

1,500 bulk debris samples, resulting in a relatively 

balanced class composition that facilitates the 

learning of discriminative features for both 

categories. Regarding spatial and scale distribution, 

foreign objects are distributed across a wide range 

of horizontal and vertical positions within the 

images. Most targets are medium- to small-sized 

objects, closely resembling the spatial 

characteristics and scale variations commonly 

encountered in actual mine conveyor belt 

environments. This realistic and representative 

dataset composition provides a solid foundation for 

evaluating the generalization capability of the 

proposed model. The experimental results are 

presented in Table 4. 
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Table 1 Lane obstacle detection results 

Class mAP@0.5 (%) mAP@0.5:0.95 (%) 

all 0.655 0.482 

crosstie 0.921 0.709 

stone 0.560 0.397 

person 0.483 0.340 

 

Table 2 Safety Helmet Wearing Detection Results 

Model Precision (%) Recall (%) mAP@0.5 (%) mAP@0.5:0.95 (%) 

Proposed YOLO Framework 90.32 81.49 88.8 55.16 

 

Tabel 3 Miners' Safe Behavior Monitoring Results 

目标类别 Precision (%) Recall (%) mAP@0.5 (%) mAP@0.5:0.95 (%) 

Person 0.935 0.972 0.985 0.712 

Helmet 0.854 0.859 0.833 0.459 

self-rescuer 0.744 0.698 0.711 0.299 

indicator 0.951 0.954 0.968 0.588 

All 0.871 0.871 0.877 0.514 

 

Table 4 Conveyor Belt Foreign Object Detection Results 

Category Training Set (80%) Validation Set (10%) Test Set (10%) 

Bolt (Anchor Bolts) 655 82 82 

Bulk (Coal/Gangue) 1,194 150 149 

Aggregate (Total) 1,778 222 222 
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VI. CONCLUSION 
In this study, a comprehensive YOLO-

driven visual safety management framework 

(MSM-YOLO) has been proposed to address the 

critical challenges of intelligent safety supervision 

in modern smart mining environments. By moving 

away from traditional, subjective, and labor-

intensive manual inspections, the proposed 

framework establishes a closed-loop safety 

management mechanism that successfully 

integrates real-time data acquisition, deep learning-

based multi-task visual perception, and hierarchical 

risk control into a unified platform. 

The advanced YOLOv11 was employed 

as the core perception engine, strengthened by 

specialized architectural enhancements including 

the C3k2 dynamic convolution module, the C2PSA 

attention-guided feature fusion module, and an 

optimized Spatial Pyramid Pooling Fast (SPPF) 

module. 

Comprehensive evaluations were 

conducted on representative mining scenarios, 

including roadway obstacle detection and the 

public CUMT-Helmet dataset. The experimental 

results demonstrate the superior detection 

capabilities of the proposed framework, which 

achieved an outstanding peak mAP50 of 91.18% 

and a highest mAP50-95 of 58.83%. Furthermore, 

upon training completion, the framework 

demonstrated highly robust convergence and 

tracking stability, delivering a high Precision of 

86.37% and a Recall of 84.67%. These quantitative 

metrics firmly validate the framework’s high 

detection accuracy and its exceptional resilience 

under complex underground conditions such as low 

illumination, dust, and severe occlusions. 

In conclusion, the proposed framework 

delivers exceptional detection performance while 

maintaining high computational efficiency, 

successfully satisfying the stringent requirements 

for real-time edge deployment in harsh industrial 

mining sectors. This research provides a practical, 

robust, and intelligent solution for enterprise safety 

supervision, serving as a foundational milestone 

that significantly contributes to the digital 

transformation, intelligent hazard warning, and 

unmanned production trends of sustainable smart 

mines. 
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