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An open paradigm dataset 
for intelligent monitoring of 
underground drilling operations in 
coal mines
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Haiyan Wang1,2 & Guochu Chen1,2

The underground drilling environment in coal mines is critical and prone to accidents, with common 
accident types including rib spalling, roof falling, and others. High-quality datasets are essential for 
developing and validating artificial intelligence (AI) algorithms in coal mine safety monitoring and 
automation field. Currently, there is no comprehensive benchmark dataset for coal mine industrial 
scenarios, limiting the research progress of AI algorithms in this industry. For the first time, this 
study constructed a benchmark dataset (DsDPM 66) specifically for underground coal mine drilling 
operations, containing 105,096 images obtained from surveillance videos of multiple drilling operation 
scenes. The dataset has been manually annotated to support computer vision tasks such as object 
detection and pose estimation. In addition, this study conducted extensive benchmarking experiments 
on this dataset, applying various advanced AI algorithms including but not limited to YOLOv8 and 
DETR. The results indicate the proposed dataset highlights areas for improvement in algorithmic 
models and fills the data gap in the coal mining, providing valuable resources for developing coal mine 
safety monitoring.

Background & Summary
In the coming decades, coal resources will continue to be a major global energy source, and the safety and effi-
ciency of coal mining will be the core focus of mining management1,2. In recent years, with the development of 
artificial intelligence technology, the application in coal mining has shown great potential by assisting or replac-
ing humans in completing high-risk tasks, thereby enhancing safety monitoring and operational efficiency3. 
Intelligent mining systems are essential for ensuring safe and efficient underground production while address-
ing the high risks of underground operations. However, the actual application effect of artificial intelligence is 
limited by the availability and quality of data in specific scenarios and still relies on human involvement when 
handling complex tasks.

Among the various work scenarios in coal mining, the drilling operation in the heading face represents a 
high-risk environment prone to accidents such as rib spalling, roof falls, and personnel intrusion into equip-
ment4. As illustrated in the research scenario analysis in Fig. 1, rib spalling refers to the detachment of coal or 
rock from the sidewalls of mining roadways, while roof falling involves the sudden collapse of overhead strata in 
underground spaces. These incidents pose severe safety risks, including worker injuries, equipment damage, and 
operational disruptions. Traditional monitoring methods primarily rely on manual observation and rule-based 
anomaly detection. However, these approaches are prone to human error and have limited adaptability to com-
plex and dynamic underground environments. Manual monitoring requires continuous attention from profes-
sional staff, which can lead to fatigue-induced oversight and inconsistencies in anomaly detection. Additionally, 
existing video surveillance systems lack intelligent analysis capabilities and can only provide passive recordings 
without real-time intervention. Despite the urgent demand for automated safety monitoring, current AI-based 
solutions are hindered by insufficient domain-specific training data, which limits their generalization ability in 
real-world applications.
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In drilling operations at the heading face, both equipment and personnel play a critical role in ensuring safety 
and maintaining production efficiency. Among the key components, drill pipes and drill rigs constitute the core 
of underground drilling systems, directly influencing operational stability and effectiveness. Drill pipes serve as 
essential structural elements, providing the necessary depth and mechanical support during drilling. By con-
necting multiple drill pipes in series, operators can extend the drilling reach to facilitate geological exploration 
or coal seam extraction. In this system, the drill rig itself does not engage in direct rock-breaking; instead, it 
transmits rotational force to the drill pipes, enabling controlled penetration of underground rock layers. Given 
their central function, accurately identifying and tracking drill pipes and drill rigs in real time is crucial for 

Fig. 1  Workflow of accident analysis, data processing, and the construction of the DsDPM 66 dataset for 
underground drilling operations in coal mines.
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assessing their positions and operational statuses, thus preventing potential hazards. The interaction between 
miners and drill pipes primarily involves pipe dismantling and handling, tasks that require precise coordination 
to maintain operational continuity. During dismantling, miners must manually detach and maneuver individual 
drill pipes from the rig, ensuring seamless workflow while minimizing safety risks. The process carries inherent 
dangers, including the risk of falling pipes, which may cause severe injuries. Therefore, deploying AI-driven 
monitoring systems to analyze worker-pipe interactions is essential for enhancing safety management.

Miners are directly responsible for executing drilling tasks, and their movements, behaviors, and interactions 
with the surrounding environment serve as key indicators of work progress and safety compliance. To improve 
workplace safety, intelligent monitoring systems must be capable of real-time miner detection, determining 
whether workers remain within designated safe zones. Automated systems should promptly identify unauthor-
ized entries into hazardous areas, issue auditory alerts, and, when necessary, trigger emergency shutdowns of 
drilling equipment. Moreover, personal protective equipment, such as safety helmets and compressed oxygen 
self-rescuers, is fundamental to miner safety in underground environments. The mining safety helmet provides 
critical protection against head injuries from falling debris, while the compressed oxygen self-rescuer serves as a 
vital life-support device in oxygen-deficient or toxic gas conditions. Given the significance of personal protective 
equipment compliance, AI-based identification systems can play a pivotal role in monitoring the proper use of 
protective gear. By promptly detecting improper helmet usage or the absence of self-rescuers, these systems can 
generate real-time alerts, thereby significantly reducing the risk of accidents and enhancing overall miner safety.

The accurate detection and identification of key elements in the heading face—including drill pipes, drill rigs, 
miner-drill pipe interactions, miners, safety helmets, and compressed oxygen self-rescuers—are fundamental 
to anomaly detection and risk mitigation in coal mining operations. However, current monitoring methods 
face significant challenges. In traditional coal mining production, professional monitoring personnel rely on 
real-time video surveillance to oversee operations and detect anomalies5. This approach has notable limitations: 
prolonged monitoring can lead to visual fatigue, reducing the accuracy of human detection and increasing the 
likelihood of overlooked anomalies. Furthermore, manual monitoring lacks consistency and scalability, making 
it difficult to maintain high detection accuracy across multiple work shifts and complex drilling environments. 
Given these limitations, artificial intelligence (AI)-based monitoring systems offer a promising alternative by 
enabling automated, real-time anomaly detection. However, the effectiveness of AI-driven object detection 
models is highly dependent on the availability and quality of training datasets6. Existing datasets for under-
ground mining environments are either too general or lack sufficient diversity in drill pipe work scenarios, 
leading to poor generalization when applied to real-world heading face conditions. Moreover, many publicly 
available datasets fail to capture the dynamic interactions between miners and drilling equipment, which are 
critical for safety monitoring and operational efficiency.

Specific datasets have promoted the innovation and optimization of artificial intelligence algorithms in 
various research and application fields and provided strong data support for solving industry-specific prob-
lems7–9. For example, in recent years, classic datasets in the field of computer vision, such as MNIST, CIFAR-
10, and ImageNet10–12, as well as modern datasets like COCO, Open Images, Cityscapes, and KITTI13–16, have 
played a key role in advancing technologies like image classification, object detection, and semantic segmenta-
tion17,18. Additionally, datasets in remote sensing (such as DeepGlobe, SpaceNet)19,20, medical imaging (such 
as LIDC-IDRI, BraTS)21,22, human pose estimation (such as MPII, COCO Keypoints)23,24, 3D reconstruction 
(such as ShapeNet, ModelNet)25,26, autonomous driving (such as ApolloScape, Waymo Open Dataset)27,28, and 
super-resolution (such as DIV2K, Set5)29,30 have provided extensive benchmarks and resources for various com-
puter vision algorithms, promoting cross-disciplinary research and applications. Datasets in the field of natural 
language processing, such as GLUE31, SQuAD32, OpenSubtitles33, MultiNLI34, and SWAG35, have played a key 
role in advancing technologies like text classification, speech comprehension, named entity recognition, lan-
guage modeling, dialogue systems, and reasoning36–38.

In 2023, the emergence of the open dataset for intelligent identification and classification of longwall mining 
face (DsLMF+) filled the gap in underground coal mine datasets39. This dataset includes multiple categories: 
miners, large coal, towline, hydraulic support guard plate and so on. However, the heading face focuses on safety 
and efficiency issues during the drilling process, while the longwall mining face is more concerned with broader 
mining operations. Although the longwall mining face dataset provides valuable resources for coal mine safety 
research, the uniqueness and specialization of the heading face require the development of dedicated datasets. 
Developing a dataset for drilling work scenarios can not only fill the gaps in existing work and provide spe-
cialized research resources for the safety and efficiency of drilling operations but promote the development of 
solutions to specific risks and challenges in coal mine drilling operations. To address these challenges, this study 
introduces the DsDPM 66 dataset, specifically designed for intelligent monitoring and anomaly detection in 
drilling work scenarios. Figure 1 illustrates the comprehensive process of this study along with the construction 
of the dataset. This dataset comprises 105,096 meticulously labeled images, extracted from surveillance footage 
covering 66 different monitoring perspectives in underground drilling operations. The dataset’s diversity and 
precision annotations aim to bridge the gap in existing research by providing high-quality, scenario-specific 
data for training AI models. The primary detection categories include drill pipes, drill rigs, miner-drill pipe 
interactions, miners, safety helmets, and compressed oxygen self-rescuers. By leveraging DsDPM 66, AI-driven 
monitoring systems can significantly improve real-time risk detection, enhance operational safety, and optimize 
coal mining productivity.

Based on the analysis of common object detection dataset formats and production methods, this dataset 
was created by personnel familiar with coal mining operations. The dataset was annotated in YOLO format 
using Labelimg software, making it convenient for use in YOLO series object detection networks40. The dataset’s 
applicability was enhanced by utilizing a label format conversion script for converting annotations to the COCO 
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format. This modification enabled the dataset to be applied in COCO object detection methodologies. In addi-
tion to COCO and YOLO formats, other label formats can be achieved through conversion scripts.

The DsDPM 66 dataset consists of 105,096 images, meticulously captured from surveillance videos of mul-
tiple drilling operation scenes across 66 distinct sites. This dataset comprehensively documents the various 
dynamics and details of the drilling process. By providing both training and validation data for the development 
of intelligent monitoring systems, it holds substantial research value in applications related to intelligent mon-
itoring and target detection in coal mining operations. Furthermore, the dataset aids in optimizing work pro-
cesses, enhancing drilling efficiency, and improving the effectiveness of miners’ personal protective measures, 
thereby significantly contributing to personnel safety in operational environments and facilitating the intelligent 
advancement of coal mining practices.

Method
The construction process of the underground coal mining heading face image dataset DsDPM 66 is shown in 
Fig. 2. It mainly consists of the following three steps41: (1) Acquisition of raw images; (2) Image filtering; (3) 
Image data annotation.

Acquisition of raw images.  The original monitoring videos of the underground coal mining heading face 
were provided by Pingdingshan Coal Mine and Shaanxi Shenmu Coal Industry. We first screened and classified 
the monitoring videos based on different target objects, excluding those with significant obstructions from cam-
era angles or dim lighting conditions. The DsDPM 66 dataset developed in this study consists of six categories: 
drill pipe, drill rig, interaction between miner and drill pipe, coal miner, mining helmet, and compressed oxygen 
self-rescuer. Since some of the original video data did not contain the target categories to be annotated, such as 
drill pipe, drill rig, interaction between miner and drill pipe, coal miner, and compressed oxygen self-rescuer, 
these videos were also excluded. Consequently, we obtained 66 video segments from various camera angles and 
shooting times, which were subsequently sorted and numbered. A ‘video2image’ cropping script was then utilized 
to extract images from the 66 monitoring videos at a rate of two frames per second, generating the raw image 
source for the DsDPM 66 dataset.

Image data filtering.  This step involves the selection of raw images for the DsDPM 66 dataset. The DsDPM 
66 dataset compiled in this study primarily includes six categories: drill pipe, drill rig, interaction between miner 
and drill pipe, coal miner, mining helmet, and compressed oxygen self-rescuers. Some raw images in the dataset 
may lack the required target categories, contain incomplete target information, or exhibit poor image quality. 
Such deficiencies can hinder the training and inference of AI algorithms, complicating target recognition. During 
the image dataset production process, we manually and automatically eliminate these potentially anomalous 
images.

The underground coal mining heading face is generally located in coal seams several hundred to thousands 
of meters below the surface, so there is no natural light. The lighting in the drilling work environment is dim, 
and the headlamps worn by the workers move with them, causing the light source to be unstable, resulting in 
fluctuations in the brightness of the monitoring video. Especially when the headlamps on the miners’ safety 
helmets are pointed directly at the camera, it causes flare interference in the images captured by the camera. In 
contrast, usable clear images are shown in Fig. 3. Images exhibiting flare interference must be removed from the 
dataset. To address this, we developed an automatic flare interference filtering model based on PyTorch42 and 
ResNet43 to filter out low-quality images with flare interference automatically. In this project, we specifically 
chose low-quality images affected by glare and high-quality images with normal lighting from the raw image 
dataset. These images were used to create a dataset for training and validating a network model designed to elim-
inate glare interference. We provide this automatic flare interference filtering model and its dataset.

Fig. 2  General overview of the DsDPM 66 dataset construction process.
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In addition to the above situations, images containing abnormal data that still need to be removed include 
the following cases: 1) When the drilling work scene is severely affected by environmental factors such as dust 
and insufficient illumination, it is difficult to collect images of drill pipes, drill rigs, interactions between miner 
and drill pipe, coal miners, mining helmets, and compressed oxygen self rescuers. 2) Due to the limited field of 
view of the camera and obstruction by objects or personnel, the target collection in the images is incomplete, 
resulting in images that only contain partial features of the targets. 3) When the drill rig platform stops working, 
the camera still collects images, resulting in duplicate images in the collected raw dataset. 4) The target objects 
in the underground video collection are in motion. When converting these videos to images, a reasonable frame 
rate should be used according to different movement speeds. However, if the targets move too fast, the images 
obtained from the video conversion will inevitably be blurry. 5) Due to the underground environment and the 
distance between the target and the camera, it is challenging to distinguish distant target objects from other 
equipment. We manually reviewed the clear images processed by the flare interference automatic filtering model 
and removed those containing these abnormal data. The remaining images are used as the annotated images for 
the DsDPM 66 dataset.

Image data annotation.  The filtered raw image dataset was annotated and labeled using LabelImg software. 
We provide an official open-source download link for the LabelImg software here (http://github.com/heartexlabs/
labelImg). The LabelImg tool was used to annotate the training and validation sets in YOLO format. Additionally, 
we converted the YOLO dataset to COCO format using a script file, which we have retained. Figure 4 shows 
the label annotations for drill pipes, drill rigs, interactions between miner and drill pipe, coal miners, mining 
helmets, and compressed oxygen self rescuers. The labeled dataset can be used to develop or optimize image 
recognition systems that can automatically detect and identify critical equipment and personal protective equip-
ment in real-time monitoring. For example, every miner entering a hazardous area should wear a safety helmet 
and self-rescuer. This automated detection helps promptly correct any lapses in safety equipment, significantly 
enhancing workplace safety. In the event of an accident, accurate image analysis can help quickly understand the 
context and specifics of the incident. For example, analyzing images of the accident scene to determine whether 
all safety equipment was correctly used and if any equipment abnormalities existed. This aids in post-incident 
analysis and the formulation of more effective countermeasures.

In addition to the single-labeled dataset, interactions between miners and drill pipes are categorized into 
two distinct actions: dismantling drill pipes and handling drill pipes. These action categories facilitate a detailed 
understanding of miners’ specific skills and action sequences during operations. They are essential for develop-
ing more efficient training programs, assessing operational risks, and designing more user-friendly workflows. 
From a data science perspective, clearly distinguishing these behaviors into two separate categories allows for 
more accurate training and validation of deep learning models, thereby improving the accuracy and reliability 
of models in practical applications. This distinction is crucial for developing automated monitoring systems 
and decision-support tools aimed at improving mine safety management and operational efficiency. A more 
profound understanding of operations can be achieved by classifying the interactions between miners and drill 
pipes, which promotes advancements in technology and safety practices.

To ensure the generality and compatibility of this dataset, we collected images of drill pipes, drill rigs, inter-
action between miner and drill pipe, coal miners, mining helmets, and compressed oxygen self rescuers from 

Fig. 3  Images with flare interference to be filtered out: (a) images with flare interference; (b) images without 
flare interference.
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video clips obtained from 66 monitoring perspectives. Tables 1, 2, 3, 4, 5, 6 provide an overview of the validation 
and training sets for coal miners, compressed oxygen self rescuers, drill pipes, drill rigs, interactions between 
miner with drill pipe, and mining helmets, respectively. In the DsDPM 66 dataset constructed in this work, 
there are 15,606 images of miners, with 12,461 images in the training set and 3,145 images in the validation 
set; 19,786 images of self-rescuers, with 15,809 images in the training set and 3,977 images in the validation set; 
26,842 images of drill pipes, with 21,448 images in the training set and 5,394 images in the validation set; 14,119 
images of interactions with drill pipes, with 11,272 images in the training set and 2,847 images in the validation 
set; 15,311 images of drill rigs, with 12,224 images in the training set and 3,087 images in the validation set; and 
13,432 images of mining safety helmets, with 10,719 images in the training set and 2,713 images in the valida-
tion set. The training and validation sets for each category in the DsDPM 66 dataset are divided in a 4:1 ratio. 
Choosing a 4:1 ratio44 for the training and validation sets helps ensure the model learns sufficient data while 
allowing for effective performance validation through an independent dataset.

Data Records
The DsDPM 66 dataset is publicly available and published on the Figshare data repository45. Figure 5 shows the 
structure of the dataset. It comprises six folders, each named after a category in the DsDPM 66 dataset. These 
folders are named ‘coal_miner’, ‘compressed_oxygen_self_rescuer’, ‘mining_helmet’, ‘drill_pipe’, ‘drill_rig’ and 
‘interaction_between_miner_and_drill_pipe’. Each folder contains the original images, YOLO format label files, 

Fig. 4  Annotated labels for the DsDPM 66 dataset: (a) Coal miner; (b) Compressed oxygen self rescuer; 
(c) Drill pipe; (d) Drill rig; (e) Interaction between miner and drill pipe; (f) Mining helmet.
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Collection 
statistics

Characteristics Training set Validation set

Data size(MB) 5212.16 1310.72

Data distribution
Monitor 
view Count

Monitor 
view Count

Monitor 
view Count

Monitor 
view Count

Monitor 
view Count

Monitor 
view Count

Category Compressed 
oxygen self rescuer

001 60 023 304 045 195 001 16 023 76 045 49

002 3 024 184 046 274 002 1 024 46 046 69

003 0 025 1668 047 100 003 0 025 418 047 25

004 17 026 271 048 240 004 5 026 68 048 60

005 0 027 228 049 444 005 0 027 58 049 112

006 4 028 329 050 338 006 1 028 83 050 85

007 9 029 145 051 0 007 3 029 37 051 0

008 445 030 387 052 0 008 112 030 97 052 0

009 252 031 320 053 240 009 63 031 80 053 60

010 96 032 248 054 544 010 25 032 62 054 137

011 168 033 256 055 1379 011 43 033 65 055 345

012 275 034 0 056 160 012 69 034 0 056 40

013 10 035 264 057 242 013 3 035 67 057 61

014 16 036 325 058 80 014 42 036 82 058 21

015 170 037 657 059 0 015 43 037 165 059 0

016 0 038 267 060 35 016 0 038 67 060 9

017 14 039 315 061 240 017 36 039 79 061 60

018 184 040 171 062 0 018 46 040 43 062 0

019 101 041 18 063 639 019 26 041 5 063 160

020 264 042 260 064 149 020 67 042 65 064 38

021 0 043 175 065 244 021 0 043 44 065 61

022 728 044 282 066 96 022 182 044 71 066 24

Total 15809 Total 3977

Table 2.  The summary of the training set and validation set for compressed oxygen self rescuer.

Collection 
statistics

Characteristics Training set Validation set

Data size(MB) 4136.96 1044.48

Data distribution
Monitor 
view Count

Monitor 
view Count

Monitor 
view Count

Monitor 
view Count

Monitor 
view Count

Monitor 
view Count

Category Coal miner

001 109 023 239 045 150 001 28 023 60 045 38

002 194 024 124 046 169 002 49 024 32 046 43

003 125 025 969 047 192 003 32 025 243 047 48

004 180 026 194 048 249 004 45 026 49 048 63

005 228 027 224 049 316 005 58 027 57 049 79

006 4 028 182 050 253 006 1 028 46 050 64

007 323 029 168 051 86 007 81 029 43 051 22

008 579 030 299 052 164 008 145 030 75 052 41

009 148 031 233 053 107 009 38 031 59 053 27

010 37 032 158 054 499 010 10 032 40 054 125

011 148 033 112 055 200 011 37 033 29 055 51

012 242 034 135 056 57 012 61 034 34 056 15

013 26 035 156 057 40 013 7 035 39 057 10

014 162 036 236 058 27 014 41 036 59 058 7

015 127 037 343 059 35 015 32 037 86 059 9

016 28 038 210 060 138 016 7 038 53 060 35

017 131 039 242 061 192 017 33 039 61 061 48

018 131 040 116 062 24 018 33 040 29 062 7

019 58 041 60 063 460 019 15 041 16 063 115

020 154 042 172 064 159 020 39 042 44 064 40

021 88 043 109 065 205 021 22 043 28 065 52

022 467 044 201 066 168 022 117 044 51 066 42

Total 12461 Total 3145

Table 1.  The summary of the training set and validation set for coal miner.
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and COCO format annotation files for that category. These are named images, ‘YOLO_labels’, and ‘COCO_
annotations’, respectively.

The images folder contains two subfolders named ‘train’ and ‘val’. The ‘train’ and ‘val’ folders include all orig-
inal image files for their respective categories, representing the training and validation sets, respectively, with 
a ratio of 4:1 in the number of image files. Each image file is named with an underscore, where the first three 
digits represent the corresponding scene index, and the last five digits represent the sequence number within 
that scene. The ‘YOLO_labels’ folder contains two subfolders named ‘train’ and ‘val’. These folders house the 
YOLO format label files corresponding to the training and validation sets of images for each category. The label 
files contain information such as category ID, bounding box coordinates, and bounding box dimensions. YOLO 
format label files are in txt format, and the file names are the same as the corresponding image file names. The 
‘COCO_annotations’ folder contains two JSON format files named after the corresponding category. One file is 
the COCO format annotation file for the training set, and the other is for the validation set. These COCO format 
annotation files are converted from YOLO format label files using the ‘txt2coco’ script.

Technical Validation
The DsDPM 66 dataset consists of multiple label categories, including coal miner, mining helmet, compressed 
oxygen self rescuer, drill pipe, drill rig, and interaction between miner and drill pipe. Each category’s image 
data has been meticulously selected and annotated to ensure the labels accurately reflect the mining operations. 
We organized a review team of three professionals with extensive coal mine fieldwork experience who were 
responsible for checking each image and its corresponding label in the dataset. Their main tasks are to identify 
and correct any possible labeling errors or omissions, including but not limited to the accuracy of the labels, 
the clarity of the images, and the consistency of the data. The review team conducted detailed discussions for 
disputed labels, such as specific categories of interaction between the miner and drill pipe and the operational 
status of drill rigs. When necessary, final labels were determined through collective voting, ensuring that each 
decision was based on the collective expertise and experience of the team. To further ensure the dataset’s applica-
bility and the rigor of scientific research, we conduct regular data quality assessments. This includes rechecking 
label consistency and updating and improving the annotation guidelines. We will provide a complete dataset 
description document, including the technical parameters of image acquisition, the detailed annotation pro-
cess, explanations of the team decision mechanisms, and any possible dataset limitations. This ensures research 
transparency and allows other researchers to replicate or extend our work. Through these measures, the DsDPM 
66 dataset aims to provide a highly reliable and scientifically effective data resource for studying miner behavior 
and safety technologies.

Collection 
statistics

Characteristics Training set Validation set

Data size(MB) 7311.36 1832.96

Data 
distribution

Monitor 
view Count

Monitor 
view Count

Monitor 
view Count

Monitor 
view Count

Monitor 
view Count

Monitor 
view Count

Category Dril pipe

001 22 023 747 045 288 001 6 023 187 045 73

002 265 024 540 046 252 002 67 024 136 046 64

003 263 025 924 047 312 003 66 025 232 047 79

004 228 026 468 048 104 004 57 026 118 048 26

005 129 027 632 049 386 005 33 027 159 049 97

006 19 028 400 050 183 006 5 028 100 050 46

007 1259 029 437 051 399 007 315 029 110 051 100

008 453 030 367 052 247 008 114 030 92 052 62

009 139 031 204 053 144 009 35 031 51 053 36

010 120 032 323 054 300 010 31 032 81 054 75

011 840 033 275 055 288 011 210 033 69 055 72

012 642 034 147 056 421 012 161 034 37 056 106

013 32 035 384 057 487 013 8 035 96 057 122

014 439 036 412 058 147 014 110 036 104 058 37

015 318 037 588 059 47 015 80 037 147 059 12

016 29 038 209 060 483 016 8 038 53 060 121

017 246 039 235 061 304 017 62 039 59 061 77

018 534 040 392 062 153 018 134 040 98 062 39

019 182 041 30 063 1 019 46 041 8 063 1

020 84 042 316 064 268 020 22 042 80 064 68

021 12 043 348 065 222 021 4 043 87 065 56

022 810 044 196 066 373 022 203 044 50 066 94

Total 21448 Total 5394

Table 3.  The summary of the training set and validation set for drill pipe.
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The DsDPM 66 dataset offers YOLO and COCO dataset formats, facilitating its application in top-ranked 
object detection neural networks currently in use. In order to assess the feasibility of the curated dataset, 
this study selected three top deep learning networks from the COCO object detection ranking list, namely 
YOLOv846, Swin-Transformer47 and DETR48, to conduct model training and validation. The access links for 
validating the dataset with YOLOv8, Swin-Transformer, and DETR are https://github.com/ultralytics/ultralytics, 
https://github.com/microsoft/Swin-Transformer, and https://github.com/facebookresearch/detr, respectively. 
The DsDPM 66 dataset was trained on a machine with Intel(R) Core(TM) i7-13700KF CPU, RTX 3090 GPU, 
and Windows 10 operating system. The three object detection algorithms’ hyperparameters were based on the 
recommended default values. Some hyperparameters were modified to adapt to the dataset, including width, 
height, batch size, initial learning rate, and epoch. These changes were implemented based on the recommenda-
tions from the initial studies of YOLOv8, Swin-Transformer, and DETR.

For dataset validation, training, and evaluation, the categories include coal miner, compressed oxygen self 
escuer, drill pipe, drill rig, interaction between miner and drill pipe, and mining helmet. Table 7 shows the 
benchmark results of YOLOv8, Swin-Transformer, and DETR on the DsDPM 66 dataset. Figure 6 shows the 
performance graphs of the three models during the validation process, with mAP value curves for each object 
detection network model. The mAP values of the YOLOv8 detection model reached 0.943, 0.874, 0.788, 0.827, 
0.971, and 0.919, respectively. The mAP values of the Swin-Transformer detection model reached 0.903, 0.799, 
0.711, 0.95, 0.746, and 0.876, respectively. The mAP values of the DETR detection model reached 0.928, 0.858, 
0.795, 0.964, 0.859, and 0.907, respectively. Although some of the above mAP values indicate good model 
performance, there is still much room for improvement in the mAP values for the categories of drill pipes, 

Collection 
statistics

Characteristics Training set Validation set

Data size(MB) 3645.44 920.00

Data distribution
Monitor 
view

Labe0 
Count

Labe1 
Count

Monitor 
view

Labe0 
Count

Labe1 
Count

Monitor 
view

Labe0 
Count

Labe1 
Count

Monitor 
view

Labe0 
Count

Labe1 
Count

Category
Interaction 
between miner 
and drill pipe

001 0 0 034 68 63 001 0 0 034 11 22

002 8 124 035 71 50 002 2 31 035 19 12

003 0 0 036 221 189 003 0 1 036 47 56

004 6 102 037 70 273 004 0 27 037 26 60

005 21 129 038 69 93 005 4 34 038 18 23

006 0 0 039 172 115 006 0 0 039 42 30

007 31 153 040 93 84 007 16 31 040 24 21

008 0 0 041 6 0 008 0 0 041 2 0

009 0 0 042 94 71 009 0 0 042 26 16

010 0 0 043 44 81 010 1 0 043 12 20

011 0 2 044 65 133 011 0 1 044 21 29

012 0 3 045 87 112 012 0 1 045 18 32

013 0 0 046 90 98 013 0 0 046 24 24

014 0 0 047 81 146 014 0 1 047 18 39

015 78 33 048 109 123 015 17 11 048 27 32

016 37 11 049 130 126 016 10 2 049 34 31

017 95 45 050 143 163 017 28 7 050 38 39

018 91 58 051 6 219 018 23 15 051 0 57

019 35 29 052 106 158 019 8 9 052 32 34

020 209 48 053 107 69 020 53 12 053 23 21

021 73 11 054 188 167 021 16 5 054 44 45

022 318 142 055 155 173 022 81 35 055 44 38

023 174 122 056 151 108 023 45 29 056 40 25

024 199 141 057 72 161 024 51 35 057 15 44

025 146 86 058 109 19 025 32 26 058 24 8

026 169 77 059 35 13 026 42 20 059 7 5

027 137 57 060 129 77 027 32 17 060 38 14

028 41 143 061 89 59 028 15 31 061 17 20

029 93 92 062 0 0 029 19 28 062 0 0

030 20 156 063 97 101 030 9 35 063 30 20

031 109 81 064 124 105 031 25 23 064 32 26

032 96 142 065 247 185 032 26 34 065 57 52

033 51 97 066 42 147 033 17 21 066 11 37

Total 11272 Total 2847

Table 4.  The summary of the training set and validation set for interaction between miner and drill pipe. 
Among which, Label0 represents handling drill pipe, Label1 represents dismantling drill pipe.
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Collection 
statistics

Characteristics Training set Validation set

Data size(MB) 3491.84 883.00

Data 
distribution

Monitor 
view Count

Monitor 
view Count

Monitor 
view Count

Monitor 
view Count

Monitor 
view Count

Monitor 
view Count

Category Ming helmet

001 84 023 182 045 149 001 21 023 46 045 38

002 297 024 131 046 194 002 75 024 33 046 49

003 201 025 916 047 125 003 51 025 229 047 32

004 162 026 160 048 139 004 41 026 40 048 35

005 266 027 118 049 226 005 67 027 30 049 57

006 2 028 153 050 191 006 1 028 39 050 48

007 215 029 55 051 104 007 54 029 14 051 27

008 624 030 491 052 180 008 157 030 123 052 45

009 87 031 161 053 92 009 22 031 41 053 24

010 8 032 128 054 388 010 3 032 33 054 98

011 81 033 144 055 510 011 21 033 36 055 128

012 124 034 222 056 72 012 32 034 56 056 18

013 57 035 104 057 107 013 15 035 26 057 27

014 92 036 127 058 44 014 23 036 32 058 11

015 120 037 325 059 30 015 31 037 82 059 8

016 34 038 152 060 17 016 9 038 38 060 5

017 86 039 173 061 119 017 22 039 44 061 30

018 129 040 83 062 120 018 33 040 21 062 30

019 27 041 12 063 206 019 7 041 4 063 52

020 122 042 64 064 56 020 31 042 17 064 15

021 68 043 111 065 173 021 17 043 28 065 44

022 308 044 182 066 89 022 78 044 46 066 23

Total 10719 Total 2713

Table 6.  The summary of the training set and validation set for mining helmet.

Collection 
statistics

Characteristics Training set Validation set

Data size(MB) 4075.52 1034.24

Data 
distribution

Monitor 
view Count

Monitor 
view Count

Monitor 
view Count

Monitor 
view Count

Monitor 
view Count

Monitor 
view Count

Category Drill rig

001 92 023 191 045 166 001 23 023 48 045 42

002 308 024 129 046 196 002 78 024 33 046 49

003 231 025 923 047 126 003 58 025 231 047 32

004 275 026 162 048 149 004 69 026 41 048 38

005 261 027 145 049 268 005 66 027 37 049 68

006 2 028 157 050 104 006 1 028 40 050 27

007 547 029 86 051 125 007 137 029 22 051 32

008 807 030 502 052 208 008 202 030 126 052 52

009 140 031 153 053 63 009 35 031 39 053 16

010 31 032 163 054 476 010 8 032 41 054 119

011 81 033 152 055 252 011 21 033 38 055 64

012 136 034 238 056 70 012 35 034 60 056 18

013 62 035 129 057 105 013 16 035 33 057 27

014 92 036 152 058 44 014 24 036 38 058 11

015 164 037 359 059 36 015 42 037 90 059 10

016 54 038 164 060 18 016 14 038 42 060 5

017 143 039 177 061 124 017 36 039 45 061 31

018 132 040 84 062 170 018 33 040 21 062 42

019 50 041 48 063 421 019 13 041 13 063 106

020 140 042 160 064 25 020 36 042 40 064 7

021 140 043 100 065 169 021 35 043 25 065 43

022 343 044 212 066 92 022 86 044 53 066 24

Total 12224 Total 3087

Table 5.  The summary of the training set and validation set for drill rig.
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Fig. 5  DsDPM 66 dataset file folder structure, files and naming.

Category of DsDPM

YOLOv8 Swin-Transformer DETR

P R AP0.5 AP0.5:0.95 AP0.5 AP0.75 AP0.5:0.95 AP0.5 AP0.75 AP0.5:0.95 AR0.5:0.95

Coal miner 0.984 0.992 0.993 0.943 0.989 0.967 0.903 0.988 0.964 0.901 0.928

Compressed oxygen self rescuer 0.984 0.989 0.994 0.874 0.959 0.924 0.799 0.987 0.939 0.812 0.858

Drill pipe 0.983 0.982 0.991 0.788 0.977 0.823 0.711 0.983 0.807 0.711 0.795

Drill rig 0.999 0.999 0.995 0.971 0.990 0.990 0.95 0.990 0.987 0.938 0.964

Interaction between miner and drill pipe 0.947 0.949 0.973 0.827 0.945 0.861 0.746 0.922 0.816 0.719 0.859

Mining helmet 0.997 0.989 0.994 0.919 0.989 0.968 0.876 0.988 0.977 0.881 0.907

Table 7.  Benchmark of YOLOv8, Swin-Transformer and DETR performed on coal miner, compressed oxygen self 
rescuer, drill pipe, drill rig, interaction between miner and drill pipe and mining helmet in the DsDPM 66 dataset.
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compressed oxygen self-rescuers, and interaction between miner and drill pipe. This is due to the complex, 
low-light environment of the underground drill pipes and the inherent difficulty in recognizing these objects. 
Therefore, the DsDPM 66 dataset helps more researchers overcome these problems using this dataset. Figure 7 
shows the results of object detection and pose estimation tasks on the models for randomly selected images from 
six target categories in the DsDPM 66 dataset: coal miners, compressed oxygen self rescuers, drill pipes, drill 
rigs, interaction between miner and drill pipe, and mining helmets. The detection effectiveness and accuracy 
demonstrate the reliability and practicality of the DsDPM 66 dataset.

Fig. 6  Validation curves of mAP0.5 for the DsDPM 66 dataset for each category on models YOLOv8, Swin-
Transformer and DETR.
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One of the primary challenges in underground drilling environments is the prevalence of poor lighting con-
ditions, which significantly impacts the accuracy of object detection models. To enhance algorithm performance 
in low-light conditions, several strategies can be employed, including image preprocessing methodologies such 
as histogram equalization and Retinex-based methods, as well as the integration of infrared and thermal imag-
ing to improve object detection under extreme conditions. Additionally, training deep learning models with 
augmented low-light data can increase their robustness to varying illumination levels. Beyond coal drilling, 
similar challenges, including low visibility, airborne dust, and occlusions, are prevalent in various underground 
mining operations, such as metal ore extraction and tunneling. By incorporating diverse monitoring perspec-
tives and ensuring comprehensive annotations, our dataset provides a robust foundation for AI models that can 

Fig. 7  The validation of the DsDPM 66 datasets by using of the models YOLOv8, Swin-Transformer and DETR. 
(a) Coal miner; (b) Compressed oxygen self rescuer (COSR); (c) Drill pipe; (d) Drill rig; (e) Interaction between 
miner and drill pipe and human pose estimation map; (f) Mining helmet.
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be adapted to different underground scenarios, thereby enhancing safety and operational efficiency across the 
mining industry.

While the DsDPM 66 dataset serves as a valuable resource for underground coal mine safety monitoring, it 
is important to acknowledge its limitations, including restricted environmental diversity, category imbalance, 
and challenges associated with extreme visibility conditions. To address these issues, future work will focus on 
expanding the dataset to include a broader range of mining environments and activities, ensuring a more bal-
anced representation of object categories, and further refining preprocessing techniques. These enhancements 
will improve the dataset’s applicability and robustness, thereby facilitating its broader adoption in mining safety 
and AI-driven monitoring systems.

Code availability
The DsDPM 66 dataset is publicly available on the Figshare data repository. Researchers can obtain the download 
link of the DsDPM 66 dataset by visiting the link (https://github.com/znrry/DsDPM-66). The image filtering 
network for filtering images with flare interference in underground drilling work scenes is available on the GitHub 
repository above. The annotation tool LabelImg can be accessed and downloaded from the official website link 
https://github.com/heartexlabs/labelImg. Specific usage can be referenced in the corresponding README file. 
In this work, the code used for training and validating the DsDPM 66 dataset employs the official open-source 
files released for YOLOv8, Swin-Transformer, and DETR. The codes of these three deep learning networks can 
be accessed via the following links https://github.com/ultralytics/ultralytics, https://github.com/microsoft/Swin-
Transformer, and https://github.com/facebookresearch/detr. The required packages and their corresponding 
versions to run the three network models can be obtained from the ‘requirements.txt’ file in the link. Table 8 lists 
the dependency packages and versions required for training the deep learning network models YOLOv8, Swin-
Transformer, and DETR on the DsDPM 66 dataset. The ‘txt2coco’ python file in the scripts folder of the image 
filtering network can be used to convert labels from YOLO format to COCO format, by visiting this link (https://
github.com/znrry/DsDPM-66/blob/main/txt2coco.py). The ‘video2image’ python file in the scripts folder can be 
used to extract images from the original video data, by visiting this link (https://github.com/znrry/DsDPM-66/
blob/main/video2image.py).
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