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Abstract: In order to improve the safety needs of personnel in the dark environment under the well,
this article adopts the improved YOLOV8 algorithm combined with the ray method to determine
whether underground personnel are entering dangerous areas and to provide early warning. First
of all, this article introduces the coordinate attention mechanism on the basis of YOLOV8 target
detection so that the model pays attention to the location information of the target area so as to
improve the detection accuracy of obstruction and small target areas. In addition, the Soft-Non-
Maximum Suppression (SNMS) module is introduced to further improve accuracy. The improved
model is then combined with the ray method to be deployed and applied under a variety of angles
and different scenic information cameras. The experimental results show that the proposed method
obtains 99.5% of the identification accuracy and a frame speed of 45 Frames Per Second (FPS) on the
self-built dataset. Compared with the YOLOV8 model, it has a higher accuracy and can effectively
cope with the changes and interference factors in the underground environment. Further, it meets the
requirements for real-time testing in dangerous underground areas.
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1. Introduction

The coal industry plays a foundational role in the rapid development of China’s
national economy. In 2022, China possessed approximately 15.1% of the world’s coal
reserves, ranking third globally, only behind the United States and Russia. Coal production
increased by 7.9% compared to the previous year, exceeding 50.8% of global coal production.
Coal consumption also saw a 0.6% increase, reaching 161.10 EJ, accounting for 27% of
the world’s total and making China the leading consumer in the world [1]. In China,
coal mining environments are complex, and accidents can result in significant economic
losses and casualties. Therefore, personnel detection in hazardous underground areas is a
necessary safety measure [2].

Typically, many key safety areas underground are primarily managed through per-
sonnel monitoring. Currently, video surveillance systems are widely used in coal mining
production management. The underground environment is dimly lit, the mine tunnels
are intricate, and workers are susceptible to entering dangerous zones. Blind spots in the
line of sight exist for coal mining underground excavation and transportation equipment.
Presently, manual shift monitoring is employed at various workstations to determine
whether individuals have entered hazardous areas. However, the multiple monitoring
points and small monitor screens impose high demands on the workers, leading to fatigue
and reduced concentration over time. This may result in a delayed response to the occur-
rence of danger or erroneous judgments of certain behaviors. Therefore, the automated
detection of underground personnel in coal mines is essential [3].

In recent years, with the improvement of hardware equipment, deep learning tech-
nology has developed rapidly. Convolutional neural networks can replace traditional
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hand-designed features [4], and the extracted features have advanced semantic expression
capabilities, strong feature expression capabilities, and better robustness [5–8]. They are
used in image classification and great achievements have been made in computer vision
fields such as detection [9,10]. Currently, underground personnel detection methods in
coal mines primarily utilize deep-learning-based object-detection frameworks. The first
category involves regression-based deep convolutional object detection algorithms, with
notable examples being the YOLO (you only look once) series, particularly YOLOv5 [11].
YOLOv5 has designed two CSP structures to adapt to different tasks and incorporated
the Focus operation for slicing to enhance speed. YOLOv8 shares a similar backbone with
YOLOv5, but the C3 module is replaced by the C2f module based on the CSP concept [12].
This substitution in YOLOv8 ensures lightweight processing while obtaining richer gra-
dient flow information, achieving the highest accuracy to date. Zhuo et al. [13] proposed
a lightweight network called DAMP-YOLO. It combines the deformable CSP bottleneck
(DCB) module, aggregated triple attention (ATA) mechanism, instrumented data augmenta-
tion (MDA), and network pruning (NP) with the YOLOv8 model to overcome the problem
of missed detection or incorrect identification, thereby confirming the feasibility of its
practical application. Wang et al. [14] proposed a road defect detection model YOLOv8s
based on the enhanced version. This method uses the BiFPN method to reconstruct the
neck structure of the original model, reduces the model size, and enhances feature fusion
capabilities. It then uses the SimSPPF module to optimize the spatial pyramid pooling
layer to improve the detection speed of the model. Finally, the LSK attention mechanism
of the dynamic large convolution kernel is introduced to improve the detection accuracy
of the model. Experimental results show that the model is effective in detecting road
defects from images captured by drones and on-board cameras. Kumar et al. [15] pro-
posed using combined data from multiple severe weather datasets for transfer learning
training to enhance yolov8-based severe weather target detection. Szrek et al. [16] pro-
posed many scenarios involving underground mine rescue and introduced the test results
of a UGV robot system equipped with a sensing system and image processing module.
This module is based on an adaptation of the YOLO and histogram of oriented gradients
(HOG) algorithms. Li and Wang et al. [17] proposed an enhanced YOLOv4 model for
safety monitoring and real-time positioning of underground miners, achieving 96.25% and
48.2 fps in global AP (average accuracy) and detection speed, respectively. The enhanced
YOLOv4 model also has excellent robustness and generalization capabilities and is very
suitable for the detection of underground individuals, providing a solid guarantee for the
safety management and monitoring of underground workers. Wang and Guo et al. [18]
proposed an improved YOLOv3 (YOLOv3-4l) algorithm for intelligent obstacle detection.
By locating the track and extending it a certain distance outside the track, unsafe areas
for electric locomotives to travel can be found. In response to the need for the real-time
detection of obstacles in front of underground rail mine cars, Biao et al. [19] proposed a
new system that simultaneously utilizes camera and lidar information. The system uses
a custom point cloud clustering algorithm designed for challenging mine environments
to extract obstacle information and then uses the YOLOv5 algorithm to identify obsta-
cles in the generated images. Imam et al. [20] proposed a new underground pedestrian
detection and anti-collision system based on RGB images collected from five different
mines. The accuracy of the yolov5 they used reached 75%, and the MAP reached 71%.
Li and Zhang et al. [21] combined YOLOv2 with the FCN skip structure to improve the
accuracy of pedestrian recognition in coal mines. Fengbo et al. [22] proposed an improved
algorithm for pedestrian detection in mines, yolov4-tinySPP, based on yolov4-tiny. This
algorithm solves the problem of pedestrian occlusion in mines. Tumas et al. [23] proposed
a deep-learning-based data augmentation technology that uses six of the most accurate
and fastest detectors (TinyV3, TinyL3, YOLOv3, YOLOv4, ResNet50, and ResNext50) to
enrich the data under good weather conditions. The far-infrared images are collected
with distortions similar to those caused by severe weather. Based on the YOLOv5 target
detection algorithm and OpenPose human posture estimation algorithm to analyze the
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status of objects and human behavior in video data, Hou et al. [24] proposed a behavior
determination method to identify the unsafe behaviors of miners. In order to solve the
problem of the low obstacle recognition accuracy of the existing underground unmanned
electric locomotives in coal mines due to the harsh tunnel environment, Yang et al. [25]
proposed a PDM-YOLO model for the accurate and real-time detection of obstacles on
unmanned electric locomotives. The SSD (single-shot multi-box detector) object detection
algorithm is based on a feedforward convolutional network. Different convolutional kernel
sizes are used in each feature layer of the base network for detection. This allows the algo-
rithm to obtain predictions at multiple scales, enabling the multi-scale detection of images.
After processing the predictions with a non-maximal suppression (NMS) algorithm, the
final detection results are obtained. Fu et al. [26] proposed the DSSD algorithm based on
the SSD, introducing a residual module before classification and regression. This deepens
the network, fusing various semantic pieces of information and improving detection ac-
curacy. Jeong et al. [27] introduced an RSSD fusion algorithm, which further integrates
network features from different layers through a combination of feature map pooling and
deconvolution [28]. This synchronous process effectively addresses the issue of duplicate
boxes in the original SSD feature maps, enhancing the success rate of detecting small target
objects. Li et al. [29] presented FSSD, which adjusts some features in the network to the
same size before connecting, creating a pixel layer as the foundation for generating a feature
pyramid. The second category involves deep convolutional neural network object detection
algorithms based on candidate regions. Representative algorithms include R-CNN [30],
Fast R-CNN [31], and Faster R-CNN [32]. These algorithms divide object detection into two
steps: first, a region proposal algorithm generates candidate regions possibly containing tar-
gets; then, CNN is used to classify and position these candidate regions. Mansouri et al. [33]
proposed a convolutional neural network (CNN) method for autonomous navigation of
a low-cost micro air vehicle (MAV) platform in dark underground mines. Song et al. [34]
proposed an illumination-aware faster R-CNN (IAF R-CNN). To provide an illumination
measure of the input image, an illumination-aware network is introduced. And it was
found that the confidence in detecting pedestrians in color or thermal images is directly
proportional to the lighting conditions. Cui et al. [35] proposed a CNN-LSTM underground
personnel-behavior-pattern-recognition model based on the convolutional neural network
CNN and LSTM network to assist the underground smartphone personnel positioning
algorithm to update the miner’s location, thereby improving the anti-interference of the
underground personnel positioning algorithm. In order to realize the recognition of ab-
normal gestures of water exploration and discharge in coal mines, Ren et al. [36] studied
the long-short-term-memory CNN network model that integrates the attention mechanism
and verified the feasibility of abnormal behavior recognition. This process is repeated for
each candidate region, limiting detection speed [37].

After careful evaluation, YOLOv8 stands out as the most optimal algorithm in current
object detection, striking a balance between speed and accuracy. Therefore, to meet the
safety requirements of personnel in the dim underground environment, this paper employs
an improved YOLOv8 algorithm combined with a ray method [38] to determine whether
personnel have entered hazardous areas and issue warnings. First, this paper introduces a
coordinate attention mechanism based on the YOLOv8 object detection to make the model
focus on the location information of target regions, thereby improving the accuracy of
detection for obscured and small target areas. Additionally, the SNMS module is introduced
to further enhance accuracy. Then, the improved model is combined with the ray method
and deployed using cameras with various angles and different depths of field information.
Based on the division of training and validation datasets, the detection performance of
different algorithms is evaluated. Compared to the traditional YOLOv8 algorithm, this
approach enhances model accuracy, robustness, and application performance.
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2. YOLOV8 Algorithm Principle

The YOLOv8 algorithm, the latest addition to the YOLO series, was introduced by
Ultralytics in 2023. One of its key features is its scalability. YOLOv8 is designed as a
framework that supports all the previous versions of YOLO. This allows for easy switching
between different versions and performance comparisons [12]. In addition to its scalability,
YOLOv8 introduces numerous innovations that make it applicable to a wide range of
object detection and image segmentation tasks. These innovations include a new backbone
network, a novel anchor-free network detection head, and a new loss function. YOLOv8 is
also highly efficient, capable of running on a range of hardware platforms from CPUs to
GPUs. The backbone architecture of YOLOv8 is similar to YOLOv5, based on the concept
of CSP. It replaces the C3 module with the C2f module, drawing inspiration from the
ELAN concept introduced in YOLOv7, resulting in the C2f module. This design not only
keeps YOLOv8 lightweight but also enhances gradient flow information. At the end of the
backbone, the popular SPPF module is still used. It passes through three Maxpools, each of
size 5 × 5, and concatenates the layers to ensure accuracy across different object scales while
maintaining efficiency. In the neck section, YOLOv8 continues to use the PAN-FPN feature
fusion method. This strengthens the fusion and utilization of feature layers across different
scales. YOLOv8’s authors incorporate two up-sampling layers, multiple C2f modules, and
a final decoupled head structure to create the neck module. The idea of head decoupling
from YOLOx is employed in the final part of the neck. It combines confidence scores with
regression boxes, achieving a new level of precision. For positive and negative sample
allocation, the YOLOv8 algorithm employs the TOOD task-aligned allocator, which selects
positive samples based on weighted scores from classification and regression.

YOLOv8 supports all versions of YOLO and offers the flexibility to switch between
them seamlessly. It can run on various hardware platforms, including CPUs and GPUs,
making it highly adaptable. The network architecture of YOLOv8 is depicted in Figure 1.
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3. Improvement Model
3.1. Introduce CA Attention Mechanism

The attention mechanism originates from the human visual attention system, which
involves extracting relevant target information from a vast amount of data. By highlight-
ing valuable information and suppressing low-value data, effective feature extraction is
achieved. Therefore, integrating attention at appropriate locations in the network can
effectively reduce interference from complex background information, obtain more ac-
curate target feature information, and consequently improve the algorithm’s detection
precision. Currently, various attention mechanisms exist. For instance, squeeze and excita-
tion (SE) attention significantly enhances the model’s detection performance by allocating
computational resources reasonably across different channels. However, due to channel
compression, it also affects the dependency relationships between learned channels. Ef-
ficient channel attention (ECA) improves upon SE attention by using one-dimensional
convolutional layers to aggregate cross-channel information, yielding more accurate atten-
tion information. Nevertheless, ECA overlooks the positional information of image features,
limiting its effectiveness. The convolutional block attention module (CBAM), based on a
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convolutional block attention mechanism, combines both channel and spatial domains,
reinforcing the relationship between channel features and spatial dimensions. However,
it falls short in capturing dependency information around the target. The lightweight
attention models in the channel domain mentioned above only consider singular channel
information, neglecting position information in the image. While CBAM considers both
channel and position information, it lacks the ability to extract long-range relationships.
Coordinate attention (CA), as a lightweight channel attention mechanism, is simple, fast,
and plug-and-play mechanism, making it flexible to integrate into the core structure of the
algorithm. Balancing both channel and long-distance positional information, CA signifi-
cantly enhances the expressive power of mobile networks, enabling them to participate
in larger regions without incurring substantial computational costs. This capability facili-
tates better target localization and recognition, outperforming attention mechanisms such
as SE, ECA, and CBAM. Therefore, this paper introduces the coordinate attention (CA)
module [39] into the yellow-highlighted section, as shown in Figure 2.
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The coordinate attention (CA) mechanism first performs average pooling indepen-
dently in both the width and height directions, followed by convolution and concatenation
to reduce the dimensionality to C/r. It then further expands to obtain attention weights
in both directions. Finally, these obtained weights are used to perform element-wise
multiplication and weighting on the input feature map. The CA structure is illustrated
in Figure 3.
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To effectively capture both positional information and channel relationships, we de-
compose the two-dimensional global pooling operation into two one-dimensional pooling
encodings by replacing the H × W pooling kernel in the SE module with two separate ker-
nels, H × 1 and 1 × W. The encoding along the width and height directions is represented
as shown in Equation (1): 

Zh
σ(h) =

1
W ∑

0≤i≤W
xσ(h, j) ,

Zw
σ (h) =

1
H ∑

0≤i≤H
xσ(h, j)

(1)

where H and W represent the height and width of the feature tensor, h denotes the height
of the row where horizontal pooling occurs, w indicates the width of the column where
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vertical pooling takes place, Zh
σ represents the encoding value along the height direction,

and Zw
σ represents the encoding value along the width direction.

3.2. Improve Non-Maximum Suppression

NMS, short for non-maximum suppression, does exactly what its name implies—it
suppresses elements that are not maximum values, seeking local maxima. In recent years,
common object detection algorithms, including RCNN, Faster R-CNN, YOLO, and others,
all aim to locate numerous rectangular boxes in an image that could potentially contain
objects, and subsequently assign a class probability to each of these boxes.

Non-maximum suppression (NMS) is an integral component of object detection. NMS
involves sorting all detection boxes based on their scores. The detection box with the
highest score, referred to as “M”, is selected, and all other detection boxes that overlap with
“M” above a predefined threshold (using intersection over union or IOU) are suppressed.
The formula for IOU is shown in Equation (2):

IOU =
SI

(SA + SB + SI)
. (2)

In the equation, “SI” represents the area of overlap between detection boxes A and B,
“SA” represents the area of detection box A, and “SB” represents the area of detection box B.

YOLOv8 employs DIoU as the threshold to filter out other prediction boxes. When
two objects are in very close proximity, there is a high likelihood that the prediction box
of one object is eliminated. To address this issue, this paper replaces DIoU-NMS with
soft-NMS. This algorithm gradually reduces the detection scores of all other objects as they
overlap with “m”, ensuring that no objects are entirely eliminated during this process.

Si = { Si, iou(M, bi) < Nt
0, iou(M, bi) ≥ Nt

l (3)

In Equation (3), “Si” represents the score of the i-th detection box, “bi” represents the
i-th detection box within the set “b” detection boxes, and “Nt” is a predefined threshold.
According to the design of the NMS algorithm, if an object falls within a predefined overlap
threshold and has a score below a certain threshold, it may not be detected.

SNMS improves the scores of neighboring detections, reducing their scores to a level
where the likelihood of increasing error rates is minimized. The SNMS score reset function
is represented as shown in Equation (4):

Si = {
Si, iou(M, bi) < Nt

Si(1 − iou(M, bi)), iou(M, bi) < Nt.
(4)

SNMS achieves a score reduction for other detection boxes that overlap with “M”,
ensuring that detection boxes far away from “M” remain unaffected. However, those
detection boxes in very close proximity are assigned a higher weight. This effectively
addresses the problem of DIoU-NMS failing to detect another object when objects are in
close proximity.

3.3. Invasion in Dangerous Areas

Determining the occurrence of intrusions by underground coal mine workers is a
crucial aspect of this study. Considering the dim and complex underground environment,
the paper first calculates the relative position between the extracted hazardous perimeter
and the detected targets of underground personnel to determine whether they are intruding
into hazardous areas. Taking into account the depth information provided by camera
positions at different angles, rather than just overhead two-dimensional views, it is essential
to accurately determine the occurrence of area intrusions. In cases where the camera
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position has a small inclination angle or is nearly parallel, determining area intrusions
solely based on the overlap between detected targets and the area is not accurate.

The determination of whether individuals enter hazardous areas relies on the position
of their footsteps. As depicted in Figure 4, the process involves first obtaining the target’s
position through target detection. Subsequently, the issue of area intrusion, where a person
steps into a hazardous area, is abstracted as a question of whether the stepping point
intersects with the irregular polygon of the hazardous area, in other words, whether the
stepping point is inside the irregular polygon.
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Calculating the stepping point Px of underground personnel, as illustrated in Equation (5):

Px = b
(

x1,
h
2
+ y1

)
. (5)

In the equation: “b” represents the acquired detection box coordinate function, “x1”
and “y1” are the coordinates of the center point, and “h” signifies the height of the output
bounding box.

For any closed curve within a plane, the curve divides the plane into two regions:
interior and exterior. For any given straight line within the plane, when it intersects
the boundary of a polygon, there are only two possibilities: it either enters or exits the
polygon. Therefore, this paper employs the ray-casting method to determine intrusions
into hazardous areas. We determine whether polygon area intrusion occurs according to
Equation (6):

R = s((q(Px, x)%2)). (6)

In the equation: “q” is a ray cast in any direction from point Px, “s” represents summa-
tion, “x” denotes a custom hazardous area, “R” signifies the occurrence of area intrusion,
and “%2” indicates taking the remainder after division by 2. When a target appears in the
frame, as shown in Figure 5, rays are cast in any direction from the target’s stepping point.
Area intrusion occurs when the number of intersection points of the rays is odd.
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This paper addresses the problem of detecting area intrusions by underground coal
mine workers, taking into account the practical conditions of hazardous areas at under-
ground work sites. Given the high-risk and irregular nature of these areas, the design is
tailored to the underground environment, providing a solution for detecting area intrusions
by personnel in underground coal mines.

4. Experiments
4.1. Experiment Environment

The computer operating system used in this experiment is Windows 11 64-bit, with
an Intel i7-12700H processor, NVIDIA GeForce RTX 3060 graphics card, and 8 GB of RAM.
The programming environment is based on the PyTorch framework and implemented in
Python 3.8.

4.2. Datasets and Preprocessing

To validate the effectiveness of the intrusion detection method for underground person-
nel in this article, experiments were conducted on a self-constructed underground dataset.
A total of 1830 images were collected, with the label “person” representing intruders and
“Detection_Region” indicating the dangerous area. To meet the diversity requirements
of the dataset and enhance the model’s robustness, three image processing techniques
were employed to expand the dataset’s breadth and depth, thereby improving the model’s
flexibility. These techniques include horizontal flipping to introduce orientation invari-
ance, adding random Gaussian noise to enhance robustness against camera distortions,
and random brightness adjustments to simulate variations in lighting conditions at the
same location.

The augmented dataset consisted of 6584 images, which were split into training,
testing, and validation sets in a 7:2:1 ratio.

4.3. Training Model

The dataset used in this paper is derived from a self-constructed underground dataset
containing images captured in a specific coal mine, all with a resolution of 1920 × 1080.
The dataset comprises nearly 6584 images, with annotations for personnel. The total
number of images in the training set is 4600, while the testing set consists of 1300 images.
The label “person” represents information related to individuals, and “Detection_Region”
denotes the hazardous areas. The PyTorch framework was employed to train and refine
the network structure proposed in this paper. During the training process, each batch
contained 8 images, and the model was trained for 300 epochs with a learning rate of 0.0001.
If the loss did not decrease continuously over 3 consecutive epochs, the learning rate was
reduced by a factor of 10. Training would be terminated if the parameters did not decrease
over 10 consecutive epochs.

As shown in Figure 6, the training process of the improved model demonstrated
changes in accuracy and loss over iterations. As the number of iterations increased, the
model continuously updated its weights, resulting in increasing accuracy and decreasing
loss. This indicates that within a certain range of iterations, more iterations lead to the model
learning more feature information, approaching correct weight updates, and achieving
higher accuracy. In the early stages of iteration, the loss decreased rapidly, and accuracy
increased quickly. At around 100 iterations, mAP@0.5 stabilized at approximately 0.99,
and the loss function also reached a relatively stable state. However, the performance
of mAP@0.5:0.95 was poorer due to the high IoU threshold, which imposed stringent
requirements on the detection box positions.
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5. Results and Analysis
5.1. Evaluation Index

In order to assess the model’s effectiveness and detection performance, precision (P),
mean average precision (mAP), and F1 score have been chosen as evaluation metrics.

(1) Precision: Precision indicates the proportion of true positive samples among all
samples classified as positives. Precision can measure the accuracy of the algorithm,
specifically the classifier’s ability to correctly identify positive instances.

The calculation of precision is represented by Equation (7):

P =
TP

TP + FP
. (7)

(2) Mean Average Precision (mAP): mAP is one of the key performance metrics for
evaluating object detection algorithms. It combines precision and recall for different classes
and calculates their average. A higher mAP value indicates better algorithm performance
in detecting objects across various categories.

The calculation of mAP is represented by Equation (8):

mAP =

C
∑

i=1
APi

C
m, (8)

where C represents the total number of classes, and AP represents the AP value for the ith
class. In this study, single-object detection for underground personnel is conducted; hence,
C is equal to one, resulting in the calculation of the mean average precision (AP).

(3) F1 score: This is an evaluation metric that comprehensively considers both precision
and recall and is commonly used to assess the performance of classification models. It is
the harmonic mean of precision and recall, designed to provide a balanced measurement of
a model’s accuracy and recall capability.

The calculation of the F1 score is represented by Equation (9):

F1 =
2 × P × R

P + R
(9)

The F1 score ranges from 0 to 1, with higher values indicating better model perfor-
mance. When both precision and recall are high, the F1 score will also be correspondingly
high, and vice versa. Therefore, it can assist in evaluating the model’s performance in
balancing accuracy and recall.

The experimental results analysis section of this paper will comprehensively consider
the above metrics to evaluate the prediction outcomes.

5.2. Ablation Experiment

To further confirm the effectiveness of the aforementioned improvements, this paper
conducted ablation experiments, with the results presented in Table 1. Since this paper
primarily focuses on improving the YOLOv8 network, the YOLOv8 network was chosen as
the baseline for comparison.
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Table 1. Ablation experiment.

CA SNMS P/% Map/% F1/%

— — 81.2 89.6 50.3√
— 87.4 93.5 67.2

—
√

89.3 99.3 75.6√ √
88.0 99.5 80.9

During the training process on the training set, F1 score and PR curves were plotted
based on the performance results, as shown in Figures 7 and 8. It can be observed that,
to enhance the accuracy of the YOLOv8 network, the introduction of the CA attention
mechanism module resulted in an increase in model accuracy from 81.2% to 87.4%, marking
a 6-percentage-point improvement, with a 17-percentage-point increase in the F1 score. The
incorporation of the SNMS module reduced the likelihood of errors in adjacent detections,
thereby improving network performance. Accuracy increased from 81.2% to 89.3%, leading
to more-accurate final detection results.
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Compared to the original YOLOv8 network, the YOLOv8+CA+SNMS model’s accu-
racy improved from 81.2% to 88%, the F1 score increased from 50.3% to 80.9%, and the
mean average precision improved by 9.9%. These results further enhance the model’s
accuracy and demonstrate its effectiveness.

The improved model demonstrates notably high F1 score and PR curve coverage,
indicating a high level of accuracy in the operational results.
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5.3. Comparison of Experimental Results

The experimental results, as shown in Table 2 and Figure 9, indicate that the algorithm
proposed in this paper, in comparison to other models, maintains a comparable detection
accuracy while ensuring a similar running speed. This demonstrates its effectiveness
in underground scenarios. To comprehensively assess the detection capabilities of our
algorithm, in this section, we conducted a thorough performance test on the model. Four
popular object detection models, namely, Faster R-CNN, SSD, YOLOv5, and YOLOv8,
were employed for comparison with the proposed YOLOv8+CA+SNMS model on a self-
constructed dataset. This ensured consistency in dataset partitioning and experimental
conditions for a fair evaluation of each model’s performance.

Table 2. Different algorithm model comparison.

Algorithm Map/% Model Size/MB FPS/s

Faster RCNN 83.2 528 28
SSD 87.4 110 51

YOLOv5l 89.2 101 39
YOLOv8l 89.6 82 46

This article 99.5 86 45
Electronics 2024, 13, x FOR PEER REVIEW  12  of  16 
 

 

 

Figure 9. PR Curve of the five methods. 

The experimental results, as  illustrated  in Figure 10, reveal performance  improve-

ments for various detection algorithms on our self-constructed underground worker da-

taset. This dataset encompasses diverse scenarios, worker poses, and targets at different 

angles and scales. The enhanced detection results across these algorithms affirm their ef-

fectiveness  in  underground  personnel  detection.  Our  proposed  detection  algorithm 

achieves a mean average precision  (mAP) of 99.5%, with a model size of 86 MB and a 

processing speed of 45 frames per second. In comparison with other models, our algo-

rithm demonstrates optimal detection accuracy while maintaining speed and model pa-

rameter efficiency. 

 

Figure 10. Results of different models. 

The improved model, in conjunction with the ray method, is used to  jointly assess 

intrusions into underground hazardous areas and count the number of intruders within 

these regions. The results of intrusions in different scenarios are depicted in Figure 11. In 

this figure, the detection of hazardous areas is represented by blue polygonal frames, the 

upper-left  corner  displays  the  number  of  intruders  in  the  hazardous  area,  and  the 

Figure 9. PR Curve of the five methods.

The experimental results, as illustrated in Figure 10, reveal performance improvements
for various detection algorithms on our self-constructed underground worker dataset. This
dataset encompasses diverse scenarios, worker poses, and targets at different angles and
scales. The enhanced detection results across these algorithms affirm their effectiveness
in underground personnel detection. Our proposed detection algorithm achieves a mean
average precision (mAP) of 99.5%, with a model size of 86 MB and a processing speed
of 45 frames per second. In comparison with other models, our algorithm demonstrates
optimal detection accuracy while maintaining speed and model parameter efficiency.

The improved model, in conjunction with the ray method, is used to jointly assess
intrusions into underground hazardous areas and count the number of intruders within
these regions. The results of intrusions in different scenarios are depicted in Figure 11. In
this figure, the detection of hazardous areas is represented by blue polygonal frames, the
upper-left corner displays the number of intruders in the hazardous area, and the detection
results are represented by red rectangular frames, with labels for recognized categories
and their respective probabilities. The top two rows of detection images in Figure 11
sequentially show the following scenarios: two individuals invading the head area of a
conveyor belt, one individual invading the head area of a conveyor belt, one individual
invading the belt corridor area, and one individual invading the track corridor area. In



Electronics 2024, 13, 623 12 of 15

these cases, when the underground personnel’s point of entry enters a hazardous area, it is
considered an intrusion and counted. The bottom two rows of detection images in Figure 11
show scenarios in which no individuals intruded into the four different hazardous areas:
head area of a conveyor belt, head area to the west wing of the conveyor belt, track corridor,
and belt corridor. It is evident that when the entry point of underground personnel does
not enter a hazardous area, it is considered as no intrusion into the hazardous area.
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6. Conclusions

We propose a comprehensive video-based all-day detection method that enhances
the YOLOv8 model. In the feature extraction network, we introduce the CA convolutional
attention module to improve the model’s feature extraction capabilities. In the feature
inference phase, we incorporate the SNMS module to make the model more robust in
extracting personnel location information, reducing false alarms. Simultaneously, we create
an underground worksite dataset to enhance the model’s generalization. This model is
combined with the ray method and deployed for use with cameras capturing information
from various angles and depths. Deployment results demonstrate that the improved
method enhances the accuracy of detecting intrusions by personnel into underground
hazardous areas, meeting real-time safety requirements for underground workers and
effectively preventing accidents in these areas.

In future research, we will focus on addressing the lack of a large numbers of training
samples in the dataset. We intend to collect images of different underground operations
from multiple coal mines. Our work involves a wide range of complex conditions (such
as large amounts of dust, high noise, and vibration) and studies the performance of the
network in different underground environments, which will help improve the generaliza-
tion and stability of the model. As for the underground camera settings, we plan to study
the camera positions under different viewing angles to further verify its applicability in
practical applications.
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