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Abstract: Accurate analysis and identification of underground monitoring videos in coal mines can
prevent safety accidents caused by unsafe behaviors of underground personnel and protect their safety. In
light of this context, this study enhances the traditional YOLOv11 algorithm for target detection and
proposes a fast and effective method for identifying unsafe behaviors among underground personnel in
the complex environment of coal mines. Firstly, a statistical analysis of the most common types of unsafe
behaviors in current underground coal mines is conducted, exploring the classification of miners' unsafe
behaviors into item-type, action-type, and area-type categories. Secondly, based on the characteristics of
these unsafe behaviors, we propose dataset augmentation and denoising preprocessing techniques to
enhance fine-grained feature extraction. Simultaneously, we introduce the parameter-free SimAM to
improve the saliency mapping of miners' behaviors. Finally, we optimize the YOLOv11 algorithm by
incorporating a function enhancement module and the K-means++ anchor frame, and we propose a dual-
model recognition method for target detection that integrates the YOLOv11 algorithm with the YOLOv11-
Pose algorithm. To validate the performance of our non-standard miners' behavior recognition method, we
test it on a self-constructed dataset. The research results demonstrate that our method can quickly and
effectively recognize unsafe behaviors among underground personnel. Compared to traditional methods,
our approach significantly improves recognition accuracy on both the self-constructed dataset and the
public dataset, achieving a mean Average Precision (mAP) of 95.7%, an accuracy rate of 95.3%, and a
recall rate of 95.1%. These findings are significant for preventing underground safety accidents.
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1. Introduction

Coal miners face the challenge of executing complex tasks in confined spaces, which not
only require a high level of professional knowledge and skill but also demand constant vigilance
to avoid unsafe behaviors[1-2]. This vigilance is crucial for ensuring the safety of both themselves
and their colleagues. However, the unique conditions of the coal mine environment, along with
the significant pressures of the job, can lead to occasional unsafe behaviors that may result in
accidents, serious injuries, or even fatalities. At present, the identification of unsafe behaviors
among personnel in coal mines heavily relies on manual inspections and the analysis of
surveillance footage. These approaches pose several challenges, including inefficiency,
significant subjectivity, low accuracy, high costs, and difficulties in covering all operational
areasl3-51. Therefore, developing effective strategies to identify and prevent unsafe behaviors
among underground workers, as well as improving the overall safety standards in coal mining
operations, is an urgent issue that needs to be addressed.

Underground personnel's unsafe behaviour recognition is a multidisciplinary research field.
With the continuous progress of machine vision and computer technology, the research on the
use of machine vision technology to identify the unsafe behaviour of underground personnel has
made some progress. The traditional methods of underground miners' behaviour recognition
have been analyzed and some results have been achieved. Yaol?! constructed a model for
predicting and evaluating miners' unsafe behaviour based on application, management and




behavioural errors; Li et all3 proposed Yolov5 to identify miners' behaviour and underground
equipment; Liang®! et al improved YOLOvV5 by integrating spatio-temporal feature information
to workers' operating behaviour monitoring. Traditional miner behaviour recognition methods
rely on manual feature extraction, with low recognition efficiency and large application
limitations. Based on the above considerations, deep learning has been gradually applied to
miners' behaviour recognition. Ren et all’! applied transfer learning and residual networks to
identify unsafe behaviours of miners such as falling and throwing; Khan et all8! proposed the
Inception-v3 network to monitor the severity of accidents of pedestrians; Kolar et all® applied
convolutional neural networks for safety guardrail monitoring. The above methods give us some
new insights into behaviour recognition, but they do not achieve the expected results in terms
of generalisation and scale invariance of behaviour recognition in complex environments.

In recent years, unsafe behavior recognition methods have made significant progress in
theory and application, and the specific progress covers several research directions based on
machine learning, deep learning, sensor data fusion, and video analysis. Among the traditional
machine learning methods, Support Vector Machine (SVM), Random Forest (RF), and other
methods are widely used in early unsafe behavior recognition, which can classify and predict
the behaviors of warehouse personnel to a certain extent, but suffer from the shortcomings of
limited recognition accuracy in complex environments. In recent years, deep learning methods,
especially Convolutional Neural Networks (CNNs) and Long Short-Term Memory Networks
(LSTMs), have achieved excellent performance in video and time-series data analysis. For
example, CNN-based image classification techniques were used in literaturel!-®] to identify
unsafe behaviors of warehouse personnel, and the results showed significant advantages in
coping with problems such as occlusion and light changes. Literaturel6-10] explored temporal
models incorporating LSTM for identifying unsafe behaviors in continuous actions, which
achieved better results in the recognition of dynamic behaviors. Other literatures(!1-15] focus on
the fusion of sensor data, which can further improve the accuracy and robustness of recognition
by combining data from wearable devices (e.g., accelerometers and gyroscopes) with video
data. The combination of multimodal data helps to solve the problem of a single data source in
special cases (e.g., limited camera view angle or signal loss). In addition, the literaturel16-20]
presents real-time monitoring systems that leverage deep learning techniques for the detection
and alarming of unsafe behaviors. These advanced systems enhance the accuracy of behavioral
identification while simultaneously possessitng the capability to respond in real time.
Consequently, they offer significant technical support for safety management initiatives,
thereby improving overall safety outcomes.

Recent trends in research indicate a significant transition in the recognition of unsafe
behaviors, moving from the reliance on a singular data source and static analytical methods to
the integration of multimodal fusion techniques and real-time intelligent warning systems.
Future investigations are anticipated to concentrate on preserving high accuracy in unsafe
behavior recognition withiin complex environments while concurrently reducing the system's
dependence on computational resources. The exploration of these research avenues is expected
to enhance safety management protocols in warehouse settings and provide valuable insights
applicable to analogous industrial scenarios.

The author constructs a comprehensive dataset addressing the unsafe behaviors exhibited
by underground personnel through a meticulous examination of the underlying causes and
potential consequences of such behaviors. This dataset is generated from a systematic
classification of unsafe behaviors observed among workers in coal mining environments.
Following the preprocessing of the data, the author develops an identification model for unsafe
behaviors by integrating an enhanced version of the YOLOv11 network with the YOLOv11-Pose
network. This model seeks to refine the capabilities for recognizing and providing early
warnings regarding unsafe personnel behaviors within the challenging conditions of
underground environments, thereby enhancing both the accuracy of recognition and the
timeliness of responses.

2. Definition and classification of unsafe acts of personnel

Unsafe behaviors in the workplace are defined as deviations from normative conduct
exhibited by workers. In accordance with the Chinese national standard Classification
Standards for Occupational Injuries and Accidents in Enterprises, unsafe behavior is
characterized as human errors that have the potential to precipitate safety incidents. More
broadly, these behaviors encompass any actions by employees that could directly or indirectly
result in safety accidents. This includes violations of established protocols, unsafe actions that
contribute to accidents, and noncompliance with safety procedures. Such behaviors pose
significant risks not only to the individuals involved but also to the overall safety culture within




the organization. Understanding and mitigating these behaviors is essential for enhancing
workplace safety and preventing incidents.

2.1. Definition and causes of unsafe behaviors

Unsafe acts are typically characterized as human errors that transpire during the
production process, potentially resulting in accidents. These behaviors can be either intentional
or unintentional and often lead directly to safety incidents. A clear distinction between various
types of lapses and violations is crucial when defining unsafe behaviors. For example, a lapse
may manifest as an unintentional act stemming from inattention or poor judgment, while a
violation generally occurs as a result of a willful disregard for established safety protocols or
procedures. Furthermore, it is essential to consider the potential level of harm associated with
unsafe acts, which can vary from minor oversights to significant violations that have the
capacity to induce major accidents.

In the context of coal mining, an unsafe act by an underground worker can be defined as
any behavior that occurs within the mine operating environment and subsequently increases
the risk of accidents or may result in injury. This definition encompasses not only overt
violations, such as the failure to adhere to established safety protocols or the willful disregard
of safety warnings, but also subtler, less obvious actions that can be equally hazardous,
including lapses in attention or decision-making induced by fatigue. Within the specific context
of coal mining operations, employees often encounter a variety of stressors and challenges that
can significantly influence their behavioral choices and cognitive processes regarding safety.

The unsafe behaviors exhibited by underground personnel represent a multifaceted
phenomenon influenced by a variety of factors, which span individual, organizational,
environmental, and behavioral psychological dimensions. These unsafe behaviors are
recognized as a principal contributor to mining accidents. To facilitate a more accurate
identification and intervention regarding the dangerous behaviors of underground workers, it is
imperative to consider both their work habits and the inherent specificity and diversity of
underground operations. Accordingly, we categorize the unsafe behaviors of underground
personnel into three distinct types: object-type, action-type, and area-type, as delineated in
Table 1. Each of these categories encompasses specific manifestations of unsafe behavior
relevant to personnel operating within underground environments.

Table 1. Example of unsafe behavicr classification of underground personnel

Examples of

Classification unsafe Consequences of behavior
behaviors
Not wearing a There are risks of falling objects and collisions in the underground
helmat P environment that can significantly increase the likelihood of head
N, injuries.
Object-Type Improper
storage of It may cause safety incidents such as falls and collisions, or make it
objects and difficult to quickly find the tools you need in an emergency.
tools

Action-Type

slip and fall

When working on unstable or slippery surfaces, improper movement
can lead to falls and subsequent injuries.

Riding Belt

The use of informal methods of movement, such as conveyor belts,
increases the risk of injury.

Climbing Fence

Basic safety regulations are violated, increasing the risk of falls and
injuries.

Illegal train

Climbing or hanging from a moving vehicle is highly susceptible to

surfing serious injuries such as falls and collisions.
Invasion of hori . Kk Ff-limi
hazardous Unauthorized entry into areas marked as dan.ger(.)us or off-limits may
areas expose you to unknown security risks.
Area-Type -
Unauthorized I lead K i . lack of . o
absence from t may lead to wor: ’1nterru'pt10ns or lack o security monitoring,
work increasing security risks.

Unsafe behaviors in underground work environments can be categorized into three primary
types: item-type, action-type, and area-based unsafe behaviors. Item-type unsafe behaviors
predominantly involve the improper utilization of personal protective equipment and
inadequate storage of tools and items. These behaviors are often attributable to carelessness or
a lack of safety awareness during daily operations. Although such negligence may seem trivial,
it can lead to severe consequences in the inherently high-risk context of underground work.
Action-type unsafe behaviors typically arise from a deficit in safety awareness and an egregious
neglect of established underground work procedures. These actions frequently demonstrate a




blatant disregard for personal safety and the safety of colleagues, manifested through a series
of reckless and potentially hazardous activities. Area-based unsafe behaviors often emerge from
a worker's misplaced sense of invulnerability, accompanied by a lack of accountability and
disregard for safety advisories. These behaviors are characterized by violations of site-specific
safety regulations while engaged in underground tasks. Examples of area-based unsafe
behaviors include unauthorized entry into zones designated as hazardous, utilizing unsafe
transportation equipment such as conveyor belts, and abandoning assigned workstations
without proper authorization. Understanding these categories of unsafe behaviors is crucial for
developing effective safety interventions and promoting a culture of safety in underground
operations.

2.2. Routine Unsafe Behavior Recognition Methods

In the domain of unsafe behavior recognition, algorithms are distinguished based on their
applications and performance metrics. Traditional machine learning algorithms, including
Support Vector Machines (SVM), K-Nearest Neighbors (KNN), decision trees, and random
forests, are particularly effective for small datasets and scenarios where manual feature
extraction is manageable, owing to their simplicity and strong interpretability. Nonetheless,
these algorithms exhibit limitations in addressing complex behavioral patterns, especially in
contexts involving multidimensional data. Future research may aim to integrate traditional
algorithms with deep learning methodologies, thereby capitalizing on deep learning's robust
feature extraction capabilities while preserving the interpretability intrinsic to conventional
approaches. A comparative analysis of the advantages and disadvantages of these traditional
methods is provided, with the findings detailed in Table 2.

Table 2. Comparison of various recognition algorithms

Algorithm Type Typical Algorithms Dominance Defection
Feature engineering relies
Traditional machine SVM[KNN[]Decision Algorithms are simple on manual labor, which is
learning algorithms Trees[JRandom Forests and interpretive time-consuming and
demanding(22],
Convolutional Neural YOLO[JFaster R-CNN[] | Efficient extraction of High-end hardware is
Networks SSD image features required for training, and
/7 g reasoning is costly!7- 23!
Recurrent Neural LSTMMGRU Capable of capturing | Hyperparameter sensitivity
Network o O timing information and slow convergencel10]
. Ability to integrate Static adjacency matrices
gggégﬂ?ﬁg‘fﬁéggfﬁ ST-GCN[]25-AGCN temporal and spatial cannot adapt to topology
A \ features changes(?4]
| Heavy multi-target
Human Posture . . occlusion and low light at
Estimation + Behavior OpenPose + LSTM bEEgSjlgiaﬁlr;gé%raﬁﬁ?gn night cause attitude
Recognition g estimation to be
ineffectivelS).
. Adaptive to gradually
Deep Eequrcement DQN[DDPG optimize recognition Long training time(25]
earning strategies
Fusion of multiple
Hybrid models CNN + LSTM[|OpenPose information sources Excessive complexity of
. - + spatio-temporal . . b
(multimodal fusion) A for improved model architecturel26l
modeling s
recognition

The analysis presented in the preceding table indicates that deep learning Convolutional
Neural Networks(CNNs) demonstrate significant efficacy in the domains of image feature
extraction and behavioral recognition. Advanced algorithms such as You Only Look Once(YOLO)
and Faster Region-based Convolutional Neural Networks(R-CNN) facilitate efficient target
detection and recognition processes. These methodologies can be effectively implemented
within warehouse environments to monitor and identify potentially hazardous behaviors, such
as workers failing to wear helmets or deviating from designated walking paths. However, a
notable limitation of deep learning techniques is their reliance on extensive datasets for
training, as well as substantial computational resources, thereby posing challenges for
widespread implementation. Recurrent Neural Networks (RNNs), particularly Long Short-Term
Memory networks (LSTMs) and Gated Recurrent Units (GRUs), are effective architectures for
the analysis of time-series data due to their inherent ability to model temporal dependencies.
This characteristic makes them well-suited for applications in warehouse surveillance, where
the identification of unsafe behaviors—such as prolonged occupancy in restricted areas—can be
critical for maintaining safety and security. However, the deployment of these networks is not




without challenges; specifically, the issues of gradient vanishing and the high complexity
associated with training processes present significant hurdles that must be addressed. Spatio-
Temporal Graph Convolutional Networks (ST-GCN) have been identified as highly effective for
the skeleton-based recognition of human behavior due to their ability to integrate temporal and
spatial information. This approach enables the detection of complex lifting poses through the
analysis of spatiotemporal variations in keypoints of the human body. While this methodology
significantly enhances the handling of dynamic behaviors, it is associated with substantial
computational intensity and necessitates specialized hardware support to implement it
effectively. The integration of human pose estimation with behavioral recognition
methodologies, such as the combination of OpenPose and Long Short-Term Memory (LSTM)
networks, presents significant advantages for fine-grained behavioral detection. This approach
leverages skeletal information to mitigate background interference, thereby enhancing the
accuracy of behavioral assessments. In the context of warehousing environments, such
methodologies can effectively identify specific operational postures of workers, including
whether they are utilizing equipment in a manner consistent with proper guidelines and safety
regulations. However, the practical application of these techniques encounters notable
challenges, particularly regarding pose estimation accuracy, which is often compromised by
factors such as occlusion and variable ambient lighting conditions. These factors necessitate
ongoing research and development to improve the robustness and reliability of pose estimation
in real-world settings. Deep reinforcement learning techniques, such as Deep Q-Networks
(DQN) and Deep Deterministic Policy Gradient (DDPG), demonstrate an exceptional capability
for the continuous enhancement and optimization of behavior recognition strategies. These
approaches exhibit high adaptability, rendering them particularly suitable for applications in
warehouse security management, where real-time decision-making is essential. However, a
notable challenge associated with these methods is their significant requirement for interaction
data, which often leads to extended training durations, particularly within the context of
security behavior simulations. Hybrid models, such as those integrating Convolutional Neural
Networks (CNN) with Long Short-Term Memory networks (LSTM) or merging pose estimation
with spatio-temporal frameworks, have demonstrated superior performance in the realm of
behavioral recognition. These models facilitate a more nuanced detection of unsafe behaviors
by effectively synthesizing diverse information mcdalities. Their application is particularly
advantageous in complex environments, such as warehousing, where the integration of visual
data with spatial location data can enhance the ability to ascertain whether individuals are
adhering to designated pathways.

From an overall perspective, the prevailing trend in the recognition of unsafe behavior is
gravitating towards the integration of lightweight algorithms and multimodal information. In
practical applications, the synergy between the efficient feature extraction capabilities of deep
learning techniques and the inherent interpretability of traditional methodologies is poised to
enhance the field significantly. Furthermore, advancing the robustness of models through the
fusion of multimodal data represents a critical avenue for future research endeavors in this
domain.

3. Data set construction

3.1. Data collection and preliminary processing

The heterogeneity of data sources necessitates the conversion of data into a standardized
format to facilitate efficient processing and analysis. This requirement is particularly pertinent
in the context of video data, where disparate formats—including AVI, MP4, and MPEG—exhibit
varying storage specifications and compression methodologies. The disparate nature of these
formats can pose significant challenges for machine learning models that rely on consistent
input data. In the case of underground surveillance videos, which are often characterized by
substantial file sizes, direct processing can result in excessive consumption of computational
resources and diminished processing speeds. Therefore, converting these videos into a uniform
format is essential for ensuring both consistency and efficiency during processing. Moreover,
video format conversion not only standardizes the data but also allows for the application of
more efficient compression techniques. By optimizing storage and enhancing processing
capabilities, this conversion process is crucial for managing the demands posed by large-scale
video datasets. Thus, the implementation of uniform data formats is integral to advancing the
capabilities of machine learning applications in the domain of underground surveillance.

In the realm of video format conversion tools, the Open Source Computer Vision
Library(OpenCV) serves as a prominent open-source resource that encompasses a diverse array
of functions for image and video processing, including the capabilities for video reading,
writing, and format conversion. Initially developed by Intel in 1999, OpenCV has since




established itself as a foundational library within the fields of computer vision research and
practical applications. OpenCV facilitates the conversion of video formats and enables
preprocessing tasks such as frame extraction, resizing, and color space conversion. This is
achieved by representing images as arrays of pixels, allowing for direct programmatic
manipulation and conversion of each pixel element. In the context of this study, OpenCV was
employed to adjust the resolution and frame rate of a set of underground surveillance videos
collected for analysis. Furthermore, when considering the specific environment of underground
monitoring, OpenCV allows for the adaptation of parameter settings that are critical for optimal
video processing. The relevant video parameter settings utilized in OpenCV are detailed in
Table 3. It is also essential to account for the interval timing during image extraction;
excessively long intervals may result in the omission of significant features, whereas overly
short intervals may lead to redundant image captures, thereby increasing the overall workload.
This careful consideration of parameter settings and extraction intervals underscores the
importance of tailored video processing methodologies in enhancing the efficacy of surveillance
video analysis(27].

Table 3. OpenCV video parameter settings

Parameter Name Parameter Setting Algorithm
Resolution Width cap.set(cv2.CAP PROP FRAME WIDTH, 432)
Resolution Height cap.set(cv2.CAP PROP FRAME HEIGHT, 368)
Frame Rate cap.set(cv2.CAP PROP FPS, 30)
Contrast cap.set(cv2.CAP PROP CONTRAST, 60)
Saturation cap.set(cv2.CAP PROP SATURATION SCALE, 60)
Interval Frame Duration cap.set(cv2.CAP PROP FRAME SKIP, 0.01)
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Figure 1. OpenCV format conversion processing video

In the realm of computer vision, the application of OpenCV techniques for the in-depth
processing of surveillance video provides significant insights into the video content. The
transformation of a continuous video stream into a sequence of images arranged sequentially,
as depicted in Figure 1, facilitates a comprehensive analysis of the video material on a frame-
by-frame basis. This method not only enhances the precision of the computer's analysis but also
results in a substantial reduction in both resolution and frame rate of the derived images. The
implications of diminishing resolution and frame rate are manifold, most notably leading to a
marked decrease in the data volume of each individual image frame. This reduction effectively
compresses the overall size of the video or image file. Such a compression strategy is
particularly advantageous for extensive surveillance durations, as it significantly alleviates
storage space requirements and augments data processing efficiency, all while preserving
essential visual information. Moreover, the OpenCV processing workflow supports efficient data
compression without compromising the recognizability of the video content. This preservation
of critical visual elements holds considerable significance for the long-term storage and
retrieval of video data, underscoring the practical benefits of employing OpenCV for
surveillance applications.

3.2. Expansion of datasets

In the development of a dataset aimed at analyzing unsafe behaviors of individuals in
underground mining environments, we employed a range of data augmentation techniques to




effectively simulate the intricate and dynamic conditions characteristic of such settings. This
process entailed the extraction of relevant information pertaining to hazardous behaviors from
an array of data sources, followed by the integration and standardization of this information to
ensure the dataset's consistency and usability.To enhance the adaptability and accuracy of the
model in actual mining scenarios, we implemented a series of augmentation and generalization
operations on both the original underground dataset and a laboratory-simulated dataset. For
instance, we applied black-and-white processing (illustrated in Fig. 2(b)) to the original images,
altering light intensity to mimic the shift from color to monochrome as observed in varying
lighting conditions encountered underground. This adjustment is intended to bolster the
model's capacity to recognize unsafe behaviors across diverse lighting
environments.Furthermore, we employed a data flipping technique, resulting in a 180-degree
rotation of the images (depicted in Fig. 2(c)), to train the model to identify unsafe behaviors
from multiple perspectives, thereby simulating various viewpoints. The utilization of these data
augmentation techniques not only enhances the dataset's diversity but also increases the
model's adaptability to the complexities inherent in real-world mining situations. Ultimately,
these methodologies provide a more robust training foundation for the model, allowing it to
better reflect the actual conditions observed within underground environments.

(b) Binafy Image

Processing (c) Image Rotation

(a) Original Image
Figure 2. Example of inine dataset augmentation

Following the data augmentation process, the dataset undergoes a rigorous screening
procedure to eliminate samples of low quality or those inconsistent with the research
objectives. This step is essential to ensure the overall quality and reliability of the dataset,
which is critical for subsequent stages of image denoising and dataset labeling. Ultimately, a
comprehensive set of custom datasets characterized by diverse scene attributes is constructed
through meticulous screening, integration, and augmentation procedures. As detailed in Table
4, the cumulative number of images from downhole and laboratory samples reached 31,000,
comprising 9,700 images categorized as items, 15,800 categorized as actions, and 5,500
categorized as areas. The dataset encompasses a wide array of underground work
environments, including confined spaces, varied working surfaces, and different equipment
zones. Furthermore, it incorporates numerous instances of unsafe personnel behaviors across
various scenarios. This robust dataset provides a solid foundational resource for subsequent
image processing and model training endeavors.

Table 4. Sample size of the homemade personnel unsafe behavior dataset

Classification Unsafe behaviors I;Ilgwr?ﬁglzf Number of Total number of
laboratory samples samples
samples
Not wearing a helmet 3200 2900 6100
Object-Type Improper storage of
objects and tools 2100 1500 3600
slip and fall 1500 1600 3100
. Riding belt 3100 2500 5600
Action-Type Climbing fence 2600 2100 4700
Illegal train surfing 1300 1100 2400
Invasmnacl)ia gszardous 1500 1300 2800
Area-Type Unauthorized absence
from work 1500 1200 2700

Total 16800 14200 31000




3.3. Denoising the dataset

In the context of underground coal mining environments, the transmission of video images
from surveillance systems to operational terminals is frequently subjected to a distinct set of
noise challenges. These challenges primarily stem from the unique working conditions and
environmental factors prevalent in subterranean mining sites. If left unaddressed, such noise
issues can significantly compromise the accuracy and stability of models designed for
recognizing unsafe behaviors among personnel. The various types of noise encountered in these
environments include, but are not limited to, low-light noise, interference from dust particles,
and blurring induced by equipment vibrations. Low illumination noise typically arises from
inadequate lighting conditions common in underground settings, leading to granular noise that
adversely affects image clarity. Dust particle interference results from the pervasive
underground dust, which causes image loss and introduces random, non-uniform distortions.
Furthermore, blurring due to equipment vibrations occurs when surveillance cameras are
mounted on machinery that experiences oscillations, resulting in dynamic blurring and
geometric distortion of captured images. Consequently, it is imperative to implement effective
denoising techniques for video images to enhance clarity and contrast. Such improvements are
essential for bolstering the efficacy of recognition models designed to detect unsafe behaviors
among personnel in underground coal mining operations.

Image denoising algorithms can be categorized into two primary classes: traditional
methods and deep learning methods. Traditional approaches primarily rely on the statistical
characteristics or a priori knowledge inherent to the image. Examples of such methods include
mean filtering, median filtering, and wavelet transforms. In contrast, deep learning methods
leverage neural networks to learn high-level features from images, thereby achieving superior
denoising performance. Notable architectures within this framework include self-encoders and
convolutional neural networks. In this context, after a comprehensive evaluation and
consideration of the operational environment, the image denocising algorithm based on the Deep
Learning Convolutional Neural Network(DnCNN) has becn selected. DnCNN is an advanced
deep learning framework specifically designed for dencising images and enhancing sound
signals. Its efficacy in removing random noise from seismic data and its applications in sound
signal enhancement have been well-documented in the literature. The fundamental principle of
the DnCNN algorithm is rooted in deep convolutionial neural networks, which are capable of
effectively discerning and eliminating noise from images by learning the intricate relationships
between pairs of noisy and noise-free images. Unlike traditional denoising techniques that
directly output the denoised image, DnCNN employs a residual learning strategy. Specifically,
it first predicts the residuals—defined as the noise components—between the noisy and clean
images, subsequently subtracting these residuals from the noisy input to yield the denoised
output. This approach benefits from the typically simpler statistical properties of the residuals,
facilitating a more efficient training process for the network model.

The architecture of DnCNN comprises a sequence of multiple convolutional layers,
accompanied by batch normalization and activation function layers. The convolutional layers
play a crucial role in feature extraction from images, while the batch normalization layers
effectively address the internal covariate shift, thereby enhancing both the speed and stability
of the training process. Additionally, the incorporation of the ReLU activation function
introduces non-linearities, enabling the network to capture more intricate data patterns. As
illustrated in Figure 3, the DnCNN network contains a total of seventeen layers. The initial
layer consists of 64 convolutional kernels, each with a size of 3x3, coupled with the ReLU
activation function. In the subsequent layers, from the second to the sixteenth, there is an
increased number of batch normalization layers relative to the first layer, which significantly
contributes to the efficiency and robustness of the model training. Finally, the concluding layer
comprises a convolutional layer whose primary function is to output the residual image, thereby
enhancing the overall image denoising performance of the network.

ffffffffffffffffffffffff

! DnCNN i
| = (3]
input layer | % g g | output layer
No=e | | |¥ % . 5 § i DrCNN
Inection [} | & TP E 5] P padsing
I ) o e} =S |
= © w
| R g |

Figure 3. DnCNN network structure diagram




To train a DnCNN network, the difference between the network's predicted residual maps
and the true residual maps is usually calculated using the Mean Square Error (MSE) as a loss
function. Given a set of training samples, the loss function can be expressed as:

1y v
L(q) —m/adR(x.q) (¥- x%) (1)

Where N is the number of training samples; Y is the noisy image; % is the corresponding

clean image; RY:4) is the residuals predicted by the network, and ¢ is the network
parameters.

The implementation of DnCNN facilitates the optimization of data processing in various
applications. Within underground environments, real-time video surveillance is paramount,
necessitating the deployment of fast and precise denoising algorithms. Despite the complexity
inherent in the deep network architecture of DnCNN, its superior denoising capabilities and
efficacy in handling real-time data render it particularly suitable for the processing of
surveillance video in subterranean settings.

To evaluate the efficacy of the DnCNN image denoising algorithm on surveillance images, a
self-constructed dataset focusing on insecure behaviors was utilized for model training.
Through an iterative prediction process comprising multiple rounds, the model weights were
continuously adjusted and optimized, leading to a gradual enhancement in the quality of the
final output images, aligning more closely with the characteristics of the original noise-free
images. Figure 4 illustrates both the unprocessed image and the image processed by the
DnCNN algorithm. A comparative analysis reveals a significant improvement in clarity and
detail in the DnCNN-processed images. The unprocessed imagery, influenced by the
challenging environmental conditions prevailing in underground settings, exhibited various
forms of noise, such as blurred contours, grainy backgrounds, and shadows resulting from
uneven illumination, which obscured critical details and features in the images. Conversely, the
images processed by the DnCNN algorithm displayed sharper edges, smoother textures, and
more uniform lighting conditions, thereby facilitating the identification of unsafe behaviors,
such as individuals not wearing helmets and engaging in illegal operations. This highlights the
potential of the DnCNN algorithm in enhancing the interpretability of surveillance footage,
particularly in complex environments.

(a) Noise Injecto ) (b) DnCNN Denosing

Figure 4. Effect after DnCNN denoising

3.4. Labeling of data sets

In the context of varying detection targets and network models, it is imperative to construct
distinct datasets tailored to specific objectives, such as those encompassing miners, safety
helmets, and human skeletal data. The creation of these target recognition datasets
necessitates the utilization of authentic underground personnel imagery to ensure the validity
and reliability of the experimental outcomes. The experiment began by compiling a dataset of
300 images. To expand the dataset, contrast was increased, brightness was reduced, and
images were flipped, resulting in a total of 780 images. These were then divided into a test set
of 163 images, a training set of 546 images, and a validation set of 71 images.

Dataset labeling serves as a fundamental component in the domain of machine learning.
Specifically, in the development of a machine vision-based dataset aimed at recognizing unsafe
behaviors of personnel in underground environments, the significance of precise dataset




annotation cannot be overstated. The primary objective of this annotation process is to
accurately identify and label the various unsafe behaviors within the dataset, thereby furnishing
the machine learning model with high-quality, labeled training data. For a dataset focused on
personnel unsafe behaviors, the explicit labeling of each behavior category—such as object-
related, action-related, or area-specific behaviors—exerts a direct influence on both the
accuracy and the efficiency of the model's ability to discern unsafe behaviors. Consequently,
this annotation process represents a critical factor in achieving high-quality outcomes in
machine vision applications, ultimately enhancing the model’s performance in real-world
scenarios.

In the domain of machine vision, dataset annotation tools are pivotal for facilitating
effective and precise data annotation. One notable open-source tool that has gained prominence
in this field is Labellmg. This tool is esteemed for its user-friendly interface combined with
robust functionalities. Labellmg accommodates a diverse array of image formats, including
widely utilized types such as JPEG and PNG. Additionally, it offers the capability to export
various annotation file formats, including XML (Pascal VOC format) and TXT (YOLO format),
thereby catering to the requirements of different machine learning frameworks. The user
interface of Labellmg is characterized by its intuitive design, allowing users to effortlessly
select regions of interest within images and assign appropriate labels through straightforward
mouse interactions. This design not only mitigates the learning curve associated with data
annotation but also significantly enhances labeling efficiency. Furthermore, Labellmg
incorporates keyboard shortcut functionalities, which serve to expedite the annotation process,
particularly when engaged with large-scale datasets. Overall, Labellmg represents a valuable
asset in the annotation of datasets for machine vision applications.

Prior to initiating the labeling process, the computer environment was systematically
configured to ensure the optimal functionality of the Labellmg tool. During the data annotation
phase, each instance of unsafe behavior depicted in the images was meticulously marked,
allowing for precise correspondence between the labels and the respective objects or
behaviors. Upon completing the configuration of the annotation tool, the command ‘Labellmg’
was entered to launch the interface, as illustrated in Figure 5. The central region of the
interface is designated as the annotation area. Given that the dataset format requirements
stipulated by the model are specialized, the TXT markup file conforming to the YOLO format
was utilized for the annotation format selection.
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(a) Equipment labelling (b) Personnel labelling

Figure 5. Example of dataset labelling

The initial step involves importing the relevant image for annotation via the ‘Open’
function. Subsequently, as illustrated in Figure 5, the image undergoes a systematic labeling
and classification process. This process categorizes the images based on various types of unsafe
behaviors, such as designating ‘no-hat’ for instances of helmet non-use, and ‘hat’ for situations
where a helmet is being worn. Other forms of unsafe behaviors are similarly annotated. This
methodology contributes to the development of a robust and precise dataset that enhances the
identification and characterization of unsafe behaviors within the studied context.

4. Modelling improvement

The Underground Personnel Unsafe Behaviour Recognition Model(UBIRM) represents a
significant advancement in the monitoring and prevention of incidents involving personnel
operating in underground environments. This technological framework employs advanced video
analysis techniques to assess various aspects of personnel behaviour, including posture,
position, and movement. By doing so, it effectively identifies unsafe practices, which may
include non-compliance with safety protocols such as the absence of personal protective
equipment (e.g., helmets), failure to utilize safety restraints (e.g., seatbelts), or unauthorized
access to restricted areas. The architecture of the UBIRM comprises two primary components:




the YOLOv11 target detection model and the YOLOv11-pose behavioural detection model. The
YOLOv11 algorithm is heralded as a prominent advancement in deep learning and computer
vision, characterized by its high efficiency and accuracy in real-time object detection.
Concurrently, the YOLOv11-pose model leverages deep learning methodologies to facilitate
two-dimensional pose estimation for multiple individuals, thus addressing the complexities
associated with single-person pose recognition and extending its applicability to recognize
multiple persons in intricate scenarios. Through targeted enhancements of both models and
their subsequent fusion, the UBIRM achieves precise and timely identification of unsafe
behaviours across three critical categories: object, action, and geographic area. This
multifaceted approach not only amplifies the effectiveness of safety warnings but also
contributes to the overarching objective of mitigating risks and enhancing the safety of
underground personnel.

4.1. YOLOV11

YOLOvV11 represents a significant advancement in the field of target detection algorithms,
characterized by enhancements in both detection accuracy and inference speed. This is
achieved through an improved network architecture, the integration of an attention mechanism,
and a lightweight design approach. In comparison to its predecessor, YOLOv11 exhibits
superior performance in the detection of small targets and is adept at operating within complex
scenes. Notably, it is capable of facilitating real-time target detection on edge devices,
positioning itself as a rapid, efficient, and resource-conserving solution for target detection
tasks. The architecture of this network is illustrated in Figure 6.

This study employs a dual-model collaborative recognition framework, based on YOLOv11
and YOLOv11-pose, to achieve comprehensive identification and early warning of multiple types
of safety hazards in coal mine production scenarios. The YOLOv1i1 model is first employed for
object detection tasks, such as identifying workers and key equipment. Based on these
detection results, and by combining spatial relationships and attribute information between
objects and personnel, object-related hazards, such as failure to wear safety helmets, can be
identified. Building on this, the YOLOv11-pose model is introduced to detect and model human
keypoints (skeletal points). By analyzing human posture features and their temporal variations,
behavior recognition is achieved, enabling the identification of action-related hazards, such as
falls and unsafe behaviors like riding on moving machinery.

For region-related safety risks, a collaborative mechanism is constructed that integrates
both models. First, YOLOvi1 is used to detect mechanical equipment in coal mine operations,
and hazardous regions are dynamically delineated based on the spatial locations of the detected
equipment. Subsequently, YOLOv11-pose is utilized to analyze personnel behavior and position
in real time. When personnel are detected entering hazardous areas or performing unsafe
actions, the system can promptly trigger warning alerts. Additionally, for critical equipment
that requires dedicated supervision, continuous monitoring of personnel presence is conducted
to automatically detect and alert against absenteeism.
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Figure 6. YOLOv11 network structure diagram

4.2. Algorithmic improvements
4.2.1 Feature Enhance Module

The inherent complexity and variability of the downhole environment present significant
challenges for image recognition tasks. While straightforward interferences, such as variations
in lighting conditions and dust contamination, can often be mitigated through dataset
preprocessing techniques, more complex background interferences—such as occlusion and
long-distance targets—pose ongoing difficulties. To address these challenges, the recognition
capabilities in critical areas or within intricate backgrounds have been enhanced through the
integration of the Feature Enhancement Module(FEM) into the YOLOv11l model8l, The
architectural framework of the Feature Enhancement Module is depicted in Figure 7. The
traditional YOLOv11 algorithm employs a series of ‘concat’ operations to fuse features from
multiple layers, thereby maximizing information utilization. Consequently, the Feature
Enhancement Module is strategically positioned subsequent to the concatenation operations.
This module is designed to filter out features that contain extraneous or invalid information,
thereby indirectly augmenting the utilization of pertinent information. As a result, this
enhancement leads to improved predictive performance of the algorithm.
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Figure 7. Function Enhancement Module Structure

The complete functional enhancement module comprises a channel activation module and a
spatial attention module that work in tandem. The channel activation module's primary function
is to eliminate channels that contain a significant amount of invalid information, thereby
indirectly increasing the proportion of valid information while reducing redundancy. The spatial
attention module complements the channel activation module by on the most meaningful
features, specifically local features. This module employs max-pooling and average-pooling




techniques for feature maps of size HxHXC, subsequently combining the two resulting feature
maps. It then applies convolution and nonlinear activation to derive the weight coefficients for
each component. Finally, these weight coefficients are multiplied by the input feature image to
produce a new feature map after scaling. The calculation formula is:

Y =SAM(CAM ( X)) (2)

Where X represents the input feature map and Y denotes the enhanced output feature map.
CAM refers to the computation of the Channel Activation Module, which emphasizes significant
features while diminishing less important ones by assigning weights to each channel of the
input feature map. SAM signifies the computation of the Spatial Attention Module, which
focuses on important spatial regions.

4.2.2 K-means++

In the investigation of detecting and identifying unsafe behaviors of individuals in
underground coal mines utilizing the YOLOv11 algorithm, the optimization of anchor boxes is a
critical component for enhancing the detection accuracy of the model. An anchor box is defined
as a set of predefined bounding boxes established based on prior knowledge, designed to
facilitate the prediction of actual object locations within an image. In the specific context of
underground coal mines, various factors—including the posture of personnel, the distance of
the subjects from the camera, and the angular orientation of the camera—can significantly
influence detection efficacy. Consequently, it is imperative to appropriately target and optimize
anchor boxes to align with the wunique characteristics of objects in this challenging
environment.

The K-means++ algorithm represents an optimized version of the K-means clustering
method, enhancing the selection process for initial centroids, thereby increasing the diversity of
initialization. This improvement effectively reduces the likelihood of the algorithm converging
to a local optimum, allowing for better adaptation to the varying shapes and sizes of objects
within a given dataset. Consequently, the K-means++ algorithin enhances both the efficiency
and accuracy of detection algorithms. The application of this algorithm in optimizing target
anchor frames encompasses several critical steps: data preparation, initialization of centroids,
clustering iterations, and anchor frame updates.

(1)Data Preparation: Extract the bounding box dimensions of all target objects from the
underground coal mine dataset, and normalize these dimensions to eliminate the influence of
image size. After normalization, all samples are mapped to the range of [0, 1], ensuring the
comparability of data across different scales, and finally forming a normalized sample dataset.

(2)Initialization of Centroids: The K-means++ method commences by randomly selecting
one bounding box as the first centroid. Subsequently, additional centroids are selected
sequentially based on a probability distribution that is squared relative to the distance from
each data point to the existing centroids.

(3)Clustering Iteration: In this phase, the Euclidean distance metric is employed to assign
each bounding box to the nearest centroid. The position of each centroid is then recalibrated to
reflect the mean position of all data points allocated to the corresponding cluster. This iterative
process continues until convergence is achieved, defined as either the change in centroid
positions falling below a predetermined threshold or a specified number of iterations being
completed.

(4)Anchor Frame Update: After the clustering converges, KKK cluster centers are obtained,
which correspond to the anchor box sizes in the normalized space. The clustering results are
first de-normalized and mapped back to the model input scale. Finally, the optimized anchor
box set is obtained and applied as the new optimized anchors in the YOLOv11l model. The
optimization of target anchor frames through the K-means++ algorithm not only enhances the
model's adaptability and accuracy in detecting unsafe behaviors within underground coal mines
but also significantly improves the efficiency of both training and inference processes.

4.3. Construction and training of recognition model

The fusion modeling process articulated in this paper not only automates the safety
monitoring of underground operations but also augments the cognitive capabilities of the
system through continuous learning and optimization. Such advancements are critical for
ensuring the safety of miners and for sustaining operational productivity within the mining
sector.

4.3.1 Construction of the model

YOLOvV11 represents a cutting-edge advancement in real-time object detection, effectively
amalgamating the processes of detection and classification into a unified regression framework.
The development of this model necessitates the selection of an appropriate deep learning




framework, such as PyTorch, along with the design of a suitable network architecture. The
architecture of YOLOv11 is characterized by a series of convolutional layers, pooling layers, and
activation functions meticulously designed to extract relevant features from images and to
produce corresponding bounding boxes. In the course of model construction, YOLOv11
incorporates innovative activation functions, feature pyramid networks(FPNs), and
sophisticated optimization strategies for anchor boxes, all aimed at enhancing both detection
accuracy and computational efficiency. The methodology and implementation of the coal mine
personnel unsafe behavior recognition model are outlined in the accompanying flowchart, as
shown in Figure 8. This comprehensive approach underscores the model's potential efficacy in
complex real-world applications.

The design of network architecture is a fundamental aspect of constructing the YOLOv11
model. YOLOv11 utilizes a modified convolutional neural network(CNN) architecture that
integrates deeply separable convolution with feature pyramid networks(FPNs) to facilitate
efficient feature extraction across varying scales. The model's architecture typically
encompasses multiple convolutional layers, a batch normalization layer, and an activation
function, such as Leaky ReLU, which collectively enhance the efficiency and accuracy of feature
extraction. Furthermore, the incorporation of residual connectivity enables the model to
effectively train deeper networks, thus mitigating the issues associated with gradient vanishing
and ultimately enhancing the overall performance of object detection.

In the context of model parameter settings, YOLOv11l is characterized by a set of
hyperparameters, including the learning rate, batch size, and anchor frame size. The learning
rate is typically subject to dynamic adjustment, facilitating rapid convergence during the initial
phases of training, while subsequently being reduced incrementally to promote stabilization in
the later stages of the training process. The selection of batch size serves as a critical factor in
balancing memory consumption with training speed, with common values set at 16 or 32. In
terms of anchor frame size, an analysis of the training data is conducted utilizing the K-means
clustering algorithm, aimed at determining the optimal anchor sizes conducive to effective
target detection. This approach enhances the model’s effectiveness in identifying objects across
a spectrum of sizes. Moreover, the model incorporates an array of data augmentation
strategies, including random cropping, rotation, and color transformation. These strategies are
intended to bolster the model's robustness and generalization capabilities, thereby ensuring
efficient target detection across diverse environinental conditions.
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Figure 8. The schematic diagram of miner behavior discrimination

In this case, the parameters in terms of network architecture are set:
(1) Input layer: the input image size is 640 x 640 pixels, and standardised preprocessing is
used.




(2) Backbone network: CSPDarknet is used as the feature extraction network to enhance
the feature extraction capability.

(3) Feature Pyramid Network: using the FPN structure to combine different levels of
features to improve the detection accuracy of small objects.

(4) Detection header: output the detection header including category prediction and
bounding box regression, and set 3 anchor frames to adapt to different-sized targets.

The model parameter setting aspects are:

(1) Anchor frames: set up 3 anchor frames with dimensions (10, 13), (16, 30), (33, 23)
based on the dataset statistics.

(2) Loss function: YOLO loss function is used, which consists of localisation loss,
classification loss and confidence loss.

(3) Optimiser: The Adam optimiser was used with the initial learning rate set to 0.001.

4.3.2 Training model

The training process for the YOLOv11 model commences with the meticulous preparation
of a well-annotated dataset, which must encompass images representing multiple categories
along with their respective labels. Typically, an annotation tool, such as Labellmg, is employed
to generate a label file that adheres to the YOLO format. This format includes the coordinates
of the bounding boxes and the corresponding category information. In the context of training,
the YOLOv11 model leverages transfer learning, often initiating with pretrained weights to
facilitate faster convergence and enhance predictive accuracy. Central to the model training is
the application of a cross-entropy loss function, which serves to assess the effectiveness of
classification, in conjunction with a smoothed L1 loss function, primarily utilized to optimize the
regression of bounding boxes. This dual approach is instrumental in ensuring robust
performance in object detection tasks.

During the training phase, the implementation of data enhancement techniques is essential
for improving the generalization capabilities of the model. Common techniques employed
include random cropping, rotation, scaling, and color ftransformation. These strategies are
crucial in enabling the model to maintain robust recognition performance across varied
environmental conditions. The training process typically utilizes optimization algorithms such
as Stochastic Gradient Descent(SGD) or the Adam optimizer, with the learning rate being
systematically adjusted across multiple iterations to facilitate improved convergence. Following
the training phase, the model's efficacy is assessed using a validation dataset, which serves to
evaluate its performance on previously unseen data. Key evaluation metrics, including mean
average precision(mAP) and recall, are employed to ensure the model demonstrates satisfactory
detection performance. Upon compiction of the training, the generated weight files are
preserved for deployment in real-world applications. This structured building and training
methodology enables YOLLOv11 to achieve efficient real-time object detection across a range of
application scenarios. Tn terms of dataset preparation, the process is divided into two primary
components: dataset partitioning and data enhancement. The dataset is partitioned into 70%
for the training set, 20% for validation, and 10% for testing. Regarding data enhancement,
techniques applied include random cropping, horizontal flipping, and color dithering, among
other operations, all aimed at augmenting the dataset's variability and improving model
robustness.

In the context of model training, optimal hyperparameter configurations, such as learning
rate and batch size, are identified through techniques such as grid search or Bayesian
optimization. The specific training configuration employed in this study includes a batch size of
16, with the number of training rounds set to 50. Each training round comprises approximately
1,000 iterations. To facilitate effective training monitoring, TensorBoard is utilized to track both
loss and accuracy metrics throughout the training process. For hyperparameter tuning, a
learning rate decay strategy is implemented, whereby the learning rate is halved after every 10
epochs. Additionally, the early stopping criterion is established to halt training when the loss on
the validation set exhibits no improvement over 5 consecutive epochs. The multi-task loss
function associated with YOLOv11 is employed to optimize both bounding box regression and
classification tasks. Furthermore, the Adam optimizer is utilized for the training process,
contributing to the overall efficacy of the model performance.
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Figure 9. Analysis of the dataset

In this study, we conducted 200 rounds of training on the helmet dataset utilizing the
enhanced YOLOv11 network model. The resultant detailed informative analysis of the helmet
dataset is presented in Figure 9. Specifically, Figure 9(a) illustrates the helmet dataset
subsequent to format conversion and data augmentation in the preliminary phase, comprising a
total of 6,100 samples, with 3,500 representing worn helmets and 2,600 corresponding to
unworn helmets. Figure 9(b) depicts the position coordinates of the center points of the anchor
frames, where the horizontal and vertical axes represent these coordinates (X, Y). The intensity
of color in this figure indicates the concentration of the center points at specific coordinates; a
darker hue signifies a higher concentration. The analysis reveals a relatively uniform
distribution of safety helmets within the training dataset, although a notable concern persists
with the skewing of some samples towards the lower right corner. Furthermore, Figure 9(c)
illustrates the dimensions of the detected objects in the dataset, specifically the width and
height expressed as a percentage of the overall size of the targets. The representation indicates
that darker shades are associated with smaller volume detected targets, suggesting that these
smaller objects constitute a significant percentage of the detection targets. This observation
aligns with the practical scenarios of scaling and !ong-distance object detection.

4.4. Assessment of model validity

The experiments conducted in this study employ Mean Average Precision(mAP) and
detection rate as key metrics to assess the performance of the target detection model. mAP
serves as an aggregate measure of the Average Precision(AP) across all target classes. The
computation of AP integrates both the precision rate(P) and the recall rate(R). In evaluating the
model’s performance, the experiments utilize frame rate, mAP, and detection rate, with mAP
providing a comprehernsive representation of the model's average precision across various
target classes. Frame rate, defined as the quantity of frames processed per second, is a crucial
parameter, with a higher frame rate indicating better performance. mAP is particularly
informative as it encapsulates the overall detection efficacy of the model across all categories,
while simultaneously accounting for both precision and recall metrics. The evaluation
parameters are derived as follows: precision (P) is calculated according to the established
formula:

po TP
TP+FP

Where P denotes the precision rate; True Positives(TP) represents the number of positive
samples (target samples) that are correctly identified as positive; False Positives(FP) indicates
the number of negative samples (non-target samples) that are incorrectly identified as positive;
and TP + FP is the total number of positive and negative samples detected by the model.

Recall (R) is calculated using the following formula:

R=_1P _
TP+FN

Where R denotes the recall rate, TP represents the number of positive samples that are
correctly identified as positive, while False Negatives(FN) indicates the number of positive
samples that are incorrectly identified as negative.

The average precision (AP) is calculated as follows:

(3)

4)
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Where P represents precision and R denotes recall.

For each category c, calculate its AP value, i.e., the size of the area under the precision and
recall curve for that category. In the case of discretisation, the AP can be calculated in the
following way:

N
AP.=a(R,- R,))P, (6)
n_l

where P, and R, are the precision and recall at the nth threshold, respectively, and N is the
number of thresholds. Ry-Ry.1 is the increment of recall, and AP, is the corresponding precision.
In summary, the formula for the average AP value for all categories C, i.e., mAP, is derived:

mP=—_3 4p
Clec

where |C| is the total number of categories. For multi-category target detection tasks, mAP
provides a measure of overall performance that reflects the average effect of the model across
all categories.

(7)

5. Experiments and Results

5.1. Typical case studies

Real-time unsafe behaviour detection on edge devices using the trained YOLOv11 model.
Limited to the length of the article, the following focuses on helmet and action class recognition
as an example.

5.1.1 Recognizing the wearing of helmets

The initial phase of dataset construction involves the identification of relevant data sources
and a comprehensive analysis of the dataset. In the investigation of unsafe behaviors exhibited
by underground personnel, primary data were collected from critical locations, including the
open-off cut working face and the travelling roadway within a mine located in Yulin. To
document the unsafe behaviors of personnel underground, data were captured utilizing
explosion-proof mobile phones, supplemented by the review of surveillance footage from
various areas of the mine, including the working face and travelling roadway. Additionally, the
collaboration and assistance of underground staff were instrumental in obtaining this data.The
examination of unsafe behaviors among underground personnel remains in its infancy within
the realm of coal mining, resulting in a significant lack of dedicated datasets addressing such
behaviors. To mitigate the deficiency of datasets documenting unsafe practices in this sector,
the current study incorporated publicly available datasets, including COCO, SHWD, the Hard
Workers Dataset, Safety Helmet Detection, and the Helmet Dataset, which pertain to non-
mining contexts. Furthermore, a controlled laboratory environment was utilized to simulate
underground scenarios, thereby generating an auxiliary dataset for analysis. The training
regimen for the enhanced YOLOv11 network consisted of 200 epochs, with a training batch size
established at 50 images per iteration. The Intersection over Union (IOU) threshold was set at
0.6, indicating that a predicted bounding box must overlap with the ground truth box by 60% or
more to be considered a successful detection of the target object. This methodological
framework aims to advance the understanding of unsafe behaviors among underground mine

personnel through improved data collection and ?nal sis techniques.
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Figure 10. Effectiveness of Wearing Safety Helmets




After preprocessing and training the measured dataset alongside the public dataset, we
take helmet-wearing detection as an example. The helmets are initially labeled with the tags
“helmet” and “no-helmet,” as defined by the labeling tool “Labellmg.” Specifically, wearing a
helmet is labeled as “helmet,” while not wearing a helmet is labeled as “no-helmet.” The
detection results are illustrated in Figure 10. These results demonstrate that the improved
YOLOv11x model presented in this paper can effectively detect helmet usage, regardless of
varying illumination conditions—whether excessively bright or dim—or in complex
backgrounds. Additionally, the model performs well even at long distances and with small-sized
individuals. Furthermore, the enhanced model meets the requirements for multi-person
detection, yielding accurate results.

5.1.2 Recognizing character movement

Human Skeletal Keypoint Estimation constitutes a fundamental aspect in the domain of
computer vision and human pose analysis, involving the precise identification of anatomical
landmarks of the human body from visual input, such as images. This process encompasses not
only the localization of these keypoints—predominantly situated in the arms, legs, head, and
other significant body regions—but also the accurate interconnection of these points to
synthesize a coherent skeletal representation of the human form. The keypoint data model
presented in this study adheres to the widely recognized COCO dataset format, encompassing a
total of eighteen keypoints representing the human skeleton, designated from 0 to 17
sequentially. The corresponding body keypoint information and the resultant processing
outcomes are illustrated in Figure 11 of the paper.

The algorithm for action class recognition presents a notable level of complexity, wherein
the posture estimation module serves as a pivotal component of the YOLOV11-pose model. The
core concept involves the extraction of the original feature map via the YOLOV11 feature
extraction network to acquire pertinent information regarding the key points of the human
skeleton. This process subsequently leads to the generation of 2 human skeleton map following
appropriate information processing. To establish a framework for classification, specific
judgment criteria are defined. These criteria involve the computation of various metrics, such
as the distance, height, and angles among the joints within the human skeleton map. This
calculated index information is then juxtaposed with threshold values predetermined by the
trained model, facilitating a comparative anaiysis. Ultimately, this method culminates in the
classification of unsafe behaviors based on the identified skeletal characteristics and their
alignment with the established thresholds.
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Figure 11. Map of key human body parts and their visual attention hotspots

This image illustrates the application of YOLOv11l for the identification of key skeletal
points in miners. Through a detailed analysis of video frames, YOLOv11 accurately detects and
labels various key anatomical landmarks on the miner's body, including the nose, eyes,
shoulders, elbows, palms, knees, and feet. The capability to detect these key points facilitates
the real-time capture of postural changes in miners. By analyzing this posture-related
information, one can effectively evaluate the miner's behavioral state, thereby identifying
instances of unsafe behavior. Figure 12 presents the results derived from YOLOv11's analysis of
miners' skeletal postures, yielding extensive behavioral data from an image analysis
perspective. The frame-by-frame examination enables accurate labeling of each key point, such




as the nose, shoulders, and palms, allowing for the continuous tracking of the miner's motion
trajectory. This information on postural changes supports a multi-perspective timing analysis,
enabling the identification of behavioral patterns. By examining the temporal variations at each
key point, it becomes feasible to ascertain potential unsafe behaviors, including improper
bending and rapid movements, which may elevate safety risks. Furthermore, the data related to
postural changes serves as a fundamental basis for subsequent behavioral feature extraction,
ultimately contributing to a more thorough assessment of workplace risks and informing the
implementation of appropriate safety measures.

Figure 12. Skeletal recognition results of workers in walking and working conditions

5.2. Anomaly Recognition Cases

The abnormal operating behaviors exhibited by coal miners encompass unsafe equipment
usage, improper postures of personnel, and erroneous identification of personnel's positions.
Table 5 delineates the identification results of typical safety concerns within the mining
environment, assessed through the application of machine vision technology. These concerns
primarily include unauthorized access of personnel to hazardous areas, irregular operating
behaviors, and safety monitoring within dangerous zones. Through the identification and
monitoring of these behaviors, it is possible to issue timely warnings and avert accidents,
thereby enhancing safety management practices in the mining context and mitigating risks
associated with non-compliant operations.

Table 5. Typical case analysis and identification results

Case Name Basis for case judgement Recognition effect
The machine vision model is used to
identify whether there is a person
Unusual entering the danger zone of the scraper
entry conveyor in the comprehensive mining
identification | face, such as identifying that there is a

of personnel | person entering the danger zone when
the transfer machine and the roadway

belt conveyor are running.
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timely manner.




6. Applications and Discussions

6.1. Comprehensive identification analysis

To assess the visualization effectiveness of the proposed method in the recognition of nine
categories of miners' behavior, specific parameters were established. The confidence threshold
was set at 0.25, while the Intersection over Union (IoU) threshold was set at 0.35. Original
images were selected from the test dataset to represent five behavioral categories: falling, not
wearing a helmet, riding illegally, traversing equipment, and entering hazardous areas, as
detailed in Table 6. This methodological approach aims to provide a comprehensive analysis of
miner behavior recognition within the defined categories. Table 6 illustrates the efficacy of
three distinct methodologies employed for the video recognition of miners' behaviors within
mining environments. The observed behaviors encompass helmet utilization, identification of
hazardous areas, crossing safety barriers, drilling activities, ambulation, and usage of mine
overhead passenger transport devices. A comparative analysis reveals variations among the
methodologies concerning accuracy, localization of detection frames, and the processing of
complex backgrounds. Notably, the methodologies do not exhibit uniform effectiveness in the
identification of hazardous areas and the detection of multiple individuals. Furthermore, certain
methods demonstrate limited performance when confronted with intricate background
conditions. Nevertheless, the overall effectiveness of these approaches in recognizing miners'
behaviors is evident. This comparative evaluation serves as a significant reference point for the
ongoing enhancement of safety monitoring practices in mining operations.

Table 6. Comparative analysis of identification effects of multiple methods

Type image YOLOvV5 YOLOvVS YOLOv11

Helmet

Region
al risk

Across
the belt

Rilling

Mine
overhea
d
passen
ger
transpo
rt
devices

The analysis presented in Table 6 elucidates the comparative performance of various
detection methodologies applied to the mining environment. The original image serves as a
reference for the unprocessed scene, while 'Method 1', 'Method 2', and 'Method 3' represent
the outcomes yielded by each respective detection technique. (1) Helmet Wearing Detection: All




three methods successfully identify whether a miner is wearing a helmet; however, subtle
discrepancies arise in terms of accuracy and the delineation of bounding boxes. (2) Hazardous
Area Identification: Notable variances are observed in the results for hazardous area
identification among the three methods. Specifically, differences manifest in the selection and
labeling of boundary lines, reflecting distinct interpretations of the geographical extent of
hazardous areas. (3) Detection of Behavioral Actions: Each method demonstrates proficiency in
detecting various behavioral actions, such as crossing belts, drilling, walking, and the use of
mine overhead passenger transport systems. Nevertheless, differences in precise positioning,
detection frame accuracy, and personnel identification are evident. Certain methodologies
exhibited superior performance in scenarios involving multiple miners, while others
encountered challenges in detecting activities against complex backgrounds. In summary, the
findings encapsulated in this table underscore the applicability, strengths, and limitations
inherent in diverse detection techniques within mining contexts, elucidating the nuanced
differences across various methodologies.

6.2. Analyses and tests

To assess the effectiveness of the integrated modules in YOLOv11l, we conducted a
comprehensive ablation study consisting of 100 iterations utilizing the Miner-Action dataset.
YOLOv11 served as the baseline network, to which we sequentially incorporated DnCNN
denoising, the Fuzzy C-Means (FCM) module, and K-means++ optimization techniques. The
evaluation metrics employed in this ablation study included precision, recall, inference time,
and training duration. We performed a comparative analysis of various model configurations
based on metrics such as mean Average Precision (mAP), precision, recall, inference time, and
training time. The results were systematically visualized through tables and graphs to facilitate
an effective comparison of the algorithms' performance across the different evaluation metrics.
Specifically, Table 7 and Figure 13 present the findings of tliis comparative analysis. Table 7
details the performance comparison among the different model configurations, thereby
substantiating the efficacy of the proposed DnCNN denocising, the FCM module, and the K-
means++ anchor frame optimization in enhancing the performance of mining worker behavior
detection.

Table 7. Table of ablation comparison

Inference | Training

Model DnCNN FCM K-means++ mAP@0.5/% F1/% time /ms time /h

YOLOv11 l 73.1 69 6.8 12.5
YOLOv11 v \ 89.5% 89 7.4 14.2
YOLOV11 v \~ 92.7% 93 8.7 15

YOLOv11 v T Y v 94.7 95 7.0 13.04

Figure 13 (a) illustrates the performance evaluation of Average Precision (AP) across five
distinct miner behavioral categories, taking into account the implementation of various ablation
modules. The data presented in Figure 13 (a) reveals that the AP for the traversing equipment
behavioral category attains an impressive 95.4%. This high performance can be attributed to
the reduced similarity in the range of strenuous movements compared to other behavioral
categories, thereby facilitating more accurate identification. However, in complex mining
environments where the activities of miners may be constrained, certain unsafe behaviors
exhibit a significant correlation with the surrounding environment. Notably, as depicted in
Figure 13 (a), while the precision and recall metrics for the drilling category are comparatively
low, it nonetheless meets the anticipated performance outcomes.




(a) Comparison of Behavioural Category Recognition
Accuracy

(b) Model Performance Comparison

Figure 13. The performance evaluation of miner behavior dataset by ablation study

The results depicted in Figure 14 illustrate the superior performance of the enhanced
YOLO model employed in this study when compared to its original counterpart in the context of
downhole environments. This improvement can be attributed to the DnCNN algorithm's
adeptness at mitigating noise generated by the distinctive conditions encountered in downhole
settings, which often include blurred contours, grainy backgrounds, and shadows resulting
from uneven lighting. Such advancements facilitate a more accurate recognition of critical
details and features within the images analyzed. Furthermoie, the integration of the Fuzzy C-
Means (FCM) module enhances the model's capacity to identify significant regions within
complex background environments. The comparafive experiments conducted validate the
efficacy of the proposed DnCNN denoising technique, the FCM module, and the K-means++
anchor frame optimization in augmenting the performance of mining worker behavior
detection. Through a series of ablafion experiments, noteworthy findings emerged: the
amalgamation of DnCNN and the FCM module resulted in a mean Average Precision (mAP) of
92.7%, accompanied by substantial improvements in precision and recall metrics. Nevertheless,
it is important to note that these enhancements were accompanied by a slight increase in both
inference and training times. The subsequent integration of DnCNN, the FCM module, and K-
means++ anchor frame optimization further elevated the mAP to 94.7%, with an inference time
of 7.0 ms and a training duration of 13.04 hours, thus achieving a commendable equilibrium
between accuracy and computational efficiency.
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Figure 14. Model Effect Comparison

6.3. Comparative analysis

In the context of miner behavior recognition within intricate underground operating
environments, conventional recognition methodologies often fall short of the requisite
performance standards regarding computational efficiency and recognition accuracy. This




study proposes an enhanced collaborative architecture predicated on YOLOv11, specifically
designed for the precise detection of miners' behaviors, and conducts an empirical evaluation
utilizing the Miner-Action dataset. The approach incorporates video segmentation sampling,
which facilitates the extraction of key frames depicting non-standard actions performed by
miners in video footage. Significantly, this architecture integrates deformable convolution into
the network backbone, thereby enhancing the extraction of pivotal features. To further elevate
network efficiency, we introduce an augmented collaborative loss function that accelerates
convergence during training. Empirical analyses underscore the proposed method's
advantages, including a relatively modest parameter count, abbreviated training duration, and
elevated detection accuracy. This method achieves a commendable balance between
computational speed and recognition accuracy, enabling the identification of non-standard
behaviors among miners—a factor of paramount importance for ensuring the safety of
personnel in underground environments. To substantiate the effectiveness of the proposed
methodology, a comparative analysis is executed against conventional methods, with findings
detailed in Table 8 and illustrated in Fig. 15.

Table 8. Table of ablation comparison

Model Input size mAP@0.5/% Parameters /m Training time /h
YOLOvV5 640%x640 59.6 7.07 11.15
YOLOvV8 640%x640 67.5 7 13
YOLOv11 640x640 73.1 6.8 12.5

Improved YOLO 640x640 95.7 7.0 13.04
e (rorene grrensereens®
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Figure 15. The mAP of different methods

In future research endeavors, there is a pressing need to enhance the recognition of
miners' behaviors, decrease the false recognition rate, and bolster the resilience of complex
systems against interference. Specifically, the improvement of anti-interference capabilities in
intricate underground environments is crucial. Currently, the proposed method for classifying
miners' behavior remains underdeveloped, particularly regarding the classification of behaviors
under the shielding of mining equipment. Furthermore, the real-time application of the
structural model within operational mines is still under investigation. Subsequent research
should prioritize exploring the diversity of non-standard behavioral categories exhibited by
miners, as well as the real-time implementation of structural models pertaining to these
behaviors in mining contexts. The examination of this diversity, coupled with the deployment of
network models in terminal devices within underground mines, promises to advance the
effectiveness and reliability of behavioral recognition systems in such challenging
environments.




7. Conclusion

1) In the context of coal mine safety, the behavioral characteristics associated with the
unsafe practices of underground personnel can be systematically categorized. Based on an
analysis of prevalent habits and contributory factors affecting the work of underground
personnel, unsafe behaviors are classified into three primary categories: object-type unsafe
behaviors, action-type unsafe behaviors, and area-type unsafe behaviors. This classification
framework serves to facilitate a more efficient analysis and intervention process regarding the
unsafe behaviors exhibited by personnel in coal mining environments. By adopting this
structured approach, it is possible to enhance the understanding and management of safety
risks associated with underground operations.

2) This study enhances the traditional YOLOv11 and YOLO-Pose target detection algorithms
by incorporating a functional DnCNN denoising enhancement module along with a K-means++
algorithm for target anchor frame optimization. These advancements significantly augment the
efficiency and accuracy of the algorithms in detecting three specific categories of unsafe
behaviors exhibited by underground personnel.

3) Utilizing advancements in the YOLOv11 and YOLOv11-Pose target detection algorithms,
this study presents a comprehensive early warning model designed to identify unsafe behaviors
among underground personnel. Additionally, a systematic network architecture facilitating
communication between underground and surface environments is proposed. Experimental
validation demonstrates that the methodology outlined in this paper significantly enhances
recognition precision and accuracy when compared to traditional approaches.

4) The research predominantly examines the definitions and underlying causes of unsafe
behaviors exhibited by underground personnel. It also emphasizes the development of swift and
effective methodologies for the identification of such behaviors. While the study engages in a
preliminary discourse regarding the locational and attribute-related information of
underground workers, it recognizes the necessity for future in-depth investigations into the
spatial positioning of personnel as well as the operational dynamics of equipment and
apparatus utilized in underground environments.
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