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Dongyu Zhang

School of Computer Science and Technology, Henan Polytechnic University, Jiaozuo 454000, Henan, China

Abstract: Aiming at the challenges of insufficient illumination, heavy dust interference, large scale variation of targets, and
limited computational resources of edge devicesin underground coal mine drilling scenarios, this paper proposes a lightweight
object detection model named YOLO-Drill. The proposed model is developed based on the YOLO framework with several
improvements. First, a Lightweight Drill Feature Block (LDFB) is designed by integrating depthwise separable convolutionand
directional perception mechanisms, which reduces computational complexity while enhancing the representation ability of
slendertargets. Second, a Drill-Aware Feature Pyramid Network (DAFPN) is constructed to achieve efficient multi-scale feature
fusion through bidirectional cross-layer interaction and attention weighting, thereby improving the detection performance of
small and occluded targets. In addition,a scene-adaptive data augmentation strategy is introduced to enhance the robustness of
the model under low-light, high-dust, and low-contrast conditions. Finally, the CIoU loss is adopted to optimize bounding box
regression and improve localization accuracy. Experimental results on the self-constructed Drill Scene Dataset (DSD)
demonstrate that the proposed YOLO-Drill achieves 85.2% mAP@0.5 and 51.0% mAP@0.5:0.95, which outperform the
baseline by 6.6% and 5.8%, re-spectively. Meanwhile, the model maintains a lightweight structure with only 6.0M parameters
and 19.9 GFLOPs, achieving a real-time inference speed of 87.9 FPS. The results verify that the proposed method effectively
balances detection accuracy and computational efficiency, showing strong applicability in underground coal mine drilling
scenarios.
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1. Introduction

Coal mine underground drilling is a core operation in coal
production, directly affecting the safety and efficiency of
mining activities. Real-time and accurate detection ofdrilling
targets (such as drill body, drill pipe, drill bit,and drill tail) is
a fundamental prerequisite for achieving intelligent
monitoring of underground operations, preventing equipment
failures, and ensuring the safety of workers [1]. However, the
harsh underground working environment poses significant
challenges to object detection tasks, severely limiting the
effectiveness of traditional detection models [2].

At present, mainstream object detection models
represented by YOLO series [3], Faster R-CNN [4] and
CenterNet [5] have achieved excellentperformance in general
scenarios. However, they exhibit obvious limitations when
applied to underground drilling target detection in coal mines.
On the one hand, wunderground environments are
characterized by insufficient illumination, severe dust
interference, low image contrast, and significant noise, which
result in blurred target features and poor distinction between
targets and background [6], leading to frequent false
detections and missed detections. On the other hand,
underground detection devices are typically edge computing
systems with limited computational power and memory,
making it difficult for traditional models with large parameter
sizes and high computational complexity to meet real-time
detection requirements [7]. In addition, drilling targets are
mostly slender structures, and conventional feature extraction
and multi-scale fusion methods struggle to effectively capture
their contour and morphological characteristics, resulting in
low localization accuracy.

To address the above issues, this paper proposes a
lightweight object detection model, YOLO-Drill, based on
the YOLO framework and tailored for underground drilling
target detection. The main improvements of the proposed

model include: designing a lightweight drill feature extraction
block (LDFB) to enhance slender object feature
representation while reducing model complexity; proposing
an improved multi-scale feature fusion structure (DAFPN) to
handle large scale variations of underground targets;
introducing a scene-adaptive optimization strategy to
improve robustness under harsh conditions; and optimizing
the loss function to enhance localization accuracy of drilling
targets.

The main contributions of this paper are summarized as
follows: (1) a lightweight feature extraction module LDFB is
designed, integrating depthwise separable convolution and
directional awareness mechanisms to achieve both
computational efficiency and task-specific feature extraction;
(2) an improved multi-scale feature fusion structure DAFPN
is proposed, which enhances detection performance for small
and occluded targets through bidirectional cross-layer
interaction and attention weighting; (3)a scene-adaptive data
augmentation strategy forharsh underground environments is
constructed, improving model adaptability to low-light and
high-dust conditions without increasing inference burden; (4)
the CloU lossis adopted to optimize bounding box regression,
enhancing localization accuracy for slender drilling targets
while balancing training stability and detection precision.

The remainder of this paper is organized as follows:
Chapter 2 reviews related work on object detection in coal
mine scenarios and multi-scale feature fusion; Chapter 3
presents the overall architecture and key module designs of
the YOLO-Drill model; Chapter 4 validates the effectiveness
of the proposed method through ablation and comparative
experiments, along with visualization analysis; Chapter 5
concludes the paper and discusses limitations and future
research directions.



2. Related-work

2.1. Object Detection in Underground Coal
Mine Scenarios

In recent years, with the advancement of coal mine
intelligence, an increasing number of researchers have
applied object detection technologies to underground
scenarios, focusing on addressing challenges such as harsh
environments and poor real-time performance [8]. Existing
studies can generally be divided into two categories:
improvements to traditional models and the design of
customized lightweight models.

In terms of improving traditional models, some researchers
have optimized existing frameworks based on the
characteristics of underground environments. For example,
Chen et al. introduced a spatial attention mechanisminto the
YOLO framework to address uneven illumination and noise
interference in underground images, effectively enhancing
target perception in low-quality images; however, the model
still incurs considerable computational cost, limiting its
application on edge devices [9]. Zhou et al. tackled image
degradation caused by high dust conditions by incorporating
dehazing enhancement and cross-modal feature fusion into
the YOLO model, improving detection accuracy in complex
environments, but at the expense of increased model
complexity [10]. In addition, some studies enhance detection
heads or feature modeling strategies to improve recognition
performance under occlusion and low-contrast conditions,
often sacrificing inference speed [11].

2.2. Multi-scale Feature Fusion Technology

Multi-scale feature fusion is a key technique in object
detection, effectively addressing the problem of large
variationsin object scale. Traditional feature fusion methods
can be broadly -categorized into unidirectional and
bidirectional fusion. The Feature Pyramid Network (FPN)
proposed by Lin et al. achieves top-down feature fusion [12],
transferring high-level semantic features to lower layers to
improve small object detection. However, it lacks sufficient
interaction between shallow and deep features, resulting in
underutilization of fine-grained details.

To address this issue, various improved multi-scale fusion
structures have been proposed. Path Aggregation Network
(PANet) [13] introduces a bottom-up fusion path on top of
FPN, enabling bidirectional feature interaction and improving
detection accuracy formedium and small objects. BiFPN [14]
further optimizes fusion paths by removing redundant feature
layers, enhancing efficiency, though its complex structure
increases computational cost. Additionally, attention
mechanisms such as CBAM have been incorporated into
feature fusion, enabling the model to emphasize informative
features and suppress background noise, thereby improving
feature representation capability.

In the field of underground coal mine object detection,
multi-scale feature fusion techniques have also been widely
applied. Existing studies indicate that introducing multi-scale
feature interaction can improve detection performance for
small and occluded targets to a certain extent. However, due
to the complexity ofunderground environments—such as low
illumination, heavy dust interference, and the slender shape
of targets—existing fusion methods based on FPN and PANet
still exhibit limitations in practical applications. On the one
hand, although multi-scale fusion enhances semantic
representation, it has limited capability in capturing fine-
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grained structural features, making it difficult to accurately
describe slenderobjects such as drill pipes. On the otherhand,
most existing fusion structures have high computational
complexity and lack lightweight optimization tailored for
underground edge devices, thereby limiting their real-time
performance and deployment efficiency.

2.3. Lightweight Neural Network Design

Lightweight neural network design is a key approach to
addressing the computational constraints of underground
edge devices. The main strategies include model pruning,
quantization, and lightweight architecture design. Among
them, lightweight network architectures such as MobileNet
[16], ShuffleNet [17] and EfficientNet [18] have become
mainstream research directionsdue to their ability to achieve
a good balance between accuracy and efficiency.

MobileNet replaces standard convolutions with depthwise
separable convolutions, significantly reducing the number of
parameters and computational complexity. MobileNetV2
further enhances feature extraction capability and efficiency
by introducing inverted residual structures and linear
bottlenecks. ShuffleNet addresses the issue of inter-channel
information isolation through channel shuffle operations,
improving model performance under low parameter budgets.
EfficientNet adopts compound scaling to jointly adjust
network depth, width, and resolution, achieving better
performance with fewer parameters.

In underground coal mine object detection applications,
lightweight network structures have been increasingly
adopted. For example, Luo et al. proposed a lightweight
detection method based on YOLOvS by improving the
backbone and feature fusion structure, significantly reducing
model parameters and computational complexity while
maintaining detection accuracy, making it more suitable for
real-time underground scenarios [19]. Fan et al. proposed the
CM-YOLOv8 model, achieving approximately 40% model
compression through pruning and lightweight design
strategies, while maintaining high detection accuracy in fully
mechanized mining face scenarios [20]. However, existing
lightweight methods mainly focus on model compression and
general object detection, and still lack sufficient capability in
representing slender drilling targets.

In summary, current technologies for underground drilling
target detection in coal mines still suffer from poor
environmental adaptability, difficulty in balancing accuracy
and efficiency, and insufficient specialization for slender
targets. Multi-scale feature fusion and lightweight neural
network design provide effective technical support for
addressing these challenges; however, integrated designs that
jointly consider scenario characteristics, target properties, and
engineering deployment requirements are still lacking.
Therefore, this paper proposes the YOLO-Drill model by
integrating lightweight feature extraction, customized multi-
scale fusion, scene-adaptive enhancement, and loss function
optimization to address key technical challenges in
underground drilling target detection and provide technical
support for intelligent monitoring of drilling operations.

3. Method
3.1. Overall Architecture of YOLO-Drill

To address challenges such as insufficient illumination,
complex backgrounds, and limited computational resources
in underground drilling target detection tasks, this paper



proposes a lightweight object detection model, termed
YOLO-Drill, based on the YOLO framework. The overall
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Figure 1. Overall Architecture of the YOLO-Drill Model

The model mainly consists of three components: a
backbone network incorporating the lightweight feature
extraction module (LDFB), an improved multi-scale feature
fusion structure (DAFPN), and a detection head.

Given an inputimage I € R¥*W*3 the model first extracts
multi-level features through the backbone network, then
integrates multi-scale information via the feature fusion
network, and finally outputs object categories and location
information through the detection head.

3.2. Lightweight Feature Extraction Module
(LDFB)

3.2.1. Problem Analysis

Object detection models deployed in underground coal
mines are typically required to operate on edge devices with
limited computational power and memory, imposing strict
constraints on model complexity, parameter size, and
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inference speed. Traditional YOLO models employ feature
extraction modules such as C2 and C3, which rely on standard
convolutions and dense connections, resulting in parameter
redundancy and computational inefficiency, making them
unsuitable for efficient deployment on underground edge
devices.

Meanwhile, drilling targets such as drill pipes, drill bits,
and drilling rigs are mostly slender structures with strong
directional characteristics. Standard convolution operations
are insufficient to capture such directional features and are
easily affected by noise such as dust and shadows. To address
thisissue, this paper proposes a lightweight feature extraction
module for slender targets, termed Lightweight Drill Feature
Block (LDFB), which integrates directional awareness
mechanisms into depthwise separable convolution to achieve
both lightweight computation and task-specific feature
extraction.

Pointwise Convolution

Figure 2. Structure of the Lightweight Drill Feature Block (LDFB)



3.2.2. Module Structure

As shown in Fig. 2, the LDFB module is built upon
depthwise  separable convolution and incorporates
asymmetric convolution kernels and residual connections to
significantly reduce computational cost while enhancing the
extraction of edge and contour features of slender drilling
targets.

The computational complexity of standard convolution is:

1)

The computational complexity of depthwise separable
convolution is:

Csg = HXW X K? X (G, X C

out

Cagw =HXWXKZXC, + HXW X G, X C )

Where H and W denote the feature map size, K is the
kernel size, and C;,, Cy,. are the inputand output channels,
respectively. Under the same configuration, the
computational cost of LDFB is only about 1/8—1/10 of
standard convolution.

Residual connections are introduced to prevent gradient
vanishing in deep networks, ensuring stable feature extraction
under lightweight design.

3.2.3. Module Advantages

First, the module achieves extreme lightweight design by
significantly reducing parameters and computational
complexity, making it suitable for deployment on
underground edge devices.

Second, LDFB enhances target perception capability by
incorporating directional convolution structures tailored for
slender targets, effectively extracting edge and contour
features while suppressing background noise such as dust and
shadows.

Third, the module ensures high inference efficiency

out

without introducing complex operators oradditional branches.

Finally, residual connections improve feature stability,
allowing robust feature extraction even under low
illumination and high dust conditions.

3.3. Improved Multi-scale Feature Fusion
Structure (DAFPN)

3.3.1. Problem Analysis

Underground drilling targets exhibit large scale variations,
frequent occlusion, and dense distribution. Traditional FPN
only performs top-down unidirectional fusion and lacks
bidirectional interaction, resulting in insufficient feature
representation for small and occluded targets.

To address this, a Drill-Aware Feature Pyramid Network
(DAFPN) is proposed, which incorporates bidirectional
cross-layer connections and lightweight channel attention
mechanisms to achieve efficient multi-scale fusion and
enhanced target feature representation.

3.3.2. Module Structure

As illustrated in Fig. 3, the DAFPN adopts a bidirectional
feature fusion architecture, which enables feature interaction
and enhancement across three scales: P3, P4, and P5.

In the top-down pathway, the feature map at the P5 level is
first upsampled to a higher resolution and then concatenated
with the feature maps from P3 and P4. This process transfers
rich semantic information from deeper layers to shallower
layers, thereby enhancing the representation of fine-grained
details.

In the bottom-up pathway, the initially fused P3 features
are downsampled via convolution to align with the spatial
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resolutions of P4 and PS5, followed by further fusion with
these higher-level features. This mechanism facilitates the
feedback of detailed shallow-layer information to deeper
layers, strengthening multi-scale semantic representation.
Through this bidirectional interaction, DAFPN enables
sufficient information flow and complementarity across
feature levels, effectively improving the detection
performance for objects with significant scale variations.

1024
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P3
256 256
Backbone
Figure 3. Structure of the Drill-Aware Feature Pyramid Network

(DAFPN)

Through the above bidirectional fusion, P3 and P4 achieve
comprehensive interaction between shallow details and deep
semantics, effectively alleviating the issue of large scale
variation in underground drill rods.

Meanwhile, a SE channel attention (lightweight Squeeze-
and-Excitation) mechanism is introduced at feature fusion
nodes, which adaptively learns to emphasize channels
relevant to drilling targets while suppressing interference
caused by dust, shadows, and other background noise.

The feature fusion process can be formulated as:

Four = Z?‘:1 w; - F - A(F;) 3)

Where F; denotes the input feature at the i-th scale, w;
represents the learnable fusion weight, and A(F;) is the
attention coefficient. The attention mechanism automatically
assigns weights to focus on regions containing drilling targets,
thereby enhancing robustness under complex conditions.

Compared with traditional FPN, DAFPN expands the
receptive field through bidirectional cross-layer connections
and improves effective feature weighting via target-aware
attention, significantly enhancing the detection performance
for small, occluded, and scale-variant targets.

3.3.3. Module Advantages

The DAFPN module offers several advantages:

First, it significantly enhances multi-scale feature
representation. The bidirectional fusion design enables
sufficient interaction across feature levels, allowing the model
to betteradapt to large scale variations in underground targets.

Second, the introduced lightweight attention mechanism
strengthens target-related features. It adaptively highlights
channels associated with drilling objects while suppressing
interference from dust, shadows, and other complex
background factors, thus improving feature robustness.

Third, DAFPN maintains a well-controlled computational
overhead. The design avoids complex structures and high-
parameter operators, achieving improved detection
performance while preserving model lightweightness,
making it suitable for deployment on resource-constrained
underground devices.

Additionally, DAFPN improves small object detection
performance. By enhancing the utilization of shallow high-
resolution features, it preserves fine-grained details of small



targets such as drill bits, reducing missed detections and
improving accuracy in complex scenarios.

3.4. Scene-Adaptive Optimization Strategy

3.4.1. Problem Analysis

The unique working environment in coal mines poses
severe challenges to object detection, primarily reflected in
four aspects: complex lighting conditions, as underground
operations rely entirely on artificial lighting with uneven
distribution, often resulting in large shadows and local
overexposure that severely interfere with object details;
severe dust interference, where coal dust generated during
drilling causes image blurring and fogging, leading to the loss
of object edges and texture information; low image contrast,
as the coal-rock background closely resembles the color of
drill pipes, making it difficult to distinguish between the
target and the background; and significant noise interference,
where equipment vibration and sensor contamination
introduce image noise, further degrading image quality. These
issues directly affect the feature extraction capability of
models, leading to false detections and missed detections of
targets. Therefore, it is necessary to design targeted scene-
adaptive optimization strategies to improve detection
performance in complex underground environments.

3.4.2. Data Augmentation Strategy

In response to the harsh visual environment in underground
coal mines, such as uneven lighting, dust interference, low
contrast, and noise pollution, a scene-adaptive data
augmentation strategy is introduced during the model training
phase to improve the model's robustness under real-world
conditions.

The strategy first employs a low-light adaptive
enhancement method, which combines Gamma nonlinear
correction and dynamic brightness adjustment to perform
adaptive image brightness processing. The transformation
formula is as follows:

—_1Y
I _Iin

4)

Where y€[0.5, 2.0]. This method effectively brightens the
dark regions underground while suppressing the over-
saturation of the bright areas, addressing the issue of uneven
lighting distribution.

To simulate the dusty underground environment, the
strategy introduces dust simulation augmentation. Using
mathematical morphology, a dust mask with random
concentrations is generated and superimposed onto the
training images with a certain probability. This simulates the
visual degradation effects under different dust concentrations,
enhancing the model's adaptability to foggy and blurred
images.

For low contrast between the target and background,
Contrast Limited Adaptive Histogram Equalization (CLAHE)
is applied to enhance the contrast of local image regions,
emphasizing the edges and contours of the drill pipe and
improving the distinction between the target and coal rock
background.

Additionally, random noise perturbation is introduced by
adding mild Gaussian noise and salt-and-pepper noise to
simulate image degradation caused by underground
equipment vibration or contamination. This further improves
the model’s generalization ability in complex environments.

These data augmentation methods are only applied during
the training phase and do not add computational load during
inference, thus maintaining detection efficiency while

out
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enhancing the model's
underground environment.

performance under the harsh

3.4.3. Strategy Advantages

The core advantage of the proposed scene-adaptive
optimization strategy lies in its adaptation to the specific
conditions of underground coal mines, addressing the
practical needs of drilling target detection. It fills the gap in
general data augmentation methods, which are poorly suited
for underground environments. This strategy does not
introduce additional model computation overhead and does
notaffect inference speed, while effectively solving the issues
of blurred detection and missed detections due to low light
and high dust. It complements the previously proposed
lightweight feature extraction module and further enhances
the model’s ability to capture the features of slender targets
(such as the drill pipe) in complex conditions. The model
remains efficient and avoids redundant computation, aligning
perfectly with the deployment requirements of edge devices
in underground environments, while adhering to the overall
lightweight design philosophy. This provides reliable
technical support for future performance optimization.

3.5. Loss Function Optimization

To balance the stability of model training and the accuracy
of drilling target localization, the YOLO-Drill model employs
a loss function that combines classification loss, confidence
loss, and bounding box regression loss. The overall form is:

)

The classification loss L.s uses cross-entropy loss to
distinguish drilling targets from the background, improving
the model's accuracy in identifying target classes. The
confidenceloss Ly, also uses binary cross-entropy loss and is
responsible for determining the presence of a target in the
image, preventing the generation of unnecessary detection
boxes in complex underground backgrounds.

Due to the slender shape and high localization requirements
of'the drill pipe, the bounding box regression loss Ly, does
not use the traditional smooth L1 loss but instead employs
CloU (Complete Intersection over Union) loss. CloU
provides more comprehensive constraints in terms of
bounding box overlap, center distance, and aspect ratio,
enabling more precise localization of slender targets such as
the drill pipe and drill head while accelerating model
convergence.

The simplicity of this loss function structure and the use of
CloU optimization ensure stable training while significantly
improving target localization accuracy. This design aligns
with the model's lightweight approach, ensuring easy
convergence during training without increasing the inference
burden, making it more suitable for practical deployment in
underground coal mines.

L= Lcls + Lobj + Lbbox

4. Experimental Results and Analysis

4.1. Experimental Environment and
Parameter Configuration

The experiments were conducted on an Ubuntu 24.04LTS
operating system, with a 40-core Intel Xeon Gold 5218R CPU,
192GB RAM, and dual NVIDIA RTX A6000 GPUs (48GB
memory per GPU). The experiments were based on Python
3.8.2 and the PyTorch deep learming framework. The batch
size was set to 64, the image input size was 640x640,and the



initial learning rate was 0.01 for 300 training epochs. To
ensure training efficiency and stability, the experiments ran in
an isolated Conda virtual environment named YOLO-Drill.

4.2. Dataset Construction and Division

The experimental data was sourced from underground coal
mine drilling monitoring videos, from which image datasets
named Drill Scene Dataset (DSD) were created by frame
extraction. The DSD construction process followed the
principles of diversity, representativeness, and independence,
with systematic design during sample collection, cleaning, set
division, and target annotation to form a high-quality,
generalizable dataset for experiments.

During the initial data collection phase, monitoring videos
from actual coal mine deployments were used, covering
various coal mines, tunnels, work shifts, and lighting
conditions. The video material contained multiple complex
conditions, including uneven lighting, dust interference,
equipment occlusion, and cluttered backgrounds, ensuring
sufficient visual diversity across environments.

In the image sample extraction and cleaning phase, Python
scripts were used to sample frames at intervals of 20 to 30
frames, balancing sample diversity and avoiding excessive
redundancy. Structural similarity index (SSIM) was applied
to remove redundant frames, reducing interference from near-
identical samples. Key action nodes from each drilling
process (e.g., drilling start, drill pipe advancement, hole
completion, drill pipe withdrawal) were selected to ensure
comprehensive coverage of important states. After processing,
the DSD dataset contained 14 typical drilling operation scenes,
totaling 3495 high-quality image samples.

For dataset division, to better reflect the model's
generalization ability to unseen scenarios, the dataset was
divided without overlap ofimages across training, validation,
and test sets. The training set included 10 scenes, the
validation set contained 2 scenes, and the test set included 2
scenes, ensuring spatial layout, equipment configuration, and
operational phases were distinct between sets, thus enhancing
the objectivity and credibility of evaluation results.

[ drill-body —2 dril-head —=1 drill-pipe
Figure 4. DSD Annotation Examples and Label Categories

drill-tail

For image annotation, the open-source annotation tool
Labellmg was used to manually label all images in the dataset.
Four target categories were defined: drill head (Drill_head),
drill tail (Drill_tail), drill pipe (Drill_pipe), and drill body
(Drill_body), covering the main components of drilling
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equipment. The annotations were stored in XML format,
including target category and bounding box coordinates,
providing precise supervision signals for model training. The
DSD dataset included 2657 training images, 483 validation
images, and 355 test images, with some sample images shown
in Figure 4.

4.3. Evaluation Metrics

To comprehensively and objectively evaluate the model's
detection accuracy and practical applicability, the following
two categories of core evaluation metrics were selected:
4.3.1. Detection Accuracy Metrics

Precision: Measures the proportion oftrue positive samples
among all positive predictions. The formula is:

TP
TP+FP

Precision = ©6)
Where TP (True Positive) is the number of correctly
detected targets, and FP (False Positive) is the number of
misdetected non-targets.
Recall: Measures the proportion of true positive samples
among all actual positive samples. The formula is:

Recall = 7)
Where FN (False Negative)is the number of missed targets.
mAP@0.5: Average precision (AP) for all categories at an

intersection overunion (IoU) threshold of0.5, a core accuracy

metric in object detection.
mAP@0.5:0.95: The mean average precision from IoU
thresholds of 0.5 to 0.95, reported at steps of 0.05, providing

a more comprehensive performance measure across different

localization precision requirements.

F1-Score: The harmonic mean of precision and recall,
providing a balanced measure of the model’s accuracy,
calculated as:

TP+FN

Precision xRecall

F1=2x 8)

Precision +Recall

4.3.2. Model Complexity Metrics

Parameters: Measured in millions (M), reflecting the
model's storage overhead.

FLOPs: Measured in gigaflops (G), reflecting the model's
computational complexity.

FPS: Measured in frames per second (fps), reflecting the
model's real-time detection capability, providing the basis for
edge deployment in underground environments.

4.4. Ablation Experiments

4.4.1. Experimental Design

To verify the effectiveness of the three core improvements:
the LDFB lightweight feature extraction module, the DAFPN
multi-scale fusion module, and the scene-adaptive
enhancement strategy, we designed ablation experiments.
Starting from the original YOLO baseline model, each
module was sequentially added, and the model performance
was compared under different combinations. The experiment
strictly controlled variables by only adjusting the
activation/deactivation status of the target modules, while
keeping other hyperparameters and training processes
consistent. The results are shown in Table 1.



Table 1. Impact of core module combinations on model performance

YgrLﬂ(lj' +LDFB  +DAFPN | -+Enhancement mAP@0.5/%
d = = = 78.6
S \ - - 79.8
\ = v = 81.5
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d v v = 83.1
S \ \ 81.0
N = v \ 83.8
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4.4.2. Ablation Experiment Results and Analysis

From the ablation experiment results in Table 1, it can be
seen that each of the proposed improvements leads to varying
degrees of performance enhancement, verifying their
effectiveness.

First, after introducing the LDFB lightweight feature
extraction module to the baseline model, the mAP@0.5
increases from 78.6% to 79.8%, while the parameter count
decreases from 7.2Mto 5.6M, FLOPs decrease from 24.5G to
18.8G, and FPS increases from 78.1 t0 92.2. Thisresult shows
that the LDFB module, through the combination of depthwise
separable convolutions and asymmetric convolution kernels,
significantly reduces computational overhead while
maintaining detectionaccuracy. This validates the design goal
in Section 3.2, where the directional perception structure for
elongated targets effectively enhances the edge feature
extraction capability of drill rods, drill heads, etc., and the
residual connections ensure stable feature extraction,
allowing the model to maintain good detection performance
even after being lightweight.

Next, after introducing the DAFPN multi-scale fusion
module, mAP@0.5 increases to 81.5%, mAP@0.5:0.95
increases to 47.8%, and the F1-score increases to 0.77. This
improvement confirms the analysis in Section 3.3: the
traditional FPN's one-way fusion is insufficient to handle the
significant scale differences of underground targets. DAFPN
achieves full interaction between shallow detail features and
deep semantic features through bidirectional cross-layer
connections. Additionally, the lightweight channel attention
mechanism enhances features related to drilling targets and
suppresses interference such as dust and shadows, thus
improving the detection of small-scale drill heads and
occluded drill rods. Although this module slightly increases
the number of parameters and computational load, the
accuracy improvement it brings is significant for detection in
complex underground scenarios.

Furthermore, after using the scene-adaptive enhancement
strategy alone, mnAP@0.5 increasesto 80.2%,with no change
in parameters or computational load. This verifies the
discussion in Section 3.4: through low-light adaptive
enhancement, dust simulation, CLAHE contrast enhancement,
and random noise perturbation, the model's ability to adapt to
harsh underground conditions with low light, high dust, and
low contrast is significantly improved. Since this
enhancement strategy is only applied during the training
phase, it does not add any burden during inference, achieving
a robust performance improvement at no cost.

Finally, when all three modules are used together, the
model performance further improves. The combination of
LDFB and DAFPN achieves 83.1% mAP@0.5, higher than
the cumulative effect of using each module individually. This
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mAP@0.5: Fl-score Parameters FLOPs FPS/
0.95/% /M /G frame-s™!
452 0.74 7.2 24.5 78.1
46.0 0.75 5.6 18.8 92.2
47.8 0.77 7.5 25.7 75.1
46.5 0.76 7.2 24.5 78.8
49.2 0.80 6.0 20.0 88.6
473 0.79 5.6 18.8 91.0
49.8 0.81 7.5 25.7 75.3
51.0 0.83 6.0 19.9 87.9

indicates that the lightweight feature extraction and multi-
scale feature fusion form a good complement. The complete
model (LDFB + DAFPN + Enhancement) achieves the best
performance: mAP@0.5 reaches 85.2%, a 6.6% improvement
over the baseline; mAP@0.5:0.95 reaches 51.0%, an
improvement 0f5.8%; and F1-score reaches 0.83. At the same
time, the complete model's parameter count is only 6.0M,
FLOPs are only 19.9G, and FPS is 87.9, achieving the best
balance between accuracy and efficiency. This fully verifies
the effectiveness and engineering practicality ofthe proposed
improvement strategies in the coal mine drilling target
detection task.

4.5. Comparison Experiment

4.5.1. Comparison Methods

To fully validate the effectiveness and superiority of the
proposed YOLO-Drill model in the coal mine underground
drilling target detection task, and to avoid bias from single
architecture models, several mainstream models with
different architectures were selected as comparison baselines
to ensure the comprehensiveness, objectivity, and
representativeness of the comparison experiment. The
selected comparison models include classic two-stage
detection models such as Faster R-CNN, which has a wide
application and reference value in the field of object detection;
single-stage anchor box models such as SSD, YOLOvSs,
YOLOv10s, YOLOvl1ls, and YOLOv12s, which have strong
real-time characteristics, and the YOLO series models have
been continuously optimized with each version iteration,
reflecting the current development of single-stage models;
anchor-free models like CenterNet, which eliminates
traditional anchor boxes and has certain advantages in small
object detection; and real-time detection models like RT-
DETR, which improves real-time detection efficiency
through an end-to-end detection approach, making it suitable
for engineering deployment scenarios.

To ensure fairness in all comparison experiments and avoid
performance deviation caused by different training strategies,
hyperparameter settings, or evaluation standards, all
comparison models were retrained on the Drill Scene Dataset
(DSD) used in this paper. The training process followed the
exact same hyperparameter configuration and evaluation
metrics as the YOLO-Drill model, including image input size,
batch size, learning rate, training epochs, and key
hyperparameters, as well as precision, recall, mAP@0.5, F1
score, and other evaluation metrics. The performance
comparison results of all models are recorded in Table 2, and
to visually show the differences in the core accuracy
indicators of each model, the mAP@0.5 valuesand F1 scores
of all comparison models are presented in a line chart (Fig. 5),
clearly illustrating the accuracy performance of different



models in the drilling target detection task and providing a

reliable basis for subsequent performance analysis.

Table 2. Comparison of model performance

Models mAP@0.5/% mAP@0.5:0.95/% Fl-score = Parameters M = FLOPs/G | FPS/frame-s™
Faster R-CNN 75.3 42.1 0.72 41.2 180.1 12.1
SSD [22] 70.8 38.5 0.68 23.1 452 359
YOLOV3 [23] 76.5 43.0 0.73 61.5 65.3 453
CenterNet 77.2 44.5 0.74 32.0 70.1 28.2
YOLOVS5s [24] 79.5 46.3 0.76 7.2 16.0 80.1
RT-DETR [25] 82.1 48.7 0.79 20.5 60.2 40.2
YOLOvVSs [26] 83.0 49.5 0.80 11.2 28.3 85.8
YOLOv10s [27] 83.5 50.1 0.81 9.5 24.5 90.2
YOLOv11s [28] 83.8 50.4 0.81 9.2 23.9 92.8
YOLOv12s 84.2 50.8 0.82 8.8 22.1 95.7
YOLO-Drill (Ours) 85.2 51.0 0.83 6.0 19.9 87.9
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Figure 5. Performance Comparison of Different Detection Models

4.5.2. Experimental Results Analysis

From the comparison experiment results shown in Fig. 5, it
can be seen that the proposed YOLO-Drill exhibits significant
advantages in both detection accuracy and model efficiency.
Specifically, according to Table 2, YOLO-Drill achieves the
highest mAP@0.5 of 85.2% and mAP@0.5:0.95 of 51.0%
among all the comparison models. Compared to mainstream
lightweight models, YOLO-Drill shows improvements of
5.7%/4.7% over YOLOvSs, 2.2%/1.5% over YOLOvVSs,
1.4%/0.6% over YOLOvlls, and 1.0%/0.2% over
YOLOv12s. This advantage is mainly due to the three core
improvements proposed in this paper: the LDFB module,
which is designed for directional perception of drill rods and
elongated targets, effectively enhances edge contour feature
extraction; DAFPN's bidirectional cross-layer fusion and
attention mechanism, which improves multi-scale feature
expression and small target detection; and the scene-adaptive
enhancement strategy, which improves the model's
adaptability to harsh underground visual environments. It is
worth noting that although YOLOv12s introduces attention
mechanisms and performs excellently on general datasets, it
is still slightly inferior to the YOLO-Drill model, which was
specifically designed for drilling tasks in complex
underground scenarios. This indicates that customized design
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for specific tasks has irreplaceable value.

In comparison with two-stage and anchor-free models,
Faster R-CNN, as a classic two-stage model, only achieves an
mAP@0.5 of 75.3%, 9.9% lower than the proposed model,
with a high parameter countof41.2M and FLOPs of 180.1G,
which makes it difficult to meet the deployment requirements
for edge devices in underground settings. CenterNet, as an
anchor-free model, achieves 77.2% mAP@0.5, still 8.0%
lower than the proposed model. This shows that in detecting
elongated targets such as drill rods, an end-to-end single-stage
detection architecture combined with targeted module design
can achieve a better precision-efficiency balance, while
anchor-based designs combined with CloU loss optimization
still have irreplaceable positioning advantages.

In comparison with real-time detection models, RT-DETR,
as a representative end-to-end Transformer-based model,
achieves 82.1% mAP@0.5, but with a parameter count of
20.5M and an FPS of only 40.2, its efficiency is significantly
lower than the proposed model (6.0M/87.9FPS). This
suggests that Transformer-based architectures still have a
high deployment cost for edge devices in underground
environments, while the CNN-based lightweight design in
this paper is more practical for engineering.

In terms of model efficiency, YOLO-Drill achieves the



highest accuracy while maintaining a parameter count ofonly
6.0M, which is lower than all the comparison models. Its
FLOPs are only 19.9G, lower than all models except
YOLOVS5s, and its FPS reaches 87.9, far exceeding the 30FPS
threshold required for real-time underground detection. This
efficiency advantage comes from the depthwise separable
convolution design of the LDFB module and the lightweight
attention mechanism in DAFPN, confirming the theoretical

yolov8s

yolov10s

yolov11s

YOLO-Drill

(b)
O Missed

analysis in Sections 3.2 and 3.3: by using reasonable
structural designs, the model can achieve extreme
lightweighting without sacrificing accuracy.

In summary, YOLO-Drill achieves the best balance

between detection accuracy and computational efficiency in
the coal mine underground drilling target detection task, fully
verifying the effectiveness and engineering practicality ofthe
improvement strategies proposed in this paper.
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4.6. Visualization Analysis

Considering factors like real-time performance and
detection accuracy, Fig. 6 compares the prediction results of
the proposed YOLO-Drill model with representative
YOLOvS8s, YOLOv10s, and YOLOvlls models in four
typical drilling identification tasks underscenarios (a), (b), (c),
and (d). Red circles in the figure indicate missed detection
targets, while green circles represent false detection targets.

From the images (a), (b), and (d), it can be seen that
compared to the YOLO series, YOLO-Drill does not have
false negatives. In images (a) and (b), YOLO series models
can generally perform normal detection under normal
conditions, but in image (a), due to strong light interference,
the YOLO series models fail to detect effectively, while
YOLO-Drill can still perform normal detection.

It is important to note that YOLO-Drill still experiences
some false negatives when detecting small drill rods, which
requires further improvement. Overall, YOLO-Drill exhibits
better robustness and generalization ability compared to the
original YOLO models, demonstrating higher practical value
in coal mining extraction and drilling identification tasks.

5. Conclusion

This paper addresses the challenges in coal mine
underground drilling target detection, such as harsh
environments, large target scale differences, elongated target
shapes, and limited computational resources on edge devices.
A lightweight target detection model, YOLO-Drill, is
proposed based on the YOLO framework, and the model's
effectiveness is validated through systematic experiments.
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The main research conclusions and contributions are as
follows:

The lightweight drill rod feature extraction module (LDFB)
designed in this paper effectively solves the problem of high
model complexity and inadequate feature extraction for
elongated targets. The module combines depthwise separable
convolutions, asymmetric convolution kernels, and residual
connections, reducing model parameters and computational
complexity while strengthening the edge and contour feature
extraction capability for drill rods, drill heads, and other
elongated targets. Ablation experiments show that after
adding LDFB, model parameters decrease by 22.2%, FPS
increases by 18.1%, and mAP@0.5 improves by 1.2%, fully
verifying the effectiveness of the lightweight design and
feature extraction capability.

The improved multi-scale feature fusion structure (DAFPN)
addresses the problems of large target scale differences and
poor detection performance for small and occluded targets in
underground environments. This structure achieves full
interaction between shallow detail features and deep semantic
features through bidirectional cross-layer fusion and uses a
lightweight channel attentionmechanism to enhance effective
target features while suppressing background interference.
Experimental results show that adding DAFPN alone
increases MAP@0.5 by 2.9%, significantly improving
detection performance for small targets like drill heads and
occluded drill rods.

The scene-adaptive optimization strategy built in this paper
effectively improves the model's robustness in harsh
underground environments. This strategy uses low-light
adaptive enhancement, dust simulation, contrast enhancement,



and random noise perturbation to improve the model's
adaptability to low-light, high-dust, and low-contrast
conditions. Ablation experiments show that this strategy
improves mAP@0.5 by 1.6% and, as itis applied only during
training, does not increase inference load, achieving a cost-
free improvement in robustness.

The CloU-based loss function optimization effectively
improves the positioning accuracy of elongated drilling
targets. By replacing the traditional smooth L1 loss with CIoU
loss, which considers both the overlap of bounding boxes,
center point distance, and aspect ratio, the model's positioning
capability for drill rods, drill heads, and other elongated
targets is enhanced. This also accelerates the model's
convergence speed while ensuring training stability, further
improving detection accuracy.

Comparison experiments based on the self-built Drill
Scene Dataset (DSD) show that YOLO-Drill achieves the
optimal balance between detection accuracy and
computational efficiency. Compared to mainstream models
like YOLOv12s, YOLOvlls, and RT-DETR, YOLO-Drill
achieves the highest mAP@0.5 (85.2%) and mAP@0.5:0.95
(51.0%), with only 6.0M parameters and an FPS of 87.9, far
surpassing other models and fully meeting the deployment
requirements for edge devices in underground environments.
Visualization analysis also confirms that YOLO-Drill has
stronger robustness in complex scenes with strong light
interference and high dust, showing significant practical
application value.

However, this study still has some limitations: on the one
hand, the model still experiences a small number of false
negatives when detecting very small drill rods, mainly due to
insufficient utilization ofshallow detail features; on the other
hand, the scene-adaptive enhancement strategy is applied
only during the training phase, and the model's real-time
adaptive adjustment ability to sudden environmental changes
(e.g., sudden increases in dust concentration) needs to be
further improved.

Future research will focus on the following areas: 1)
optimizing the feature extraction module to improve the
feature extraction capability for extremely small targets and
reduce the false negative rate for small drill rods; 2)
researching real-time adaptive adjustment mechanisms to
dynamically adjust model parameters according to changes in
underground  environments and  further  improve
environmental adaptability; 3) expanding the dataset to
include more complex underground scenarios like water mist
interference and device occlusion, thereby improving the
model's generalization ability; and 4) conducting real -world
deployment tests on edge devices in underground
environments to optimize model inference speed and
deployment efficiency, promoting the practical application of
the model in intelligent coal mine drilling monitoring.
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