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Abstract

Automatically segmenting coal cracks in CT images is crucial for 3D reconstruction and the
physical properties of mines. This paper proposes an automatic pixel-level deep learning
method called Attention Double U2-Net to enhance the segmentation accuracy of coal
cracks in CT images. Due to the lack of public datasets of coal CT images, a pixel-level
labeled coal crack dataset is first established through industrial CT scanning experiments
and post-processing. Then, the proposed method utilizes a Double Residual U-Block
structure (DRSU) based on U2-Net to improve feature extraction and fusion capabilities.
Moreover, an attention mechanism module is proposed, which is called Atrous Asymmetric
Fusion Non-Local Block (AAFNB). The AAFNB module is based on the idea of Asymmetric
Non-Local, which enables the collection of global information to enhance the segmentation
results. Compared with previous state-of-the-art models, the proposed Attention Double
U2-Net method exhibits better performance over the coal crack CT image dataset in various
evaluation metrics such as PA, mPA, MIoU, IoU, Precision, Recall, and Dice scores. The
crack segmentation results obtained from this method are more accurate and efficient,
which provides experimental data and theoretical support to the field of CBM exploration
and damage of coal.

Keywords: crack segmentation; coal; CT image; attention mechanism; deep learning

1. Introduction
With the deepening of coal and rock mining, coal and rock dynamic disasters are

becoming increasingly severe. The study of surrounding rock stability is essential to ensure
the safe construction of coal tunnels, efficient extraction of coalbed methane, and improve-
ment of coal mine economic benefits [1]. This study aims to understand the distribution
and characteristics of structural planes such as fractures and fracture zones in coal and
rock. With the advancement of X-ray computed tomography (CT), it is now possible to
acquire the internal mesostructure of coal, which helps establish a connection between
microstructure and properties. This technology also facilitates the creation of accurate 3D
reconstruction models. In the realm of numerical calculation, there is a growing trend to
investigate the actual composition of coal and rock to establish the most accurate numerical
models. Digital image technology can assist researchers in precisely analyzing the physical
and mechanical characteristics of rocks. Accurate segmentation of cracks in coal-sample
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CT images is crucial for constructing realistic coal structures and numerical models, which
can aid in understanding variations in coal rock fracture under load. However, traditional
threshold segmentation methods rely on manual threshold settings, making it difficult
to avoid noise interference. Therefore, alternative segmentation techniques should be
explored to improve accuracy and reduce noise interference. While algorithms exist to
determine the threshold, they are not ideal for crack CT images with varying backgrounds
and noise levels [2,3]. Therefore, how to effectively extract fractures from small samples of
images is a problem to be solved [4]; the accurate and automatic segmentation of cracks in
CT images remains a challenging problem for researchers.

Deep learning has become a popular tool across various fields, including computer
vision. Convolutional neural networks have proven particularly effective in image classi-
fication tasks, with models such as AlexNet [5], VGG [6], ResNet [7], Inception [8,9], and
Xception [10] achieving high accuracy. However, the fully connected layers in these net-
works can hinder their effectiveness in image segmentation tasks. Long et al. [11] proposed
Fully Convolutional Neural Networks (FCNs), which involved replacing fully connected
layers with deconvolution. This approach enabled pixel-level classification and paved the
way for semantic segmentation in image processing. Several subsequent networks have
incorporated the concept of FCN and shown promising results, including SegNet [12], U-
Net [13], and the DeepLab series [14–17]. In their study, Ali et al. [18] incorporated residual
connections into the design of a convolutional neural network for crack segmentation in
natural conditions. They also introduced a novel loss function to address the imbalance
between positive and negative samples in crack images. Zhang et al. [19], meanwhile, de-
veloped a hybrid model by combining object detection and semantic segmentation models.
This model accurately detects and segments cracks on bridge surfaces, providing a useful
tool for maintenance and repair efforts. While this method achieves effective real-time
monitoring, the use of a lightweight model may result in reduced segmentation accuracy.
Segmenting coal cracks in CT images requires preserving the original topological structures
of cracks, which is challenging due to differences between natural and CT conditions.
Furthermore, achieving high segmentation accuracy is crucial for this process.

U-Net is a high-performance tool extensively used for medical segmentation and
industrial CT image analysis [20–22]. Its U-shaped structure has proven effective for CT
image segmentation. Additionally, various methods have emerged to enhance its feature
extraction and fusion capabilities. Residual U-Net (ResU-Net) [23] replaces U-Net’s original
encoder with ResNet for road extraction in images. Alom et al. [24] also utilized the
residual concept and combined it with RCNN [25] to propose the Recurrent Residual
U-Net (R2U-Net) for medical image segmentation. Li et al. [26] proposed Dense U-Net,
which applied the dense connection idea from DenseNet [27] to segment organ CT images.
Meanwhile, Attention U-Net [28] introduced soft attention and proposed an Attention
Gate (AG) structure to enhance signals in the region of interest. U-Net++ [26] introduces
a nested U-structure by adding sub-networks of varying depths to the original U-Net,
resulting in improved performance. Similarly, U2-Net [29], designed for salient object
detection (SOD), also utilizes a nested structure. U2-Net achieved excellent performance
by applying Residual U-Blocks (RSU) in each block to collect more abundant contextual
information. The nested design concept in this approach is noteworthy and worth further
exploration. To accurately segment coal cracks in CT images, a deep learning model with
strong feature extraction capabilities and multi-level, multi-scale feature fusion is crucial.
The key challenge lies in leveraging the feature extraction capabilities of convolution
operations to construct a neural network structure that achieves optimal performance.

Unlike naturally occurring cracks, cracks in CT slices generated during coal sam-
ple fracturing experiments are often distributed throughout the entire image. Ref. [30]
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conducted research on a multi-scale distribution feature recognition method for coal and
rock based on CT digital-core deep learning. Convolutional neural networks have a lim-
ited receptive field and primarily extract local features, which can negatively impact the
accuracy of segmenting large objects. Therefore, utilizing self-attention [31] is crucial for
accurate segmentation of coal-crack CT images. This technique, previously applied in
natural language processing, enables differentiation of content weights during information
processing. In computer vision, a typical characteristic is that feature extraction for each
pixel is associated with every pixel in the entire image. This algorithm adds rich global
information to feature maps. The non-local module [32] was proposed to introduce a
self-attention mechanism that can be integrated into convolutional neural networks. As
image data typically contain more information than natural language processing data,
Non-Local is applied to feature maps of the neural network’s intermediate layers to avoid
excessive computation. Despite its benefits, Non-Local still suffers from slow operation and
redundant information. In response, CCNet [33] introduced a Criss-Cross module, which
can be regarded as a more efficient version of Non-Local. Connecting two such modules
enables collection of complete global information, resulting in better performance than the
original Non-Local approach. In their study, ANN [34] utilized Non-Local’s matrix keys
and values to reduce computation and eliminate unnecessary data. They also introduced a
fusion module embodying the concept of mutual attention. Res-VGG-U-Net [35] uses the
Residual Network–Visual Geometry Group–U-Net deep learning framework in conjunc-
tion with two threshold segmentation methods to capture components like fractures, the
drilled hole, and minerals. VM-U-Net++ [36] strategically integrates the strengths of the
Mamba architecture and U-Net to significantly improve the accuracy of crack segmentation.
These methods aim to enhance feature maps with comprehensive global information while
minimizing redundant operations and eliminating superfluous data to improve segmen-
tation accuracy. Recently, a novel U-Net-based MCSN [37] model has leveraged transfer
learning and multi-scale dilated convolutions to segment coal fractures from Micro-CT
images, enhancing gas drainage efficiency. A Trans-U-Net [38] framework that seamlessly
integrates transformer-based global context with U-Net’s local refinement was proposed to
automatically delineate micro-fractures in µCT coal images, outperforming existing models
in accuracy and robustness. Its accuracy could reach 90%.

This paper proposes Attention Double U2-Net, an end-to-end deep learning model
for coal-crack segmentation in CT images. Given the scarcity of publicly available data on
coal mine CT fractures [39], the authors built a dedicated dataset specifically for coal-crack
CT image segmentation. Herein, we propose a Double Residual U-Block (DRSU) based
on U2-Net. This module aims to enhance the feature extraction and fusion capabilities
of the original module. The DRSU comprises two serially connected RSU modules with
skip connections added between them. The SOD model was modified into a segmentation
model to generate binary predictions. To incorporate global information into feature maps,
a new block termed Atrous Asymmetric Fusion Non-Local Block (AAFNB) is introduced.
This block enhances the sampling method of ANN via atrous convolution and introduces
a novel multi-scale fusion attention structure. The AAFNB block is placed between the
encoder and decoder, where it fuses the global information of high-level feature maps.

In summary, the proposed method for segmentation of coal-crack CT images has the
following three-fold contributions:

1. In this study, we introduce an end-to-end deep learning model for the automatic
segmentation of coal cracks in CT images. Our proposed model utilizes a Double RSU
structure that efficiently extracts and fuses high-quality features in each block of the
encoder and decoder. Our experiments demonstrate that this structure significantly
improves the accuracy of segmentation.
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2. In this paper, we propose the AAFNB attention module to enhance the collection of
global feature information. To evaluate the effectiveness of this module, we conducted
ablation experiments and found that it outperformed some typical attention modules.

3. To support our experiment and for performance evaluation, we established a coal-
crack CT image dataset. To ensure the segmentation results are directly applicable to
subsequent studies, we retained the complete complex crack structure of the original
image instead of cutting it into blocks.

2. Proposed Method
The process of coal-crack segmentation from CT images can be divided into three

parts, as illustrated in Figure 1. The first part involves data acquisition and processing,
which results in obtaining the original images from the dataset. The second part involves
building the segmentation network, which uses the Attention Double U2-Net The final
part involves training the network and using it to evaluate the model, resulting in the
segmentation results.

 

Figure 1. The schematic diagram of coal-crack segmentation of CT images.

2.1. Dataset

Since there are scarce public datasets on the segmentation of coal cracks in CT images,
we built a dedicated dataset. Some CT slices with complex structures in the process of coal
fracturing experiments are selected as the original data for the dataset. The CT scanning
equipment is a phoenix v|tome|x m high-resolution industrial X-ray µCT scanner. It is
from the Nation Key of Natural Gas Geology and Natural Gas Control of Henan University
Polytechnic laboratory. The equipment diagram [34] is shown in Figure 1. The coal sample
used for slice scanning was 25 mm by 50 mm cylindrical raw coal. In order to allow our
method to directly segment the original image, all labeling work was without any cutting
or other preprocessing.

Most of the images have a resolution of approximately 20 µm, and a total of 742 images
were selected. To generate segmentation labels for complex cracks, a hybrid method
combining manual annotation and threshold segmentation was adopted (see Figure 2 for
the process schematic). The core workflow consists of three steps.

Converting 
and 

thresholding

Color 
filling and 
binarizing

Denoising 
and detail 
adjustment

 

Figure 2. Schematic diagram of dataset production process.
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The first step is the conversion and thresholding phase. First, the original three-channel
images are converted to an 8-bit single-channel format to support subsequent binariza-
tion operations. Then, threshold segmentation is performed by manually calibrating the
threshold to optimize the segmentation results.

The second step is the color filling and binarization phase. For the white edges caused
by grayscale overlap between the edges of the original images and crack pixels, black filling
is applied to optimize the binarized output.

The third step is the denoising and detail adjustment phase. Residual noise—caused
by consistent grayscale values between coal matrix pixels and crack pixels—is removed
via color filling. Subsequently, the processed images are compared, verified, and adjusted
repeatedly with the details of the original images by multiple personnel to minimize
deviations caused by human factors. Finally, the ground truth labels are generated.

Data augmentation can generate more equivalent data from limited data, and is
valuable for deep learning work. Since we wanted to ensure the integrity of the coal
sample slices in images, only rotation and reduction were used to augment the dataset.
Specifically, the rotation angle is limited to the range of −30 to 30 degrees, and the scaling
ratio is limited to the range of 80% to 120%. A total of 742 original images and the labels
are augmented to 6000. An amount of 4200 of them are used as the training set, and the
remaining 1800 images are used as the test set.

2.2. Attention Double U2-Net Structure

Figure 3 shows the structure of our proposed Attention Double U2-Net. The overall
model adopts the nested U-structure and skip connections of U2-Net, comprising six
downsampling stages and five upsampling stages.The last two blocks of the encoder and
the first block of the decoder applied RSU4F, the same as U2-Net, which is the dilated
version of RSU and does not include upsampling and downsampling. Because the size of
this layer of feature maps is already very small, downsampling will result in a significant
loss of pixels. All other blocks applied the proposed Double RSU structure. The purpose of
jump connection is to integrate feature maps with different degrees of feature extraction.
Although the scales of the two feature maps are the same, the information contained in the
feature map obtained through downsampling and the feature map after feature extraction
and pixel restoration is different. By integrating this information, it can effectively reduce
the semantic gap between the encoder and the decoder, thereby improving the feature
extraction ability of the model.

In addition, to adapt the salient object detection model to the segmentation task, this
paper adjusts the saliency map fusion part of the original model. The output of the original
model has pixel values ranging from 0 to 255, which is not the binary map required for
image segmentation. Therefore, this paper converts the grayscale image into a binary image
through one-hot encoding before generating the result image. Meanwhile, each feature map
output by the DRSU in the decoder is upsampled to the output image size, concatenated,
and then fed into the classifier to obtain the final segmentation result, which forms the
feature fusion part of the model. The purpose of feature fusion is to integrate multi-scale
information: high-level feature maps contain long-range information with large receptive
fields, while low-level feature maps contain more detailed information. The fusion of these
two types of information helps improve the final segmentation performance, especially
for the segmentation of small targets such as fissures. The attention mechanism module
AAFNB proposed in this paper is located at the bridge, and its input is the output results of
the last two DRSUs in the encoder, which are used for attention computation.
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Encoder DRSU7
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Encoder DRSU5
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Figure 3. The overall structure of Attention Double U2-Net.

2.3. Double Residual U-Block Structure

The RSU structure in U2-Net is an efficient and lightweight U-structure feature ex-
tractor. Double RSU structure is proposed to improve the feature extraction and fusion
capability of the original structure. The skip connections are added between blocks be-
longing to two RSUs to collect multi-scale information. The DRSU5 structure is shown in
Figure 4. The encoder part of each RSU includes 5 convolution layers, as does the decoder
part. Similarly, each part in RSU7 has 7 such convolutional layers.

 

Figure 4. Structure of Double Residual U-Block 5.

The design of DRSU is tailored to address the unique challenges of coal-crack CT
image feature extraction. Coal cracks in CT images are often fine (width < 5 pixels at 20 µm
resolution), discontinuous, and mixed with a noisy coal matrix (grayscale overlap between
matrix and cracks), while also requiring the retention of global topology. The two serially
connected RSU modules in DRSU undertake hierarchical tasks:

The first RSU (RSU1) focuses on extracting low-level edge details via shallow convolu-
tions to avoid losing thin crack features.

The second RSU (RSU2) aggregates these low-level features to extract high-level
semantic information (e.g., global crack distribution).
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The added skip connections between RSU1’s encoder and RSU2’s decoder directly
concatenate low-level edges with high-level semantics, which mitigates the “semantic
gap” (a common issue in single RSU modules) and ensures that fine crack details are
not distorted during upsampling—effectively balancing local detail retention and global
context integration for coal-crack segmentation.

In addition to connecting two RSU in series, feature maps of two encoder parts are
concatenated to the last decoder as an input map. This skip connection method causes
the last decoder to process maps containing three slightly different pieces of information,
which fuses different degrees of feature extraction and different scales. These kinds of
information can complement each other, making the output results closer to the ground
truth. Moreover, two output maps of each RSU are concatenated as the final output map.

2.4. Atrous Asymmetric Fusion Non-Local Block

In our dataset, cracks in images tend to have large scales close to the image size.
Even if after multiple-times image downsampling, the receptive field of the convolution
operation is limited. The classification of each pixel cannot connect all pixels of the same
object when performing the convolution operation. To solve this problem, we proposed an
Atrous Asymmetric Fusion Non-Local Block and set it between the encoder and decoder of
Double U2-Net. In the conventional self-attention mechanism, both key and value represent
dense global information and have a lot of redundant information. So, the AAFNB block
contains a sampling structure to sample the key and value matrices. The sampling structure
is shown in Figure 5.

Figure 5. Feature extraction and sampling process.

In the sampling structure, both atrous convolution and global average pooling are
applied. Three 3 × 3 and dilation = 2 atrous convolutions with different strides are used
to short-range feature extract and global sample in key and value. In addition, a global
average pooling is applied for high-level global information simultaneously. Strides of
atrous convolution are set to 1, 2, and 4—this selection is grounded in the statistical size
distribution of coal cracks in the established dataset, where stride = 1 targets fine cracks,
stride = 2 captures medium cracks, and stride = 4 covers large continuous cracks—and
the output size of average pooling is 1/8 of the input map. It is equivalent to extracting
useful information from the original matrix and sampling, which can remove the original
redundant information. This structure has an input feature map of X ∈ RC×H×W , where C,
H, and W express channel numbers, height, and width of the input map, respectively. The
sampling process SMP can be described in the following formula:

SMP = F(A1, A2, A4, P) (1)
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where F denotes flattened concatenation, Ai expresses atrous convolution of stride = i, and
P expresses average pooling. The numbers of spatial locations are N = H × C. After the
sampling process, the output feature map can be described as follows:

SMP(X ∈ RC×H×W) = X̂ ∈ RC×S (2)

where S is the number of points extracted and sampled from N.
The structure of AAFNB is shown in Figure 6. There are two parts of it: a fusion

part and a self-attention part. The fusion module aims to fuse different levels of global
information, taking low-level feature maps as key and value, and high-level feature maps as
query. The key, value, and query of the self-attention part all come from the low-level feature
map. After the two attention parts obtain the results, the two output feature maps will be
concatenated and fused again. AAFNB has two feature maps as an input: a high-level map
Xh ∈ RCh×Hh×Wh and a low-level map Xl ∈ RCl×Hl×Wl from the sixth and fifth blocks in
the encoder, respectively. In the fusion part, firstly, Xh ∈ RCh×Hh×Wh and Xl ∈ RCl×Hl×Wl

are transformed into Qh ∈ RĈ×Hh×Wh , Kl ∈ RĈ×Hl×Wl , and Vl ∈ RĈ×Hl×Wl by 1 × 1
convolution of Ch

Q, Cl
K, and Cl

V as follows:

Qh = Ch
Q(Xh), Kl = Cl

K(Xl), Vl = Cl
V(Xl). (3)

Figure 6. Structure of Atrous Asymmetric Fusion Non-Local Block (AAFNB).

Then, Kl and Vl are sampled by SMP to K̂l ∈ RĈ×S and V̂l ∈ RĈ×S, and Qh is flattened
to Q̂h ∈ RĈ×N as follows:

K̂l = SMP(Kl), V̂l = SMP(Vl), Q̂h = F(Qh) (4)

Then the similarity matrix MF ∈ RNh×S between Q̂h and K̂l is computed by a
matrix multiplication:

MF = Q̂T
h × K̂l (5)

Then, the OF ∈ RNh×Ĉ is inferred by a matrix multiplication:

OF = MF × V̂T
l (6)
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By the 1 × 1 convolution CO, channel number of OF is complemented to Ch and
concatenated with Xh. Output of the fusion part is obtained by all these steps as follows:

YF = cat(CO(OF), Xh) (7)

The output of self-attention part YS can infer in a similar way. The next step is to
upsample YF to the size of YS, same as Xl , and concatenate. Finally, we have the output of
AAFNB as follows:

Y = cat(upsample(YF), YS) (8)

Y is filled with a wide and short range of clues from different levels of features. This
kind of feature map is valuable for crack segmentation.

3. Experiments and Results
All evaluations in this paper are under our established coal-crack dataset of CT im-

ages. Models were trained and tested in the following environment: Ubuntu 20.04, AMD
3700X CPU, and NVIDIA 2070S GPU. All code applies the deep learning framework
Pytorch 1.13.1.

For all models, including our AAFNB and other models used for comparison, the
same set of training hyperparameters was adopted. Specifically, CUDA acceleration was
employed, the input image size was set to 512 × 512, the number of training epochs was
100, the batch size was 1, and the learning rate was 1 × 10−4. These settings fully ensure
the fairness and referability of the comparison among different models.

In the next section, some authoritative evaluation metrics will be used to analyze the
performance of the proposed method. Moreover, ablation experiments were designed to
verify the validity of the proposed structure DRSU and the module AAFNB. Finally, some
high-performance methods will be compared with the proposed method.

3.1. Metrics

To verify the effectiveness of our method, we chose several authoritative evaluation
metrics to evaluate the model. The following are for semantic segmentation: Pixel Accuracy,
Mean Pixel Accuracy, and Mean Intersection over Union. When TP, TN, FP, and FN
represent True Positive, True Negative, False Positive, and False Negative, respectively,
these metrics can be expressed as follows:

1. Pixel Accuracy (PA): PA = (TP+TN)
TP+TN+FP+FN .

2. Mean Pixel Accuracy (mPA): mPA =

N
∑

i=1
PAi

N , where N means the class number, and
PAi means the Pixel Accuracy of each class.

3. Mean Intersection over Union (MIoU): MIoU = 1
2 (

TP
TP+FP+FN + TN

TN+FN+FP ).

In order to make the model evaluation more convincing, three typical metrics in the
segmentation of CT images are used as well, which can be represented as follows:

1. Precision (P): P = TP
TP+FP

2. Recall (R): R = TP
TP+FN

3. Dice Score: Dice = 2TP
2TP+FP+FN

Moreover, we introduce the PR curve to evaluate models more intuitively.

3.2. Ablation Experiments

Firstly, in order to verify the effectiveness of our proposed DRSU structure, the original
U2-Net is compared with the Double U2-Net without AAFNB. The results are shown in
Tables 1 and 2. As cracks are the main target of images, the IoU and Dice Score of cracks
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are listed separately, and the P and R listed are of cracks. The Double U2-Net structure is
abbreviated as D-U2-Net in following tables.

Table 1. Comparison of U2-Net and Double U2-Net under semantic segmentation evaluation metrics.

Methods PA (%) mPA (%) MIoU IoU (Crack)

U2-Net 98.87 98.22 94.26 89.76
D-U2-Net 99.02 98.45 94.80 90.68

Table 2. Comparison of U2-Net and Double U2-Net under crack segmentation evaluation metrics.

Methods P (%) R (%) Dice Dice (Crack)

U2-Net 95.32 93.89 96.99 94.60
D-U2-Net 96.11 94.13 97.29 95.11

Compared to the original U2-Net, the proposed Double U2-Net improves the PA, mPA,
MioU, and crack IoU by 0.15%, 0.23%, 0.54%, and 0.92%. The P, R, Dice Score, and crack
Dice Score of Double U2-Net are improved by 0.79%, 0.24%, 0.30%, and 0.51%.

Moreover, in order to verify the effectiveness of the proposed AAFNB, several current
classic or representative attention mechanism modules are selected to make a comparison:
Non-Local Module (NM), Criss-Cross Attention Module (CCAM), and Asymmetric Non-
Local Module (ANM). All these modules were plugged at the bridge position of the Double
U2-Net structure. The results are shown in Tables 3 and 4. Compared with the second-
best-performing ANM among all these methods, the proposed AAFNB has a 0.04%, 0.08%,
0.32%, and 0.60% higher PA, mPA, MioU, and crack MIoU, respectively. Moreover, the
proposed module has a 0.65%, 0.02%, 0.18%, and 0.33% higher P, R, Dice Score, and crack
Dice Score than ANM, respectively. Although the P of AAFNB is 0.04% lower than that of
CCAM, the other three metrics have substantially better performance.

Table 3. Results of ablation experiments under semantic segmentation evaluation metrics.

Methods PA mPA MIoU IoU (Crack)

D-U2-Net 99.02 98.45 94.80 90.68
D-U2-Net + NM 99.03 97.88 94.89 90.89

D-U2-Net + CCAM 99.05 97.89 94.95 90.94
D-U2-Net + ANM 99.05 98.24 95.00 91.04

D-U2-Net + AAFNB (ours) 99.09 98.75 95.32 91.64

Table 4. Results of ablation experiments under crack segmentation evaluation metrics.

Methods P (Crack) R (Crack) Dice Dice (Crack)

D-U2-Net 96.11 94.13 97.29 95.11
D-U2-Net + NM 96.14 94.34 97.37 95.23

D-U2-Net + CCAM 96.35 94.18 97.38 95.26
D-U2-Net + ANM 95.66 94.96 97.39 95.31

D-U2-Net + AAFNB (ours) 96.31 94.98 97.57 95.64

3.3. Comparing with State-of-the-Art Methods

Several high-performance U-Net series models are compared with the proposed
method: U-Net, Attention U-Net, Recurrent Residual U-Net (R2U-Net), U-Net++, and
Residual Attention U-Net (RAU-Net). Tables 5 and 6 show the comparison results for our
dataset. It can be seen that except for individual metrics, overall, the proposed method
outperforms the second-best-performing method RAU-Net. The proposed method has a
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0.20%, 0.83%, 1.04%, and 1.85% higher PA, mPA, MioU, and crack IoU than the RAU-Net,
respectively. It has a 0.76%, 1.27%, 0.57% and 1.02% higher P, R, Dice Score, and crack Dice
Score, respectively.

Table 5. Comparison with state-of-the-art under semantic segmentation evaluation metrics.

Methods PA (%) mPA (%) MIoU IoU (Crack)

U-Net 98.35 98.45 92.00 85.83
Attention U-Net 97.72 98.71 93.46 88.35

R2U-Net 97.74 96.38 93.67 88.73
U-Net++ 98.85 95.04 93.80 88.87
RAU-Net 98.89 97.92 94.28 89.79

Attention D-U2-Net (ours) 99.09 98.75 95.32 91.64

Table 6. Comparison with state-of-the-art under crack segmentation evaluation metrics.

Methods P (Crack) R (Crack) Dice Dice (Crack)

U-Net 90.26 94.58 95.91 92.37
Attention U-Net 95.18 92.48 96.55 93.81

R2U-Net 94.12 93.94 96.67 94.03
U-Net++ 96.30 92.02 96.74 94.11
RAU-Net 95.55 93.71 97.00 94.62

Attention D-U2-Net (ours) 96.31 94.98 97.57 95.64

The PR curves for the segmentation results in our dataset are shown in Figure 7. The
performance of different models depends on the area under the curves. Obviously, the PR
curve generated by the proposed method can wrap all other curves. This shows that the
proposed method achieves the best performance on the coal dataset.

Figure 7. PR curves for crack segmentation in our dataset.

Figure 8 shows several segmentation samples predicted by all these methods. The
red circles highlight differences between the proposed method and the others. Firstly, the
proposed method effectively avoids some noises caused by misidentified coal matrices.
This phenomenon regularly appears in the result maps of complex structures, such as
the results of U2-Net, U-Net, R2U-Net, and U-Net++. Moreover, some small intermittent
cracks are ignored in the result maps of Attention U-Net. In addition, U-Net and RAU-Net
mistakenly identify the black background as cracks in some result maps. In a word, the
proposed method effectively avoids the above problems, and obtains the closest results to
the ground truth.
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Figure 8. Results predicted by proposed method and others. (a) Original images; (b) ground
truths; (c) proposed method; (d) U2-Net; (e) U-Net; (f) Attention U-Net; (g) R2U-Net; (h) U-Net++;
(i) RAU-Net.

4. Conclusions
Automatic coal-crack segmentation of CT images is critical for mine safety, requiring

high segmentation precision. In this paper, an end-to-end pixel-level U-structured method
based on deep learning was proposed. Furthermore, a CT image dataset of coal cracks
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was constructed, and the proposed method achieves superior performance compared with
existing approaches.

Based on the U-structured model, we integrated the DRSU structure and skip connec-
tions into U2-Net. We also proposed AAFNB, an attention block designed to incorporate
global information into feature maps. The experiments show that the proposed method is
effective and suitable for crack segmentation in CT image contexts.

In terms of practical application, this method offers significant value for coal mine
safety management and coalbed methane (CBM) exploration. During underground mining
operations, the high-precision segmentation results allow real-time quantification of frac-
ture size, orientation, and density, providing data support for roof stability assessment and
early warning of geological hazards like collapses. For CBM exploration, the segmented
fracture network can further facilitate 3D pore structure reconstruction and the calculation
of reservoir permeability and connectivity, thereby guiding fracturing design and well
placement to enhance gas extraction efficiency.

In the future, we will expand the dataset scale and increase its diversity and com-
plexity. Additionally, the proposed AAFNB is constrained by high computational costs,
which limits its application to low-level feature maps. To address this issue and improve
the model’s temporal efficiency (a key requirement for industrial on-site deployment),
we plan to explore lightweight optimization strategies—including pruning non-critical
parameters, adaptive compression of feature map dimensions, and simplification of the
AAFNB module’s computational logic—while maintaining core segmentation precision.
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