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Abstract: In the 3D reconstruction of coal-rock combinations fractures, in response to the problem that traditional threshold segmentation
methods cannot accurately determine the threshold size between coal and rock, resulting in poor fracture segmentation performance, a new

VRA-UNet coal-rock combinations fracture identification model based on deep learning theory is proposed, providing an optimized solu-
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tion for accurate identification of coal-rock combinations fractures. Firstly, the VGG16 module is used as the backbone feature extraction
network to enhance the model’s generalization ability and prevent the initialization of model parameters from being too random. Secondly,
to address the complex fracture topology and strong non-uniformity of coal-rock combinations, an attention module (ResCBAM) with spa-
tial and channel dimensions is introduced into the up-sampling part to enhance the model's feature extraction ability and alleviate the prob-
lem of gradient disappearance. Finally, an asymmetric atrous pyramid module (AC-ASPP) utilizing convolution kernels of different scales
is added at the end of the downsampling, which reduced the computational complexity and improved the computational efficiency of the
model while keeping the receptive field unchanged. The effectiveness of the model is verified using a dataset of CT scan images of coal-
rock combinations. The research results indicate that the VRA-UNet model performs well in crack extraction and recognition, with an av-
erage intersection to union ratio, pixel average value, and recognition accuracy of 85.22%, 90.80%, and 91.95%, respectively; Compared
with mainstream segmentation networks UNet, PSPNet, DeeplabV3+, FCN, and SegNet the average intersection to union ratio of the VRA-
UNet model has increased by 6.05%, 16.7%, 10.77%, 6.87%, and 6.4% respectively. The average pixel value has increased by 7.13%,
13.29%, 12.84%, 7.4%, and 7.53% and the recognition accuracy has risen by 3.82%, 14.45%, 7.4%, 5.58%, and 4.31% respectively; The
fractal dimension of the fracture structure identified by VRA-UNet maintains good consistency with the fractal dimension of the original
CT scan fracture structure, accurately reproducing the distribution characteristics of the internal fracture structure of the coal-rock combin-
ations.

Key words: coal-rock combinations; crack identification; fracture reconstruction; convolutional neural network; fractal dimension
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Table 1 Effect of different backbone on the model

TR I BRERVPHE L ES
Model mlOU mPA Precision
UNet 79.17 83.67 88.13
UNet+Mobilenet 79.46 84.04 88.79
UNet+Resnet50 79.23 83.81 88.67
UNet+VGG16 80.10 84.27 89.07

% 1 FIED 8 AT, A Ta] 35 I 45 A ) 24
B o EIPEREERA P T, o L VGG16 18 311K
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Fig.8 mlIOU metrics of different backbone
networks change
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Table 2 Effect of different attention mechanisms on model

Ay FREIEE GRVHE S

Model mIOU mPA Precision
UNet 79.17 83.67 88.13
UNet+SE 79.50 83.94 88.73
UNet+ECA 79.56 84.20 89.06
UNet+ResCBAM 81.27 86.22 90.32
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Fig.9 Changes in mIOU indicator of different attention mech-

anism networks
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Fig.10 Attention mechanism heatmap
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Table 3 Effect of different pyramid modules on model

LR TG BRI Kz
Model mIOU mPA Precision
UNet 79.17 83.67 88.13
UNet+SPP 81.94 88.60 89.61
UNet+ASPP 82.09 89.13 89.29
UNet+AC-ASPP 83.50 89.95 90.46
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Fig.11 Changes in mIOU indicators for networks with differ-

ent pyramid structures
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6.28% 1 2.33%.
2.5 HEAIE
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UNet %31 T 3 X A4S : D 78 UNet BRI A
VGG16 £ T M % ; @ £ UNet £ B i fii A VGG16
F 1 M 2% F1 ResCBAM #iHk; (3 7E UNet £ A b i
A VGG16 F T M% . ResCBAM VT = H#LiH A1 AC-
ASPP fiie

Wk 4 "] 7E UNet SR 5] A VGG16
T W4 5, R 25 TN T b /IR AR T 72 e LA
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Table 4 Results of ablation experiments

S R T AL (RAPHI Rk

VGG16 ResCBAM Aé- AS;’P mIOU mPA  Precision
x x x 79.17 83.67 88.13
3 x x 80.10 84.27 89.07
\ y x 83.53 89.54 90.92
\ y \ 85.22 90.80 91.95
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2.6 AES BRI LIRS

R T 2P B IE AR SO BB A E 1 e K
VRA-UNet 55 UNet, PSPNet, DeeplabV3+, FCN,
SegNet it 53 #2845 R4 7 56T Lo i e, A A R 1)
AR INE 12 PR, iR A5 R L 5.

H 2% 5 FIE 13 AT, AR SCHE YY) VRA-UNet 5
RUAR R T HAth o 28 A5 8 A T4 1 25 kg, RS A
S mIOU, mPA Fl Precision ZEPEAr 384573913k

#7 85.22%. 90.80% F191.95%. 5 UNet, PSPNet,
DeepLabv3+, FCN #l SegNet #5 %I H L, A SR By
mIOU 3 W42 7 T 6.05%. 16.7%. 10.77%. 6.87%
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7.4% 1 7.53%, Precision | 43 5] & & T 3.82%.
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Fig.12 Segmentation results of different models
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Table 5 Experimental comparison of different models

et SFRZTF L BEFBE G ES
Model mIOU mPA Precision
UNet 79.17 83.67 88.13
PSPNet 68.52 77.51 77.50
DeeplabV3+ 74.45 77.96 84.55
FCN 78.35 83.04 86.37
SegNet 78.82 83.27 87.64
VRA-UNet 85.22 90.80 91.95

H1& 13 7] LUE H, PSPNet BEIZEAb BRI 20 &
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Table 6 Single image processing time for different models

HifIModel A ] Time/ms
UNet 176
PSPNet 132
DeeplabV3+ 137
FCN 165
SegNet 171
VRA-UNet 202
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Fig.14 Loss function curve of the VRA-UNet model
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Table 7 Fractal dimensions of different segmentation

methods
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