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Improved DeeplabV3+ algorithm for fracture extraction in core images
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2 Chengdu Xitu Technology Co. Ltd. , Chengdu 610065, China)

Abstract: Core fractures are of great significance for oil and gas exploration and serve as valuable geological research data.
Extracting fractures from core fracture images helps geological experts in subsequent research work. However, core fracture images
face challenges such as tiny fractures and pixels in the fracture and background areas being close in value, leading to unsatisfactory
results from existing image segmentation algorithms. To improve the extraction of core fractures, this paper proposes an algorithm
based on an improved DeeplabV3+ for fracture extraction from core images. The proposed algorithm designs a new decoder that
fully performs multi — scale feature fusion on the image, enhancing the model “s ability to capture detailed fracture edges.
Additionally, a Strip Pooling Module ( SPM) is introduced as the pooling layer in the Atrous Spatial Pyramid Pooling ( ASPP) ,
effectively reducing interference from the background areas during fracture target extraction. Experimental results demonstrate that
the proposed Improved DeeplabV3 + Algorithm for Fracture Extraction in Core Images shows good performance in extracting
fractures from core fracture images, with enhancements of 1. 88% , 4.49% , and 3.02% in mloU, mPA, and F1 Score, respectively,
compared to the original DeeplabV3+ network.
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Table 1 Comparison results of core fracture datasets

Rk mloU/ % mPA/ %  F1 - Score/ %
DDRNet 75.96 80.75 69.91
GCN 73.06 77.58 65.01
ENet 77.17 81.72 71.84
UNeXit 77.53 84. 81 72.52
DeeplabV3+ 76.92 81.43 71. 44
AL 78. 80 85.92 74. 46

(e) ENet (f) UNext  (g) DeeplabV3+  (h) A3

Blo HlREEGIILERTRL

Fig. 6 Visualization of core fracture image comparison results
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