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Abstract; To improve the accuracy of fracture recognition in borehole images, a borehole fracture recognition approach
for open-pit mine was proposed. First, borehole images of an open-pit mine is obtained with an intelligent borehole
inspection camera, and then data augmentation is performed by using random cropping and image flipping, while median
filtering is used for noise reduction and images are converted to grayscalere, so as to eliminate noise and reduce
computational complexity. Next, spatial attention and channel attention mechanisms are integrated into the U-Net model
to improve the semantic segmentation model for fractures, forming an AU-Net model, which can enhance the model’s
ability to extract features from both overall and local image information. Experimental results show that compared to the
original U-Net model, the AU-Net model can achieve lower loss and higher accuracy in the fracture recognition dataset
by borehole imaging. Specifically, the mean intersection over union is improved by 4.38 percentage points, up to
82.34%, bringing better image segmentation effect.
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Fig.1 U-Net architecture
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Fig.2 Schematic diagram of mixed attention mechanism module
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Fig.3 Schematic diagram of borehole wall image transformation
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Fig.4 Horizontally flipped borehole images
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Fig.5 Original and greyscale images of borehole
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Fig.6 Filtered borehole images
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Fig.7 Image annotation effects
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Table 1 Performance evaluation of two models

W KR/ % HAFR/% WIS/ % B30/ %
U-Net 91.94 86.97 89.39 77.96
AU-Net 92.63 86.73 89.58 82.34
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Fig.8 Loss curves of two deep learning models
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Fig.9 Comparison of image segmentation effects of two models
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