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Application of U-Net Based Rock Formation Image Crack
Detection Algorithm
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Abstract: To quickly detect the rock formation status of engineering and coal mines and realize the crack detection of rock formation
images,a U—Net based rock formation image crack detection algorithm is proposed. With random translation and rotation to expand the
original data set,the data volume is 11 times than the original data, and the expanded data set is used as the training set, which better
solves the problem of insufficient data. Image preprocessing combines the weighted average method and the adaptive median filter
algorithm , which retains the characteristic information of the cracks and improves the detection effect. batch normalization layer and
rectified linear unit activation layer are added to the network ,and depthwise separable convolution is to replace ordinary convolution, so as
to enhance the network performance,accelerate the model learning speed and obtain a faster and smaller network model. The Adam opti-
mization algorithm combines the mean squared error loss function to process training model, which reduces the loss value and improves
the accuracy. Experiment shows that compared with other algorithms based on the original U-Net network structure, the proposed
algorithm has a more obvious effect on the detection of cracks in the rock formation image, with faster convergence speed and higher ac-
curacy , which can better assist the engineering survey and complete detection task.
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