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Abstract: In pavement detection, the small sample of road crack image data makes it difficult for neural net-
works to extract useful features from images. To solve this problem, this paper proposes a Gabor Filter Con-
volutional Neural Network (GF-CNN) model. The GF-CNN model first inputs a road surface image into a
small parameter prediction network, adaptively selects the parameters of the Gabor filter bank according to
the input, and constructs a filter bank according to the predicted parameters, and then filters the initial road
surface image to obtain the Gabor texture feature map. The texture feature map is inputted into a feature clas-
sification network constructed by the residual network to extract deep features, at the same time, to judge

whether a crack exists. Test results on the GAPs pavement image dataset show that the F1 score of the GF-
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CNN model reaches 0.713 7, which is superior to other pavement image detection methods. This model im-

proves the feature extraction ability of CNNs by fusing texture features, and reduces the sensitivity of Gabor

filter parameters to improve its ability to make generalizations. It has good applicability to pavement crack

image detection.

Key words: convolutional neural network; Gabor filter; crack detection; texture feature
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Fig. 3 Sub-network structure of feature classification
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Fig. 4 Detection results of the complete road image
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Fig. 5 Detection results of the road image blocks
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CrackIT 0.4694 0.5394 0.4882
ASINVOS 0.6113 0.4994 0.5497
ResNet 0.6837 0.5750 0.6246
GF-CNN 0.8003 0.644 1 0.7137
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