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Recognition algorithm of asphalt pavement crack based on improved GoogLeNet
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[ Abstract] In order to improve the recognition efficiency of asphalt pavement crack image recognition technology in the face of
complex road conditions ( strong light, surface water, debris and other interference factors), a recognition algorithm of asphalt
pavement crack based on improved GoogleNet is proposed by making asphalt pavement crack data set. Firstly, the number of
Inception modules and auxiliary classifiers are deleted, and the large convolution kernels are replaced by the continuous small
convolution kernels. Secondly, the combination of ReLU and Leaky ReLU is used as the model activation function. Finally, Batch
Normalization layer and Dropout layer are added to the model. The experimental results show that the original Googl.eNet model and
the improved model trained by the data set in this paper have better recognition effect in the face of complex road conditions, and the
accuracy of the improved GoogLeNet model on the test set can reach 88.4%. Compared with the original model, the accuracy of the
improved model is increased by 5.6% and the time consumption is reduced by 32.5 minutes (40.3% ).
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Fig. 1 Detail shooting examples diagram
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Tab. 1 Number of various types of images
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Tab. 2 The number of all kinds of images after augmentation
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Fig. 2 Images preprocessing process
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Tab. 3 Number of Inception modules and auxiliary classifiers
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Fig. 5 Improved GoogLeNet network structure
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GoogLeNet WiASE  AETHEE THTHRHEE HFER/
B R/ % BBRERR/ % BUSHEFRE/%  min

el 82.8 83.9 81.8 80.7
lresis it 88.4 90.2 86.6 48.2

A

LN&%"&Z
(a) BUK MBI A %

HEW /%

100 200 300 400 500
EARUEL
(b) MER R R R
Bl 6 RKE.EMEMEIRRBEMR
Fig. 6 The change rates of loss value and accuracy with iteration
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