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Crack detection under parallel extraction and feature fusion

attention network

Zhang Huawei Jia Wenjuan Zhang Jinlong Lian Jing Li Panfeng

(School of Electronics and Information Engincering, Lanzhou Jiaotong University, Lanzhou 730070, China)

Abstract: A crack detection algorithm based on parallel extraction and attention fusion network is designed to address
the problems of low accuracy, much noise and detail loss of existing methods for crack detection. First, the high and
low-level features of the crack scene are extracted using multi-scale convolutional parallel neural networks with different
depths; then, to improve the detection accuracy, the high and low-level features of the crack scene are effectively fused
with the pixcl attention mechanism [or the [catures ol the crack scenc to obtain ellcctive [usion [catures [or crack
dctection; [inally, the crack detection results arc output using nonlincar mapping. The experimental results show that
the proposcd algorithm can obtain ellcctive [catures [or high-precision dctection results, the details of crack detection
results arc clearer, and the supervised learning approach largely climinates the noisc interlcrence of detection results
and obtains dctection results with better visual cllects; the proposed algorithm also has good perlormance in the
cvaluation of quantitative indexes such as accuracy rate and rccall rate, and the accuracy rate ol crack detection reaches
85%.
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