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Bridge Crack Detection Based on High Level Semantic

Feature and Attention Mechanism
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(1 School of Electrical and Electronic Engineering , Hubei Univ. of Tech., Wuhan 430068, China ;
2 State Key Laboratory for Health and Safety of Bridge Structures » Wuhan 430034, China ;
3 China Railway Bridge Science Research Institute, Ltd., Wuhan 430034, China)

Abstract: In order to improve the detection effect of bridge cracks, a Deep bridge crack detection (DBCD)
networks based on high level semantic feature and attention mechanism is proposed. The detection net-
works is based on the encoder decoder network architecture. Firstly, the encoder is based on SegNet, and
the maximum pool index is introduced in the downsampling process, which can avoid the loss of details
when extracting bridge crack features. Secondly, by adding a high level semantic feature fusion (HSFF)
module between the encoder and the decoder, the robustness of detecting different bridge crack scales is
improved. Subsequently, by introducing an attention mechanism in the decoder stage, designing a Hybrid
domain attention mechanism (HDAM) to achieve accurate positioning of bridge cracks. Finally, compared
with the traditional model, DBCB has richer details, more accurate positioning and higher detection accu-
racy by using it on the real bridge crack image data set taken on site.

Keywords: high-level semantic feature; attention mechanism; bridge crack detection
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