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A Segmentation Method Based on Dual Attention Mechanism

and U-Net for Corrosion Images

CHEN Fafa, CHENG Mengteng, YANG Yunpeng, CHEN Baojia, XIAO Wenrong, XIAO Nengqi

(Hubei Key Laboratory of Hydroelectric Machinery Design & Maintenance, China Three Gorges University, Yichang 443002, China)

Abstract: A novel segmentation model based on dual attention mechanism and U-Net deep
learning network for corrosion images is constructed to solve the problem that traditional methods
are difficult to accurately segment the features of corrosion areas from corrosion images of metal
components. Firstly, the symmetrical code-decode architecture of U-Net is used to construct the
backbone network, and the pre-training weights of VGG16 network are adopted to initialize
parameters for the proposed model. Secondly, the dual attention mechanism is integrated in the
cross layer connection between down-sampling and up-sampling to make the network focus on
local corrosion features. At the same time, the deep separable convolution is used in up-sampling
to improve the computational efficiency. Finally, the network is trained by using the corrosion
image data set to obtain the corrosion image segmentation model. The effectiveness and
practicability of the proposed model are verified by the actual corrosion images of metal
components. Experimental results show that the proposed segmentation model effectively
segments the corrosion area features from the complex background images. The recognition

accuracy of corrosion area features reaches 95. 5%, and the index of the intersection over union is
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81.4%. Compared with the traditional U-Net model, the accuracy and the index of intersection

over union of the proposed model are improved by 3. 3% and 9. 2%, respectively.

Keywords: image segmentation; corrosion; U-Net network; dual attention mechanism;

deep neural networks
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Fig. 1 Network architecture of U-Net algorithm
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Fig. 2 Dual attention feature fusion module
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VGG-UNet-Att  0.941 0.843 0.889 0.851 0.764
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Fig. 10 Effect comparison of different modules
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Fig. 12 Effects of corrosion segmentation on engineering images
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