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Concrete Surface Crack Segmentation based on Improved U—-Net Model
YANG Zhi, YANG Peng, QIN Sen, ZHU Bangsheng
(Yichang Three Gorges Power Transmission &Transformation Engineering Co., Ltd., Yichang 443000, China)

Abstract: In order to automatically segment concrete surface cracks, this paper first collected experimental data and public
datasets to establish concrete surface crack dataset through data augmentation. Then, two fully—supervised crack segmentation
models based on U-Net were proposed, namely, DA-CrackNet and TransUNet. The former adds a soft attention mechanism and
a convolutional block attention mechanism combining spatial and channel information to the U-Net structure, while the latter is
established by combining Transformer with U-Net. Based on the above dataset, the two proposed improved U-Net models were
trained and tested to compare their crack segmentation performance. The results show that, compared to U-Net, DA—CrackNet”
s accuracy, recall, mloU and F1 score increase by 1.41%, 1.35%, 2.07% and 1. 53% respectively. Moreover, the difference
of each performance metric between DA—CrackNet and TransUNet is less than 1%, while the training time of DA—CrackNet is
reduced to 50% compared to TransUNet. Therefore, DA —CrackNet has the best performance considering both computational
accuracy and efficiency. The findings offer valuable insights for similar engineering applications.
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Table 1 Environmental configurations
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CPU AMD Ryzen9 5900X
GPU NVIDIA GeForce RTX 3090/24GB
BIERSR Windows Server 2022
Python 3.8.8
CUDA 11.4
PyTorch 1.10.0
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Fig. 8 Comparative analysis of segmentation results of different models
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Table 2 Performance comparison between different models
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