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Abstract; Cracks reflect the stress state of a structure and are one of the important objects of concern for structural health inspection. The
automatic recognition of cracks based on digital images using deep learning methods has the advantages of high speed and accuracy , but
the deep learning methods rely heavily on pixel-level annotation,so an improved U-Net method based on semi-supervised learning is
proposed. A residual network with better feature extraction capability is used as the backbone feature extraction network instead of the
down-sampling part of U-Net, which consists of simple stacking of convolutional and pooling layers. A strip pooling attention with long
and narrow pooling window is inserted into the backbone to assist down—sampling for feature refinement and enhance feature extraction
capability. For the situation that the brightness of crack region in a crack image is generally darker than that of the background region, all
of the pooling operation in the network is average pooling so that the network can better handle the crack images. Using semi—supervised
learning , two networks are trained at the same time and their segmentation results are used to supervise each other so that the deep learning
segmentation method can reduce the dependence of labeled data. The improved U-Net segmentation method is tested on a self—built
crack dataset,the experimental results show that the proposed method has higher accuracy than the original U—Net network and fewer
label data needed for training.
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