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Image segmentation method of surface defects of wood-based panels based on improved UNet
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Abstract ; In order to meet the requirements of the precision of image segmentation of surface defects of wood-
based panels, an improved UNet semantic segmentation network model was proposed. The coding part of the
traditional UNet network was modified into residual network ResNet50, and the connection layer and average
pooling layer were removed. The network was stacked with residual blocks to obtain more underlying informa-
tion of features. At the same time, the module of attention focusing mechanism is embedded in the jump con-
nection to suppress interference information, retain effective location information, focus defect location and en-
hance learning. The simulation comparison of image segmentation of surface defects of wood-based panels based
on four UNet models shows that the residual UNet model integrating the attention focusing mechanism has been
greatly improved in pixel accuracy and average intersection ratio, as well as the segmentation accuracy.

Keywords: attention focusing mechanism module; UNet; residual network; surface defects of wood-based

panels; image segmentation
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Tab.1 ResNet50 feature extraction network structure
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Fig.2 Internal structure of the attention focusing mechanism module
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Tab.3 Comparison of experimental indicators of 4 models
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