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Fig.7 Comparison of experimental models
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Tab. 5 PSNR(dB) comparison

[EN 1 2 3 4 5 6 7 8 9 10
SegNet 12.78 25.86 16.19 16.67 20.76 10.91 13.59 8.53 21.03 21.45
PSPNet 16.28 25.8 15.25 15.07 22.09 13.98 11.75 10.01 19.21 22.92

Grab Cut 14.33 26.54 16.53 20.75 20.64 19.26 14.31 14.94 25.80 22.80
DeeplabV3—+ 9.81 26.36 15.45 21.78 22.36 13.29 16.19 10.09 24.82 20.05
MC-DM 16.17 26.75 17.74 21.97 18.55 11.43 15.11 11.95 26.72 20.82
PSP-M 18.29 26.13 19.85 22.76 23.82 19.49 19.01 14.91 27.63 23.27
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Tab. 6 SSIM comparison

A 1 2 3 4 5 6 7 8 9 10
SegNet 0.645 0.813 0.584 0.745 0.725 0.613 0.806 0.588 0.746 0.890
PSPNet 0.784 0.813 0.520 0.716 0.771 0.762 0.741 0.682 0.648 0.877
Grab Cut 0.853 0.847 0.543 0.795 0.747 0.767 0.886 0.853 0.872 0.901

DeeplabV3+ 0.544 0.845 0.569 0.864 0.884 0.893 0.871 0.696 0.738 0.842
MC-DM 0.817 0.861 0.717 0.873 0.831 0.648 0.763 0.767 0.900 0.869
PSP-M 0.849 0.812 0.726 0.879 0.875 0.898 0.904 0.854 0.914 0.917
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Segmentation method of ancient murals based on improved PSPNet

Cao Jianfang'?, Tian Xiaodong', Jia Yiming', Yan Minmin', Ma Shang'

(1. Editorial College of Computer Science and Technology, Taiyuan University of Science and Technology, Taiyuan 030024,
China; 2. Computer Department, Xinzhou Teachers University, Xinzhou 034000, China)

Abstract: In order to solve the problems of fuzzy boundary and low efficiency of traditional methods in ancient mural im-
age segmentation. a multi classification mural image segmentation model based on PSPNet(PSP-M) is proposed. Firstly, the
model integrates the lightweight neural network mobileNetV2 to reduce the limitation of hardware conditions for model train-
ing. Secondly, through the global pyramid module. the feature maps of different levels are spliced to avoid the loss of context
information representing the relationship between different sub regions. Finally, the pyramid scene analysis network is used to
embed the mural background features to reduce the loss of features and improve the efficiency of feature extraction. The experi-
mental results show that the training accuracy of PSP-M model is 2% higher than that of the traditional image segmentation
model, the peak signal-to-noise ratio(PSNR) of the model is 1—2 dB higher than that of the experimental comparison model,
and the structural similarity index(SSIM) of the model is 0.1—0.2 higher than that of the experimental comparison model. The
experimental results verify the feasibility of PSP-M model in mural segmentation.

Keywords: mural image segmentation; Pyramid pooling module; depth separable convolution; lightweight neural

network
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