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Structural image prior and ASM energy for clothing image denoising
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(School of Information, Zhejiang Sci—Tech University, Hangzhou 310018, China)

[ Abstract] Clothing images are affected by noise to different degrees during the process of collection and transmission. In order to
remove noise in clothing images more effectively, a deep learning image denoising method based on ASM image energy is proposed.
This method is based on the theory of structural image prior, using random vectors as the input of the convolutional neural network
and noise — containing clothing images as the target output. The network is iterated through backpropagation, according to the
different impedances of the noise and the natural image to the network, iterate to the maximum value of the ASM energy of the
output image for truncation, and the output image at the truncation is the denoised clothing image. The experimental results show that
the PSNR of this method after denoising clothing images reaches 29.91, which is 0.74 higher than NLM denoising and 1.97 higher
than guided denoising. Compared with traditional image filtering and denoising algorithms, This method can more effectively remove
the noise in the image and retain the texture details of the clothing image.
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Fig. 1 The ASM energy values corresponding to different images
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Fig. 2 Iteration curves of different target images
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Fig. 3 Relation curve between PSNR and iteration number
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Fig. 4 Relation curve between ASM and iteration number
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Fig. 5 Generated images corresponding to different iterations
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Fig. 6 Schematic diagram of clothing used in experiment
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Fig. 7 Schematic diagram of network structure
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Tab. 1 Comparison of PSNRdenoising with different algorithms

Eg s MEEER  guided NLM  CMB3D A3k
1 2416 2876  30.12 3147 3093
2 23.59 2938  29.14  30.86  29.93
3 23.82  26.16 2852  28.66  28.90
4 2438 2729 2757 2927  28.33
5 2492 31.13 31.03 3229 32,14
6 2437 2837 28091 30.19  29.32
7 23.88  28.66  29.71 30.68  29.99
8 2378 29.19 2972 3138 30.43
9 25.03 2822 2881 30.08  29.17

-y 24.21 28.57  29.17 30.54  29.91
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Fig. 8 Denoising effect diagram of different algorithms
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