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Abstract

For an image processing system, including image acquisition, processing, transmission, reception,
and output, there are varying degrees of noise that degrade the image quality and affect the sub-
sequent processing. Transformer-based neural network structure shows significant performance

NEGIF: BRE, Bk, B, BKGE, TS, KPR T R Transformer 48 AR ZMESIED]. tHENLEE
5, 2022, 12(12): 2763-2771. DOI: 10.12677/csa.2022.1212280


http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2022.1212280
https://doi.org/10.12677/csa.2022.1212280
http://www.hanspub.org

improvement on natural language and advanced computer vision tasks. Although Transformer net-
works alleviate the deficiencies of convolutional neural networks in perceptual field and attention
mechanisms, their computational complexity grows quadratically with spatial resolution and thus
cannot be applied to most image recovery tasks involving high-resolution images. In this paper,
based on the improved Transformer network architecture, the computational complexity of the
Transformer network is effectively reduced by the improved attention mechanism and the pixel
reshaping module, which enables the model to support higher-resolution image inputs and pro-
vides better image details for the model, making the model achieve better image denoising than
the above traditional methods and convolutional-based neural methods.
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Figure 1. Algorithm network structure
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Figure 2. Improved attention module
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Figure 3. Comparison of the denoising effect of different methods on the grayscale test set with noise level o = 50
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Figure 4. Comparison of the denoising effect of different methods on the color test set at noise level o = 50
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Table 1. Comparison of denoising results of each algorithm for degraded images with different noise levels (PSNR values)

1 BEEHMNTEIRERERUEIGRA LIRS R (PSNR 1E)

EAGITE S W 7 R T BM3D DnCNN FFDNet RLHE
g=15 31.07 31.73 31.63 31.81
BCD68 0=25 28.57 29.23 29.19 29.37
g=50 25.60 26.23 26.29 26.45
g=15 32.37 32.86 32.75 33.06
Setl2 0=25 29.97 30.44 30.43 30.74
g=50 26.72 27.18 27.32 27.66
c=15 32.35 32.64 32.40 33.12
Urban100 g=25 29.70 29.95 29.90 30.70
g=50 25.95 26.26 26.50 27.39
0=15 33.52 33.90 33.87 34.28
CBSD68 g=25 30.71 31.24 31.21 31.66
o=50 27.38 27.95 27.96 28.46
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Continued
0=15 34.28 34.60 34.63 35.26
Kodak24 o0=25 32.15 32.14 32.13 32.82
o =50 28.46 28.95 28.98 29.75
o=15 34.06 33.45 34.66 35.32
McMaster 0=25 31.66 31.52 32.35 33.07
0=50 28.51 28.26 29.18 29.99
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