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An Image Denoising Model Based on Uniformer Transformer and UNet

Lu Zhengwei,Zhang Duzhen
(School of Computer Science and Technology, Jiangsu Normal University , Xuzhou 221116, China)

Abstract ; Convolutional Neural Networks ( CNNs) have achieved a great success in image denoising task. The Vision
Transformer-based model has also demonstrated superior results. In previous experimental results, the performance of
using the Transformer methods in the field of computer vision outperformed that of the CNNs-based methods. A UUNet
( Uniformer Transformer-UNet ) image denoising model is proposed in this paper which uses the Uniformer Transformer as
the backbone network and integrates the UNet network structure to extract the deep feature information of the images.
PSNR and SSIM are used in this study to evaluate the image denoising effects. The experimental results show that the
UUNet network has a better performance than other five models.

Key words ; Convolutional Neural Networks( CNNs) , Uniformer Transformer,image denoising, UNet
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Table 1 Gaussian noise image denoising results on CBSD68 dataset and Kodak24 dataset

CBSD68 Kodak24

Approachs o=10 =30 o=50 o=10 =30 =50 Parms ~ FLOPs

PSNR  SSIM~ PSNR  SSIM PSNR SSIM ~ PSNR SSIM  PSNR SSIM  PSNR  SSIM

Noisy 24.87 0.711 20.57 0.535 15.03 0.307 28.27 0.796 18.97 0.412 1491 0.256 — —
DnCNN 36.14 0.951 30.32 0.861 27.92 0.788 36.58 0.945 31.28 0.858 28.94 0.792 558K 36G
IrCNN 36.06 0.953 30.22 0.861 27.86 0.789 36.70 0.945 31.24 0.858 28.92 0.794 420K 27G
FFDNet 36.14 0.954 30.31 0.860 27.96 0.788 36.80 0.946 31.39 0.860 29.10 0.795 854K 18G
SRMNet 36.46 0961 30.72 0.878 2838 0.814 37.29 0957 3197 0.882 29.72 0.826 37.59M 285G
SUNet 35.94 0.958 30.28 0.870 27.85 0.799 36.79 0953 31.82 0.899 29.54 0.810 99M 30G
UUNet 40.76 0.993 37.20 0985 3440 0973 4135 0994 3757 0986 3481 0974 133M 25.36G
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&2 CBSD68 HHEEF Kodak24 HiEE LR AR ERMERHASSIG4E R
Table 2 Gaussian noise image denoising ablation results on CBSD68 dataset and Kodak24 dataset

CBSD68 Kodak24
CBlock1 CBlock2 SABlock1 SABlock2 T

PSNR SSIM PSNR SSIM
v v v v 10 40.76 0.993 41.35 0.994
v v v 10 35.28 0.980 36.21 0.983
v v 10 34.73 0.979 35.43 0.981
v 10 35.09 0.978 36.17 0.980
10 34.80 0.977 35.89 0.982
v v v v 30 37.20 0.985 37.57 0.986
v v v 30 32.65 0.962 33.06 0.962
v v 30 32.13 0.954 32.44 0.952
v 30 31.91 0.951 32.54 0.950
30 31.94 0.952 32.46 0.951
v v v v 50 34.40 0.973 34.81 0.974
v v v 50 30.11 0.933 30.71 0.933
v v 50 29.75 0.922 30.17 0.917
v 50 29.47 0.917 30.10 0.913
50 29.60 0.921 30.07 0.914
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