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Abstract

Although the performance of cameras is gradually improving now, there are noise in the acquired digital images from the
camera, which acts as an obstacle to obtaining high-resolution images. Traditionally, a filtering method has been used for
denoising, and a convolutional neural network (CNN), one of the deep learning techniques, has been showing better performance
than traditional methods in the field of image denoising, but the details in images could be lost during the learning process. In
this paper, we present a CNN for image denoising, which improves image details by learning the details of the image based on
wavelet transform. The proposed network uses two subnetworks for detail enhancement and noise extraction. The experiment was
conducted through Gaussian noise and real-world noise, we confirmed that our proposed method was able to solve the detail loss
problem more effectively than conventional algorithms, and we verified that both objective quality evaluation and subjective quality
comparison showed excellent results.
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Fig. 1. Architecture of CNN and Residual Learning Block
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1. Ciist & 2o ofzt 7| Wit Hokst welol cist sl QA A2 APiel TF PSNR(BYSSIM 2 HIMUIE WY & 7Hd
{72 24 0Z, Holst WS WO, £ Filo| oIS TIEHCE UTsi0l EAISICH)

Table 1. The average PSNR(dB)/SSIM results of gray image denoising for conventional methods and the proposed method with different
noise levels(The best result among conventional methods is highlighted in green, the proposed method is highlighted in red, and the
difference between the two results is highlighted in blue.)

[
rlo

X ke

Set12 BSD68
Methods Noise Level Noise Level
15 25 50 15 25 50
Noisy 24.60 / 0.5008 20.17 / 0.3190 14.15 / 0.1421 24.61 / 0.5369 20.17 / 0.3505 14.15 / 0.1582
BM3DH 32.40 / 0.8952 30.00 / 0.8507 26.74 | 0.7677 31.10 / 0.8723 28.51 / 0.8015 25.65 / 0.6870
IRCNNI™ 32.73 / 0.9004 30.36 / 0.8598 27.08 / 0.7792 31.63 / 0.8880 29.14 / 0.8250 26.18 / 0.7165
DnCNN®! 32.82 / 0.9019 30.38 / 0.8611 27.12 1 0.7812 31.72 / 0.8900 29.21 / 0.8281 26.23 / 0.7187
FFDNet!" 32.73 1 0.9020 30.42 / 0.8632 27.29 / 0.7892 31.63 / 0.8897 29.19 / 0.8289 26.29 / 0.7239
ADNet" 32.96 / 0.8997 30.55 / 0.8636 27.37 / 0.8003 31.74 / 0.8834 29.24 | 0.8248 26.29 / 0.7338
WDENet-Pool 32.99 / 0.9019 30.65 / 0.8666 27.55 | 0.8080 31.79 / 0.8901 29.35 / 0.8299 26.35 / 0.7404
WDENet 33.04 / 0.9022 30.71 / 0.8679 27.63 / 0.8103 31.81 / 0.8905 29.37 / 0.8312 26.42 | 0.7423
Difference 0.08 / 0.0002 0.16 / 0.0043 0.26 / 0.0100 0.07 / 0.0005 0.13 / 0.0023 0.13 / 0.0085

F712 712 U-Net 7-ZE A3l WDENet-Poolol] o rd= gAst 13 5 (g)9} WDENet-Pool 22 =2 A
AZ "ol A, e Bl BAgle] BE AeelA 7] a9 5 (Hhe 71E g2 E5l vla gk MEo] 7
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(a) Ground truth (b) IRCNN (c) DnCNN (d) FFDnet (e) ADNet (f) WDENet-Pool  (g) WDENet

T2 5, 71RAI9F E20| MHE Az} g2 H|W (Set12, o = 15)
Fig. 5. Gaussian denoising results of the grayscale image “Lena” from Set12 with noise level 15
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(b) IRCNN
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(c) DnCNN
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(Jun Zheng et al.: WDENet: Wavelet-based Detail Enhanced Image Denoising Network)
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(d) FFDnet (e) ADNet (f) WDENet-Pool  (g) WDENet

Fig. 6. Gaussian denoising results of the grayscale image “Barbara” from Set12 with noise level 25

(a) Ground truth

(b) IRCNN

T2l 7. 7tAlet ES0| MAE 23t 1A H|m (BSD68, o = 50)

(c) DnCNN

(d) FFDnet (e) ADNet (f) WDENet-Pool  (g) WDENet

Fig. 7. Gaussian denoising results of the grayscale image “Test044” from BSD68 with noise level 50
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Tabel 2. Run time (in seconds) of different methods on grayscale im-
ages of size 256 < 256, 512 X< 512 and 1024 x 1024 with noise level
25

Methods Device | 256 X< 256 | 512 < 512 |1024 x 1024
BM3D® CPU 0.63 2.61 11.33
IRCNNIM GPU 0.00787 0.03312 0.10907
DnCNN®! GPU 0.01183 0.03766 0.12675
FFDNet!" GPU 0.00457 0.00948 0.03528
ADNet"! GPU 0.03932 0.11028 0.44896
WDENet GPU 0.03437 0.10598 0.40851
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Table 3. The average PSNR(dB)/SSIM results of sRGB image
denoising for conventional methods and proposed method with
SIDD benchmark dataset(The best result among conventional
methods is highlighted in green, the proposed method is
highlighted in red, and the difference between the two results is
highlighted in blue.)

Methods PSNR SSIM
Noisy 23.66 0.3335
DnCNN-BY 26.21 0.4407
DnCNN-B* 38.33 0.9091
CBDNet® 34.02 0.7988
CBDNet* 38.60 0.9118
AINDNet?? 39.02 0.9121
VDNE!! 39.28 0.9167
WDENet 39.48 0.9683
Difference +0.20 +0.0516
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a) Input ) DnCNN-B (c) CBDNet ) DnCNN-B* ) CBDNet* f) AINDNet ) VDN (h) WDENet ) Ground truth

Jgl 8. SIDD HIX|Dt= H|O[E{ o] 118 ofjol| CHal AX| &=0| MAH= Z3t 512 H|W (sRGB)
Fig. 8. Real image denoising results of the example 11 from the SIDD benchmark dataset (SRGB)
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Fig. 9. Real image denoising results of the example 36 from the SIDD benchmark dataset (SRGB)
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