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Abstract

In recent years, image processing technology has been widely used in various fields. Among them,
the image denoising part is most often used in medical, military and other fields. Compared with
some traditional denoising methods, although it has achieved good results in removing synthetic
noise, its effectiveness is affected by the use of traditional methods for real noise denoising due to
the different assumptions from the real scene. Therefore, based on the above factors, a reversible
network denoising method is used in this paper. At the same time, on the basis of reversible net-
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work denoising, we added our own ideas to make some improvements. In the comparison test, we
selected SIDD and other data sets for comparison test. The results show that the PSNR of the image
after changing the Haar wavelet transform to the Dobbercy wavelet transform has a certain im-
provement, and the PSNR of the image after adding the residual network pre-training is also im-
proved. It can be seen that our improved reversible denoising network has a certain improvement
in image denoising performance compared with the original denoising network.
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Figure 1. Forward propagation
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Figure 2. Back propagation
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Wavelet
Squeeze Transform

Figure 3. Invertible transforms. The squeeze operation on the left extracts features according to a checkerboard
pattern. The wavelet transformation on the right extracts the average pooling of the image, as well as the vertical,
horizontal and diagonal derivatives
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Figure 4. Overall structure of the model
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Figure 5. Basic structure of residual block
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Figure 6. Structure diagram of optimization model

[ 6. ik isRIgEigE
4. 2%
4.1. BIEESHIETLIE

FRATAE BL St L) 220 3 v F A InvDN. SIDD 2 F TN B AT /N BRI A% I 28 R~ 1 2 BE T HL
MWLM . IRAVE A SIDD /ERNZi4E, 4 320 5Tyt T4, ULk E HAh 40 %1
1280 NMEBIAN T H T IR fERRRIINZIERT, AT N U BT 2 A 144 x 144 N4 T, D
NGER

FATH) InvDN B AR R L, SABel 8 NIl i, AT I ELES & DL Adam itk 2s, it
BA/NKE RN 14, VRS SR E RN 2 %107, 4 50 k A a2l —2F. (] paddle | 1F AscHiliE
28, BEIAE—AS 2060-TiGPU FHAT .
4.2, SCIRLER

FAIHE SIDD HdsE Fr BB EEE R T E 7~9,
4.3. SLIGEERELER

FAT0s 5 HAB PR L N 25 AEAH [F) SIDD T ARER R £m 45 R -

Figure 7. Comparison between the original image and the improved image
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Ground Truth InvDN][13] Ours

Figure 8. Comparison between denoising results of other network models and improved InvDN denoising imags
8. J& InvDN fREVKIRLER 520 /F InvDN KB ERXIEL

Ground Truth Noisy MIRNet[16]
PSNR/SSIM 17.49/0.2112 30.56/0.789

Image from SIDD

DANet[15] InvDN[13] Ours
29 57/0.7536 29.39/0.7211 29.68/0.7441

Figure 9. Comparison between denoising results of other network models and improved InvDN denoising imags
9. HitbMERBIKIRERSHUHE InvDN KRR ERISLE

Table 2. SIDD training results under different models
F* 2. TEHEETH) SIDD YIZLER

it ZHi= SIDD
DnCNN [10] 0.56 M 38.56/0.910
GardNet [14] 1.60 M 38.34/0.926
CBDNet [12] 434 M 38.68/0.909
VDN [15] 7.81 M 39.29/0.911
InvDN [13] 2.55 M 39.65/0.961
DANEet [16] 63.01 M 39.30/0.916
MIRNet [17] 31.78 M 39.72/0.959
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Table 3. Comparison of network training time
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Table 4. PSNR metrics for each method
Fz 4. B733% PSNR 3E#R

Kg 5 NG 22 WA 248 T3 b R R DN 22 WA 48 T A H e 0071k
K7 29.91 29.93 29.11
K81 28.79 28.79 28.10
K 8.2 31.17 31.25 29.18
A9 35.64 35.67 28.53
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3. BB Z 28X R TIAL B, LM Z% S5 F et ARG fg 8, JeikoR AR 3, 7k Xt kAT
WA, Feor FIRMESEMUS, T8 R S840, ORI 2R, BRI LF IR RACR .
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Table 5. Comparison of different image decomposition methods
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Haar /At — 4 DTN B BUAL A
SIDD 36.40/0.9448 36.48/0.9451 36.36/0.9436
BSDS100 31.95/0.8672 31.97/0.8675 31.91/0.8648
DIV2K 35.43/0.9347 35.53/0.9353 35.29/0.9315

3% 5 fron, IEIEXSEE Haar /NEARHANELE 70 it 5 — 462 DUPE /N AE A R B AR T RISE R, Ui
AR Haar B0 2 DU 5 1O SEIR 45 R A — 7€ 1Tt
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