Journal of Computer Applications ISSN 1001-9081 2021-06-10

HHEIE A, 2021, 41(6): 1767 - 1774 CODEN JYIIDU http://www. joca. ¢n
CE ST :1001-9081(2021)06-1767-08 DOI:10. 11772/j. issn. 1001-9081. 2020091355

25 5 B IR 5 TR 22 0 4 0 5% R A= B X 41 ) 48 Y
BGNEERERE X

FMN'L I ELEmMALE OB TG
(1. ZRRS 5020 W] 6505005 2. =EA ) GBI BHLAL , BEBY 650000)
(= EAEMEA B T IR dhw1964@163. com)

W OE AT AR R AOR £ AR ARG P AR T — AP A ek A AR AT 2 W 4 (DnCNN) Fe 4 &

PAT AL 2 (CGAN) 9 B4 & F =k 5Lk, & s, 48 0 7 it 49 DnCNN AR AE 4 CGAN 89 &£ % 2 R 3T A [ K 695k
BB AT R CEBIRR B o) e ek ] R fe A B — RIEENH ) B3R AT R B AR e FI A K5 AU FI A

LRI EAERGEERHFETIN ;R G , EARERANNBE T PER T4, EAREWEZBER LR
M, FILERE, JESetl2F L L, Bk FRF S5 A 15.25.50 8 TR Lk 5 DnCNN Sk A0k, A T & 5
iR Z RN IEAR, LA 1Z R b (PSNR)MA 2 #1421 7 1. 388 dB. 1. 725 dB. 1. 639 dB; AT4% S ik &5 = 43 I fie (BM3D) |
Hm A A 7 IR AN (WNNM) \DnCNN ¥ 45 3 28 8% (CSF) Fo — Sk A 22 ) 25 (CSNET) 5 JLA F- ok A0 sk, 45 M Aa ol ke
(SSIM) #F- - 35 A4-4A-F- 3942 FF T 0. 000 2~0. 104 1, 325 R I04E T Pri2 ”é%é’ﬁt%uh

KRB AR E T ok o AR 2R S th A R ; ARE A &

FE S 2KE:TP391. 41 iﬁxh\?s\ﬁam

Image double blind denoising algorithm combining with denoising convolutional
neural network and conditional generative adversarial net
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Abstract: In order to solve the problems of poor denoising effect and low computational efficiency in image denoising, a
double blind denoising algorithm based on Denoising Convolutional Neural Network (DnCNN) and Conditional Generative
Adversarial Net (CGAN) was proposed. Firstly, the improved DnCNN model was used as the CGAN generator to capture the
noise distribution of the noisy image. Secondly, the noisy image after eliminating the noise distribution and the tag were sent
to the discriminator to distinguish the noise reduction image. Thirdly, the results of discrimination were used to optimize the
hidden layer parameters of the whole model. Finally, a balance between the generator and the discriminator was achieved in
the game, and the generator’ s residual capture ability was optimal. Experimental results show that on Set12 dataset, when
the noise levels are 15, 25, 50 respectively: compared with the DnCNN algorithm, the proposed algorithm has the Peak
Signal-to-Noise Ratio (PSNR) increased by 1.388 dB, 1.725 dB and 1. 639 dB respectively based on the error evaluation
index between pixel points. Compared with the existing algorithms such as Block Matching 3D (BM3D), Weighted Nuclear
Norm Minimization (WNNM), DnCNN, Cascade of Shrinkage Fields (CSF) and ConSensus neural NETwork (CSNET), the
proposed algorithm has the index value of Structural SIMilarity (SSIM) improved by 0. 000 2 to 0. 104 1 on average based on
the evaluation index of structural similarity. The above experimental results verify the superiority of the proposed algorithm.

Key words: image double blind denoising; Denoising Convolutional Neural Network (DnCNN); Conditional Generative

Adversarial Net (CGAN); generator; discriminator
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Fig. 1 DnCNN model architecture
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Fig. 2 CGAN model architecture
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Tab. 1 Effective patch sizes of different models when & = 25
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Fig. 5 IRDB structure in generator
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Fig. 9 Model loss under Adam optimizer
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Fig. 10 Model loss under SGD optimizer
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Fig. 11 Denoising effects of different algorithms when 6 = 15
F ] 11 AT LA 5 H, BM3D 1 DnCNN B335 76 55 — i A
S R R b B RO s WINNM 75 120 2 X sl 2t B
BAYPCR, X — A2 TR E A EROV R SR T
A DU P SRV TR 30 % A 5 A B A W) A AR T A SO



1772 A AL # 41 &
TESZRAFE SO AR LU SE A T is . AR SO LB Y B 2% 7 ORI [P Ay SRR A AR
£3 5=15,25 S0 REIHE K PSNR B{7:dB
Tab. 3 PSNR of different algorithms when 6 = 15, 25, 50 unit:dB

s gk M
Airpl  Barbara  Boat C.man Couple House Lena Monar ~ Man  Peppers Parrot  Starfish “F3#J{H
BM3D!"! 31.07 33.10 32.13 31.91 32.10 34.93 34.26 31.85 31.92 32.69 31.37 31.14 32.372
CSF's! 31.33  31.92  32.01 31.95 31.98 34.39 34.06 32.33 32.08 32.85 31.37 31.55 32.318
DnCNN-S' 31.70  32.64 32.42 32.61 32.47 34.97 34.62 33.09 32.46 33.30 31.83 32.20 32.859
15 DnCNVN-B“‘J 31.56  32.09 32.35 32.10 32.41 34.93 34.56 32.94 32.41 33.15 31.63 32.02 32.680
EPLL!® 31.19  31.38 31.93 31.85 31.93 34.17 33.92 32.10 32.00 32.64 31.42 31.13 32.138
TNRD!!! 31.46 32.13  32.14 32.19 32.11 34.53 34.24 32.56 32.23 33.04 31.63 31.75 32.502
WNNM!'¢! 31.39  33.60 32.27 32.17 32.17 35.13 34.27 32.71 32.11 32,99 31.62 31.82 32.696
RIS 33.89 33.52 34.91 37.39 32.57 38.04 36.37 35.03 34.47 31.84 30.24 30.74 34.084
BM3D!" 28.42  30.71 29.90 29.45 29.71 32.85 32.07 29.25 29.61 30.16 28.93 28.56  29.969
CSF! 28.72  29.03 29.76 29.48 29.53 32.39 31.79 29.62 29.71 30.32 28.90 28.80 29.837
DnCNN-S'®/ 29.13  30.00 30.21 30.18 30.12 33.06 32.44 30.28 30.10 30.87 29.43 29.41 30.436
95 I)nCNrN—B[g] 29.09  29.69 30.20 29.94 30.10 33.05 32.42 30.25 30.09 30.84 29.35 29.34  30.362
EPLL™! 28.61 28.61 29.74 29.26 29.53 32.17 31.73 29.39 29.66 30.17 28.95 28.51  29.692
TNRD!) 28.88 29.41 29.91 29.72 29.71 32.53 32.00 29.85 29.87 30.57 29.18 29.02 30.055
WNNM'®! 28.69 31.24 30.03 29.64 29.82 33.22 32.24 29.84 29.76 30.42 29.15 29.03 30.257
ASCHE: 32003092 33.95 36.15 30.72 36.01 34.40 32.62 32.01 29.03 27.86 28.12 31.982
BM3D!! 25.10  27.22  26.78 26.13 26.46 29.69 29.05 25.82 26.81 26.68 25.90 25.04 26.722
DnCNN-SI¥/ 25.87  26.22 27.20 27.03 26.90 30.00 29.39 26.78 27.24 27.32 26.48 25.70 27.178
DnCNN-B®! 25,89  26.38 27.23 27.03 26.91 30.02 29.38 26.83 27.23 27.39 26.48 2572 27.206
50 EPLL!'S! 25.31 24.83 26.74 26.10 26.30 29.12 28.68 25.94 26.79 26.80 25.95 25.12 26.471
TNRD!) 25.59 25.70 26.94 26.62 26.50 29.48 28.93 26.31 26.98 27.10 26.16 25.42  26.812
WNNM'®! 25.42  27.79 26.97 26.45 26.64 30.33 29.25 26.32 26.94 26.95 26.14 25.44 27.052
ARSI 28.57 26.46 32.03 33.02 27.59 31.98 32.08 29.08 29.05 25.59 24.56 24.29 28.691
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Fig. 12 Denoising effect under different models
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Fig. 13 Blind denoising model structure
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Tab. 4 PSNR and SSIM values of different algorithms on Lena image

s o =20 o =30 o =40 o =50 SEIE

Fk PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
BM3D!! 33.43 0.900 1 31.40 0. 866 6 30.05 0.8369 29.12 0.8193 31.00 0.8557
WNNM!'S! 33.29 0.900 2 31.62 0.8712 30. 25 0.8420 29.37 0.826 6 31.13 0.8599
DnCNN'®! 33.67 0.902 6 31.78 0.8774 30. 47 0.8537 29.51 0.8341 31.35 0. 866 9
FFDNET!'¢! 33.81 0.9102 32.05 0.8851 30. 80 0.864 3 29. 82 0.8459 31.62 0.876 3
CSNET!! 30.74 0.8429 29. 14 0.794 1 28. 14 0.7556 27.19 0.7235 28. 80 0.779 0
A SO 34. 14 0.9133 32.12 0.903 5 30. 33 0.849 7 29.91 0.846 7 31. 62 0.8783

£S5 FEEEHHITHEITLL B s

Tab. 5 Comparison of execution time of different algorithms unit:s

ik FEm RIS GEaling
WNNMLe 240. 56 DnCNN-S'®/ 0.01
EPLL) 53.53 ARSI 0.01
DnCNN-B!®) 0.02

Sl

g o7}

5=

(©) VR
B 14 AR SO R A SR 45 5

Fig. 14 Denoising results of proposed algorithm on
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remote sensing images
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