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Abstract: Aiming at the issue that the noise generated during image acquisition and transmission would degrade the abil-
ity of subsequent image processing, a generative adversarial network (GAN) based multi-channel image denoising algo-
rithm was developed. The noisy color image could be separated into red-green-blue (RGB) three channels via the pro-
posed approach, and then the denoising could be implemented in each channel on the basis of an end-to-end trainable
GAN with the same architecture. The generator module of GAN was constructed based on the U-net derivative network
and residual blocks such that the high-level feature information could be extracted effectively via referring to the
low-level feature information to avoid the loss of the detail information. In the meantime, the discriminator module could
be demonstrated on the basis of fully convolutional neural network such that the pixel-level classification could be
achieved to improve the discrimination accuracy. Besides, in order to improve the denoising ability and retain the image
detail as much as possible, the composite loss function could be depicted by the illustrated denoising network based on
the following three loss measures, adversarial loss, visual perception loss, and mean square error (MSE). Finally, the re-
sultant three-channel output information could be fused by exploiting the arithmetic mean method to obtain the final de-
noised image. Compared with the state-of-the-art algorithms, experimental results show that the proposed algorithm can
remove the image noise effectively and restore the original image details considerably.
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A1, L4 MSE FUBSNEHVRBAS G E, FTisisk
2L PSNR HLHARTF 0.04 dB. 25 ATk, Friess
TELEA IR R A T A 4] Sk

F£3  AREIKEEEE PSNR/SSIM B

EIPNEE) PSNR/dB SSIM
L1+Percep 27.49 0.6853
Wass+Percep 27.46 0.684 9
Percep 27.61 0.689
MSE+Percep 28.61 0.778 3
MSE+Wass+Percep 28.65 0.779 2

4.3.3 ZATHE A

SEEG bR AE UG D 3 il B, T
IR G VAR A IS AT I ], A5 R 4
TNe IR 4 WA, 58, LA M BM3D #E
A R TG TR A2 ) I A, R IRAE T
BM3D BT AL BG4, SR A
K2 UMMM E I HEE AL W N, TR
27 2 11 2 T AR U] 75 by ST A5 B i B Rk HL
IEACII R, DLSEI A 2 2e g, Rl vh 8 5
FEimrs ok, TR M M ke, i
575, RED-WGAN 247 # & Hk T DnCNN .,
MSRResNet-GAN. WGAN-VGG F1 DUGAN, X1
LK DnCNN.MSRResNet-GAN fl WGAN-VGG
R FHFE I R AR AR SR A, DRI R 2R A %A
T, 1 RED-WGAN FIJ FH 5 TGt/ i i 25 # 1 ws  2E
AR O A R IR B, BT HEE 4S5 U-net
R A= 28 S bk 2 B SIS e 1, AT DR UE 2
GURHIEI RIS 2 B AIRGURR AR ., Bk n Sl 25 42T
BATHER; HH&, HE 4 075, HiEHEES
RED-WGAN 47 I [ 54s,  SR T H TP 4 S
K 2 5 2 EH R ES % Tk, I FE R
/NT RED-WGAN; b4k, Fid%EH, DUGAN
IEAT AR IR AR DR Ay L8 K 9 8% 82 P 5 S8 o
HR R BT DA 2 e Sk

ZEEPTER, P vESE T U-net Johk =
TE I AR OB, LS IRURE ik B H T B 4 1 45 L)
HRRFE, FIBEFABAGEIT AR, T 2ER
G5 Fa T ) ) ABE B ] 5 B i N R AR RS R B
W, HET 2l GAN FAIF R H 3 Al &
B, DU AT RECRFF UG A Rl P, 2T
MSE. X fu FUE K40 4 i 5 A KA o, DL

RORAEREIY WA 2R, AT S B 25 M 0 R 11 S 2%
Tty BEAL, ol T B S U I 1 2% 9 SR i AR
VRIS HL5I N AT 36 S o6 JEE 3 2R B vet Wi S0t 110 ik
ZERGGY, DT AT 8 2 46 /0 199 2% 2 SO ) IS B A1
IBATI AL, kAT DU ARV SACH SR AT B 2 1
RO

*z4 TEEETFE1TR A
RS Panda/s  Duck/s  Cliffis Tuf%é/f

BM3D 0.173 0.142 0.162 0.159
DnCNN 1.347 1.026 1.254 1.209
MSRResNet-GAN 1.353 1.062 1.269 1.228
WGAN-VGG 1.349 1.048 1.261 1219
RED-WGAN 0.943 0.762 0.389 0.698
DUGAN 1.549 1.325 1.038 1.304
P ENE 0.547 0.376 0.469 0.464

5 #RiE

BEX A 28 2 VL LW M RN ) 1), T
XL IR, AR SCHR Y 22 0l T i [R5 A e A
oo FTREERI U-net 11742 M 48 SR BB AE
LT IR ZE P BRI FE il 5 1R SR R AE , BRI A 2K
TR B BB 515 B 115351 MSE X Ho R g4
RAEER BB R B LIER T 2, iAoy 5
IR AL RGP, DT S5 B 2 o3 P e
P AR T HAE R IR G =l E A R,
DLk i & Lg% . iS5 BM3D. DnCNN.
MSRResNet-GAN. RED-WGAN. WGAN-VGG K
DUGAN X 6 Pl i s L, B0k e SR
ARt BHFMPHA RIS, P AIA PSNR/SSIM
BEI T L, RER T BM3D, T 2Ah
LAk ez il sn, AHES TR LAE, 2450%
FON, FHRSE AR
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