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Image Denoising Based on Convolutional Neural Networks with Residual Dense Block

LI Xiao-Yan, SONG Ya-Lin, YUE Fei
(School of Software, Henan University, Kaifeng 475004, China)

Abstract: Considering the low signal-to-noise ratio (SNR) and image detail loss caused by additive white Gaussian noise
(AWGN), an image denoising model based on the convolutional neural network (CNN) with residual dense blocks is
proposed on the basis of the existing CNN algorithms. By introducing a multi-stage residual network and dense
connections and using the Leaky ReLU activation function on the whole network, the model can,bettér retain the effective
information of images and effectively avoid feature loss while removing thé"vnoise of different levels of intensity.
Compared with the residual learning model of the denoising CNN (DnCNN), the proposed model has an improved peak
SNR by about 0.12 dB on the Set12 and Bsd68 test sets and improved structural similarity by about 0.008 6 on average.
The test results reveal that the proposed model can fully extract image features, retain image details, and reduce the
computational complexity of the network.

Key words: image denoising; convolutional neural network (CNN); residual learning; dense block of residual; Leaky

ReLU activation function
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Y. AT R BLO) MM, A0 Adam
BT M BB 2 X T

my = Bim_1 +(1-B1)g: 4)
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fabr, PSNR F1 SSIM BIMEER K, #iARR K kD>, EIE
ZE R A AT
(1) VE{E A5 EL (PSNR)

n_1\2
PSNR = 1010g10((2—1))

MSE ®)

n NEHEE I LREEL, — L 8, RIME R KM 4k
256, HA7 N dB.

(2) 7717 % (MSE)

S S Fan- 16 ©)

MSE o 270 EU& £ ) BH EG £ G IS J7
w2E; Ho M, N N BEUR v RN B

(3) “E AL (SSIM)

SERIARAIAE 53 50 MAEAS S 1) 52 (luminance; 1)
Xt ELEE (contrast, ¢) FI&E ) (structure, $) X 34TSR
JE B R IR 5. L B [ K LR ¢ RgE R s it
FARF: N ‘

MSE =

l(x,y) = = 2. (10)
uy+uy+cy
2000y + )
c(xy) = 55— (11)
oitoyta
Oxy+cC
s(xy) = —2 2 (12)
00y +c3

H, e3 = 02/2, u, REEUE x B FERIIE, u, AR E
%y BRI, o 2REEE x IBRTTE, o8
TKEBR y MBERNTTE, oy URER x MIER y 1
J5 7, SSIM Wit A Xk
SSIM(x,y) = [I(x,y) X c(x,y) X s(x,y)]
Quyuy +c1)2oyy +2)

= (13)

>+ u% +e)(o2+ 0'5 +c2)
R
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3.3 KR

N T R AIE AR ST 1 9 28 45 g 1) 25 I R B
AR5 BM3D, DnCNN, FFDNet,
IRCNN JUA L A6 R e 228 ) 24 2 g s 70 47 T 52
BoXT L, T 50 UE B AR AS ] S5 2 e R ) % 25 Ak
REFISEIR, 3 I I SR SR AN e 75 55 25°h S, 10, 15, 25,
50 f e g s

N T AR SCRT I VR AT IR AR, S 1 R
fid &~ GPU A Tesla P4, W17 4 8 GB, B4t B N
CUDA 10.1, Python 3.7, 145 X 4 ¥ #5 S SR FH VR FE 2 )

HEZE PyTorch 0.4. K Adam A 28347 114k, 31 %
BB AN X 1073, YIGREN 50. T 1@ N4 U2k
R 0T X 4% () e N R F AL 4\, batchsize 24 128.
34 LWOH

N T HELANFEIF] dense block AR R 4% 25 Mt A 77
IR, B2y I & 1, 2, 3 4 Conv+Leaky ReLU
JZ 1] dense block LT B £ M MERE LA, SLIn4h
RUER 1. K2 s, R 1 RoRFEEFE SR 25 B, A
A ¥ ) dense block 7E M 1ASE Setl2 F K PSNR AN
SSIM fE. % 2 F AR5 7 42 ) 25 B, A [ $U 1
dense block {EMRA 4 BSD68 it PSNR il SSIM 1.

1 7N dense block (DB) #RELE Set12 £ #E4E L)

PSNR/SSIM {
ZH 1 DB 2DB 3DB
PSNR (dB) 30.18 30.25 30.30
SSIM 0.9258 0.9269 0.9280

%2 ANJA dense block (DB) #H£E BSD68 H 4 1

PSNR/SSIM 1
e 1 DB 2DB 3DB
PSNR (dB) 29.01 29.10 29.14
SSIM 0.8977 0.8992 0.9001

M1 R 2 Hha] LU H, ¥ 3 4 dense block &
Bk AT B R B2, T ARG B 2 1 B AR IE (S B, 18
o) 24 Ay 14O T LR 6 L3 4 SEA 1 B R L,
59 U A 155 Ve LY AR 5 A 0L ME ) L A 1 28R
S 15 1] denige BloclkeBi 1 5 1 il 25 F 2115 22 8 12
B,

X} Setl2 Al BSD68 A H4E 4 4 v I A 7] 2%
Ko =5, 0=10, o =15, o =25, o = 50, BT
PG 1 B S A0 1) 22 S, A R0 1 BV E AS T 1) 2 Mg B
B R ZESR, S PSNR A1 SSIM FIMEAHH .
F 3 BORTEARFME SR, Set12 $R4E MM —ik &
F L gE R PSNR (E, A SCIR M H iR =5,
o =10, o =15, 0 =25, o =50, BIGFEm8 01T 5K
fth Z MR, FE IR o = 5037 5 T, A SO R 0%
%, PSNR - TV /N, 32 4 SR {87 7] Mg 7 45 2
™, Set12 HHf AL A A BG 2 VL T 1)) SSIM
{8, AR SCHE R VR B 2 BT R RCR.
M 3 FEk 4 0T LUE H, ARSCATHE IR R AE 5 Bl
FEEEL T PSNR 52 (1) BM3D EUE 2 B4 L
PR T 2.7 dB, SSIM FIHEH T 0.2776. S5IRE
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25 I 2% P 25 16 J7 v ) DnCNIN 7 72 L e, 1 g
PN 5,10, 15, 25, 50 B, AN SCHE H 25 e B0
%] PSNR 4y %#% 7 0.09 dB, 0.11 dB, 0.1dB, 0.12 dB,
0.18 dB, ~F*¥3J SSIM 4354 1 0.0003, 0.0007, 0.0006,
0.0021,0.0049. & 5 &7~ T £ 5 MPANEIME S SE T, A

SRR RESE BSD68 T, PSNR HRAS ST (T 14,
RO MEH T SSIM AE RV Fa b, TEA R S5 T,
ANFE VLA BRE 5 BSD68 118 SSIM {8, A
SCEVETEAS [ 98 5 1R MR 75 IR0 T, 2 e A e R AR AR
AR

# 3 ANFAFIETE Setl2 H¥E5 L PSNR {H (dB)

o Method a b c d e f g h i j k 1 Average
BM3D 38.17 39.82  38.03 3730 38.09 3740 3786 3875 3816 3727 37.77 3749 38.01
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