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Blind denoising algorithm for single image based on deep neural network

Li Chen Xu Xue Guo Yecai
(Wuxi University, Wuxi 210044, China)

Abstract: Most denoising networks only perform well in the task of synthetic noise denoising, and only extract features
from a single scale, which can not better reconstruct a clean image. To solve the above problems, this paper proposes
a blind denoising algorithm for real noisy images based on multi-scale feature fusion. The horizontal network structure
of the algorithm uses adaptive dense residual blocks to extract rich features of the same scale, and selectively enhance
features with large amount of information. The vertical network structure uses pyramid layer and encode-decode to
further obtain different receptive fields to realize multi-scale feature extraction, The full fusion of the features of the
same horizontal scale and the features of different vertical scales is more conducive to noise removal and retain the edge
details of the image. The proposed network is evaluated on the real noise test set (DND and SIDD). The peak signal-
to-noise ratio (PSNR) is 39. 62 and 39.49 respectively, and the structural similarity (SSIM) is 0. 956 and 0. 954
respectively. The experimental results show that the network proposed in this paper has achieved better performance.
Keywords: convolutional neural network; real noise image denoising; adaptive dense connection residual; multiscale

feature fusion
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R I FE MR 4% (fast and flexible denoising network,
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convolutional neural network, IRCNN)MY & 4 5 Xy
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PEIEFT YNGR, NG5 1 A BT LG 07 B S W 7, (H 25 8 J5 1Y
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(self-adaptive dense connection residual blocks, SDCR) #{
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F REATRENZML O LwBAGE LRI % 5 21 ]
F1 UNet BINEBLE
Layers Num_conv Kernel_size Num_outputs Sampling Concat Activation
Encode_1 4 3X3 32 — LRelLLU
Encode 2 4 3X3 64 Max Encode 4 LRelLU
Encode 3 4 3X3 128 _pool2d Encode 3 LReLU
Encode 4 4 3X3 256 2X2 Encode 2 LReLLU
Encode 5 4 3X3 512 Encode_1 LRelLU
(Decode_5) 3 3X3 256 LReLU
Decode_6 3 3X3 128 LRelLU
Upsample
Decode_7 3 3X3 64 2 h) LReLU
Decode_8 3 3X3 32 LRel.U
Decode_9
Conv_10 1 1X1 — — None
4,355 JG it 500 Wk AR 5 S R WL ST RO, RA B =
o 0.9,8,=0. 999 1) Adam kb4 X BERY JEAT 0k fb . 7E 209
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R

Hi,x, BMAWBRESESR,y, BEGTEESR,
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2 KBRERKRSDH

2.1 BEESITMAEER

i FH A8 68 F L F% 1 4 48 4 (smart image denoising
dataset, SIDD)%H 4 ** #4725 MR AR A 25 L 22 898 42 19
YIZRERAL S 200 X T ¥ RGN W 75 AR, 8 JHE B 3 40 31
256X 256 BRI, 153 48 000 Xf B0 T M4, H
SIDD %4848 5 A iy S S HEAT P 48 A AL B i . B S AT
4000 WIEMR, I HESEFRE R 10,2 000 RiERZ

M 7 ] 44 B & SIDD, DND-* il NC12- 3 47 ) 3K .
NC12 645 12 @M 75 BR , B 50T i BR JCTE 3R B, A
SR R I 2 M SRR AT E PR TA

1% M 4% 7€ Pytorch™ 1. 7.1 HE 42 i ST 3L, I H B i ik
GeForce GTX 1080 Ti i 47 Il 4. 2% 3¢ 3% FH I {3 W Lb
(peak signal to noise ratio, PSNR) F1 4% #4 48 ol ¥
(structural similarity, SSIM)™2 % 358 H 20 5k 1 o e 4% 553
135347
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S T B iiE MFIDNet 87k 76 B3 M7 R 09 25 B3l
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RIDNet""- | AINDNet-**) | TnvDN-**) 35 Fl 35 25 [ £& 5= 1§ 45 3
HEAT A L S2 86 A SC7E SIDDL.DND il NC12 3 A EL 52 5
4 EHAT ARG AT H L B 6.7 A8 Ay L B X B
HBEARCRH AR R RS RE.

#£ DND 30884 Em s g Bt b & 6 s,
FFDNet A 25 B DA 4 44 A 5 5 9 e 7, (EL 2 g 4 v 1) A9
PR X IR b A IR R T ik 2 B L R MRS A X T 7 S o
e ., NC 5 PD X 2 W5 py R A Dhsg Fiast =4, A
MEFEFR B . GID Fl CBDNet [RIFESE ¥ H R 2 1 g7,
CBDNet #% 35 &l 4 20 3, 5 S0 3 2 R 8 25, RIDNet,
AINDNet #1 InvDN &b 2 B 75 & (5 J5 4155 A5 80 . 9 14 i 4%
T B4 A FLPR A B 5 5 18 SIDD $UiE 4 b g s2 e X e
SRRNE 7 TR, 5 A SCHRE I 9B R AH L, AINDNet #1
InvDN ¥4 /> & I 75 5% 58, RIDNet 25 M 5 (9 B8 2 i il
W, Fofth Xt ESE T R B 5 & 6 M) A NC12 045 &
SRR RS A A 8 iR, FFDNet 212 f5 19 B ot
T A ELE,NC )5 MR R 5T 7600 PS5
PodE B scBesc R, HoAb Xt b B vk W R BN B ATk, LA
LSRR LU A SCIR ) MFIDNet 788 7] g 2%
B 7 B 1 BT AR RV T A G A Y . R 2 IR BB 4
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(a) BF=ER (b) FFDNet (¢) NC (d) GID (e) CBDNet

(f) PD (g) RIDNet (h) ATNDNet (i) InvDN (j ) MFTDNet

Bl 6 7EHHRAE DND | iy 2B 45 5%t [

(a) MmEER (e) CBDNet

(f) PD (g) RIDNet (h) AINDNet (i) InvDN (j) MFIDNet

B 7 FegrdEd SIDD b Ay £ BRES RN L

(a) MEFEER (b) FFDNet (¢) NC (d) GID (e) CBDNet

(j ) MFIDNet

(f) PD (g) RIDNet (h ) AINDNet (i) InvDN

B8 fERE S NCI12 b R g R X 1

¥ A ek 0 A TR A DR 5 S BB B4 0 Y R MR IR DL b X bS50 BT 75 2 R 4538, ok A SCH R I SR i T

B9 RNTFHEEFGLERNENELS RN RGB #.
M BT 2L LR, TE G SR E 2 H T NC12 £l 00 T ¥ BUR Tk 2845, A= s R it
fRE T, M B HR AT L S, MEFIDNet B DL 32 B is 45 1 g 7 TR Y% 4 DND 1 SIDD Ef) PSNR F1 SSIM fH., W% 2
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FIRE 2P T B, A X e 75 B9 PSNR fil SSIM
{EHB M B YR £ B 5 Mk E3E, ZARIHE R B R R &

BAEL, PR 48 AR (E 7T AR AR SCSR 3 A B S e 7S 1R 45
LTy T A e SR AR

(a) BFEER

(b) BM3DPF!

(¢ ) FFDNet

(e) GID

(f) PD

(h) AINDNet

(1) InvDN (j) MFIDNet

(g ) RIDNet
B9 FHLHLIHE M E B
*2 ZWE %7 DND.SIDD 384 4 PSNR #1 SSIM &
DND SIDD

Method PSNR/dB SSIM Method PSNR/dB SSIM

BM3D 34.51 0. 851 BM3D 26. 65 0. 685

NC 35.43 0. 884 MLPM 24.71 0. 641

FFDNet+ 37.61 0. 942 WNNME™ 25.78 0. 809

CBDNet 38. 06 0. 942 CBDNet 33. 28 0. 868

PD 38. 40 0. 945 PD 32. 94 0. 865

RIDNet 39. 26 0. 953 RIDNet 38.71 0. 953

AINDNet 39.37 0.951 AINDNet 38.95 0. 952

VDN 39. 38 0. 952 VDN 39. 26 0. 955

InvDN 39. 57 0. 952 InvDN 39. 28 0. 955

A 39. 62 0. 956 ARICE 39. 49 0. 954

2.3 HEXI % 3 MPFIDNet i 5 SC 16

HT 5 MFIDNet [ 45 8 B 7E 2 Wk AF 55 o 9 4 K SDCR PU-Net DND
A, % SDCR i Fl PU-Net 75 B 4% 7 (1 47 8 35 47 19 il 52 K 7l n=15 n=20 (5) (100 (14) PSNR
B, W3R 3 PR, | eI m 45 H SDCR 20& n X R 4% 1 N 38. 79
PERE R, B =15 F0 n =20 X PIFE AL, i PSNR (8 2 J 38. 83
LA A n =15, n=20 i}, PSNR {E 3 35 48/, IE 3 N N 39.17
HIA I I ) 48 YR B TE il — 2 U B I R R R 4 N J 39. 26
YIRS R M SR B A ST 4R A 15 4~ SDCR 5 N < 39.38
A g W 5 Kk ) 5 4 MFIDNet  +/ J J < 39.62

TEAIH 1.2 FTE L5 E], A 3 4 PU-Net ]
TIREZ RPERRE L AF 2 I 25 B 4L 18] 4544 . 3 4> PU-Net #
A CE S 5 4~ SDCRLEE 10 4~ SDCR A4S 14 4~ SDCR
B IR T 73R 3 s () K PU-Net JULE S » 4> SDCR
HedyJ5m . M PSNR {H B XJ e o 7T LU i, 80 PU-Net
{6 ATE R 45 B 52 ) £ B, B A A1) T B8 5 8, SDCR (2 =

15) + PU-Net (14) ) PSNR { . SDCR (7 = 15) & &
0.59 dB,UEI T 48 SCHR H B 91 454 PU-Net 15 Bl X515
FEPER . T 3 A PU-Net #84/ A M 4% 5 . PSNR {H ik
BT 39.62 dB, XA SCTE 2 T4 h B 45454 .
X LA EAEAITE DND 4 48 b3k A7 S2 5k, B0y
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