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OB N T MR SRS JF 7 S B T L R BEHL K i e 7 ( Random-Valued Impulse Noise,
RVIN ) IR | LT IR FE S BUM 28 R 45 M A A AR T O Y RVIN [ AR AU 75 B MR AR A PATRICR E3A B 33,
R AR A7 72 25 B A 0 S008I Bl s, A R 7 % i Al SR RD B R R W9 A Oy TG ) AR A5 i FEMEBE. Wk, L DNCNIN
( Denoising Convolutional Neural Network ) 3 [0 5 45 b R B0 S S 2, #2007 —Fogi 9 2% 5% RVIN
W75 1 T o B 5 A% ( Two-stage Blind Convolutional Denoising, TBCD ) %, 7485 —BrBt, &5 45 5E 0%
0~90%:1 [l P LA HL 7] RVIN B 75 T4 iy M 18145, 1)1 DNCNN-B(DNCNN for Blind Denoising Task) & [ M ki #4
SEIAI A RN TRTISE, R P g 7 G A 000 4 M 7 PRI AR o (R PR R 48, R e M TR 5 MR 7 s 2 i P e
AR A R 5 SR K% ( Sparse Sampling Image, SSI ) . 7E58 BB, N T #E—42 5 DNCNN-B 5 M4 Y filr
T 00 A W MR R 0 T, R JL S SSI BT 3% 392 (concatenate) Ji5 -1 iy A 31 51 56 1 25 - 1) SOGE 3 40 2 4 T 780
Wk IR aE 22 R, 2 S R A R e R 2 4 22 LG AR B B L Y R MR LS. S8 I JF 6 8 RVIN REMESVA AR
BT BIE T 568 TBCD FE B 7R 45 Fh s LU 1) 25 14 RA3 A5 5 M 1L ( Peak Signal-to-Noise Ratio, PSNR ) #§#x
EHMERE R H 5~8dB, JE B IR B A N o 45 A5 G B A A TS E R IAY DNCNIN-B 1l H R R R 6
DNCNN-S ( DnCNN with Known Specific Noise Ratio ) Wi~V R RIAR 1L, TBCD %15 i K141 PSNR -1
k. DNCNN-B & 0.5dB, {UHCHAESIHAMET (75 4 R HEmi i e 7 HG 01 (8 3 8 B & T T 450 A R IR A5 0 )
DNCNN-S #£1{i% 0.3dB. X 7 W% Wi B BESK IS S2 3 TBCD T 35 AR A M 461 51 7 [ Mg 2k S5 1 5 P M7/ Jr TR 4
157 I AErERE, R T RVIN [ M TR T 77 78 B S0 A4 i 7] .
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Abstract  The traditional switching random-valued impulse noise (RVIN) removal methods normally
identify whether the center pixel of alocal window is noise or not by comparing its local image statistic
with a preset threshold, based on which the identified noise candidates were then suppressed by some noise
reduction process. These methods show good denoising effect but at the cost of computational complexity.
The deep convolutional neural network (CNN) based non-switching RVIN denoising models have
significant advantages in both denoising effect and execution efficiency, in comparison with the classical
switching ones that detect and restore RVIN noise pixel-by-pixel. Nonetheless, they cannot obtain best
performance with respect to denoising effect and flexibility at the same time due to inherent data
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dependency. To this end, a novel two-stage blind convolutional denoising (TBCD) model on the basis of
DnCNN(Denoising Convolutional Neural Network) architecture for the removal of RVIN was proposed in
this paper. At the first stage, given a noisy image corrupted by RVIN with any noise ratio in the interval [0%,
90%, the DnCNN-B (DnCNN for Blind Denoising Task) model was first applied to removal RVIN noise
preliminarily. Meanwhile, a pre-trained noise detection model was exploited to obtain the corresponding
noise label matrix of the given noisy image. And then a sparse sampling image was generated by taking dot
products between the noisy image and its corresponding noise label matrix. At the second stage, to further
improve the quality of the preliminary image restored by the DnCNN-B denoising model at the first stage,
the preliminary image and the sparse sampling image were concatenated and fed into a pre-trained
dual-channel image quality boosting model to generate aresidual image. The final restored latent image can
be obtained by subtracting the preliminary restored image from the residual image. The denoising
performance of the proposed method was compared with the state-of-the-art switching ones (i.e., PSMF,
ROLD-EPR, ASWM, ROR-NLM, MLP-EPR, WCSR, and ALOHA), two CNN-based ones (i.e., DnCNN-B
and DnCNN-S), and three regularization-based Gaussian-impulse noise remova methods (i.e., WENSR,
WJSR, and LSM-NLR). Experimental results show that the proposed denoising method outperforms all the
compared state-of-the-art ones with respect to denoising effect and execution efficiency. Specifically,
compared with the existing switching RVIN removal methods, the proposed non-switching TBCD model
outperforms them by 5~8dB in terms of peak signal-to-noise ratio (PSNR) across different noise ratios,
demonstrating remarkable advantages of the deep CNN-based RVIN denoising model. Compared with the
CNN-based DNnCNN-B and DnCNN-S (DnCNN with Known Specific Noise Ratio) denoising models, the
PSNR performance of TBCD model is about 0.5 dB higher than that of DNnCNN-B and 0.3 dB worse than
that of DNCNN-S, respectively. Note that the performance of DnCNN-S can only be achieved under ideal
circumstances, i.e., the noise ratio of the given noisy image must be accurately measured in advance and the
noisy image should also be denoised with the specific pre-trained denoising moded accordingly. This
indicates that the TBCD model implemented by our two-stage strategy takes competitive advantage in
terms of both denoising performance and flexibility, solving the data dependence problem of the
non-switching deep RVIN denoising model well. In addition, compared with the mixed Gaussian-impulse
noise remova methods, the proposed one exceeds them by at least 5 dB for the case of pure RVIN, and is
also more effective than them for the removal of mixed Gaussian-impulse noise. In summary, the proposed
denoising method exhibits a competitive performance and shows strong attraction for practical image
processing applications.

Keywords random-valued impulse noise; deep convolutional neural network; data dependency;
two-stage approach; sparse sampling image; denoising effect; flexibility
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B EURTEAREL . AP alE fE L &GE R R 1A
Lt 1) 3o B A ) 52 1) ik vl I 75 (Impul se Noise, IN)
F T3 ik g e S AT LAY S i E ik ok
I 75 (Fixed-Valued Impulse Noise, FVIN)FIEHL K
1% 75 (Random-Valued Impulse Noise, RVIN)*®. 4
XFT FVIN BT, RVIN MR 2 2 052 BE (1]
DU EHRAR R s s BT RV B N AR A, %

5 HAR NG R S EAEEAEAN R, R
AT X4y, I, RVIN M7 460 -5 2 B o HL Pk AR
PEBS D W5 T ARZEFH B ETE. AT RVIN MR ()
BEOLE RN E M, AP A1 T 28 RVIN %
MRREE, EEEAELIT L.

(1) FETUEPE 2. AR TE R E LU (ENE
% (Median Filter, MF ) #7450k 5em, aladit
ALY RIS T 10 P P 0 ok o LA A e A A B
WS PR RSN EZ R4 228, HHZ



9 PR/DEAE . T 25 BRBEAL IR vh I 7 %) 5 B B B 46 R g M A 7 1675

YN 25 (5 T S AH LA, SR FE R R AR
T oA MRS A XA I S e S R R A, SR Bh ARG
FEMERR P AT L, 50 AT 2500 () B 15 3% 1 (pixel-
ise) P e ok A,k B R B B Ml R A R 40 1 B
B, ST OGRS S AR X R 5, (EAR S R 2H
THIRESIA R, 7E MRS LB T R T BRE R
JUE.

(2) T EMB RS HE( Local Image Statistic,
LIS) 25, filtn, Garnett 25 AL MR 2 4 5 HAR
BT A AR ZR 05 2 0] 5 BB A T m A B/ N X 25 R
UM # ROAD ( Rank-Ordered Absolute Differe-
nces) SEitME, Jf5 e SCHY BB AT BRI &
HROCMR ZR SR TS R B ALK vp R R X ) A MR
FRBRER A, P =8¥E s (trilateral filter) i
TR I AR P15 2% 5.1 ROAD (B X HiS Bt 17 J# 4%
AL TFAEMR AR, RS, Dong % A8 16 ROAD
GEIHEVERTEUE ok R M SR TCME AR R 2
[ 2E 5, $&H T —FMFrJy ROLD  ( Rank-Ordered
Logarithmic Difference) %14 F1F{E. 7 L F Al
b, RIS RFEEN L ( Edge-Preserving Regula-
rization, EPR ) 777k 56 R M, FE M P L 45145 v s B
15T A B MR . Yu 25 O M S ) 7 2
AU I A 0 M R PR AR HE AT AL B AR LS B R
( reference image ), B3t T2 % E{4 5 RORD
( Rank-Ordered Relative Differences) 4¢it{H Kk
e RVIN A oAl PR . Ry B v M s A 0 TE A 232, S
BR[7-91 3 R B 2 UGB ARy SUSE B, ak SeByk py E
e A TR R P R E, HERRE
PR v A2 ) T SRR R MRSk B BRI PR RE 2L
B S EEB Z , THRERCREIR.

(3) T LISHIHEZE. XJE RVIN [FFEEE
B2 DB RENE LIS GEiHE R, X T#HAT
WA, DA R MR PR R I TE R %, T R
MRS L i, SCHER[L0] R B T — 9 B B A
{1 % % %% (Weighted Mean Filter with a Two-Phase
Noise Detector, WMF-TND)#] RVIN [ 1. %5
B FFH ROD-ROAD(Rank-Ordered Difference of
ROAD)#1 MEPD(Minimum Edge Pixels Difference)
JRTR A P = RS R R AR ER 3, R E
WO BN AL 34 A 8 U A% o7 % . Turkmen
ROAD 1 ROLD S 3B S AT TR 1 1) M 75 A 25 53 J3l)
ViR Z Z R M 2% (Multilayer Perceptron, ML P) )4
AR, 38 I A R e A L IR R A e
Rl R R G A R SR sg B B0 AT TR
BEMBARZR s 15 R MR PR b 5 B M 5 R A 55

To5 5 HE T e MR B 40 AR T . (H IR I B AT
SR T SR FH 326 s5URGH I Py FF DG U R MR SR e, AR PRA T

(4) FEFIEN{EZ. 2014 4F, Liu % ANPERH
Laplacian 4 FIEHELLSEHL TR I 2 R R, 4R
J& F IR A B L B 87 1E W {6 ( Hybrid Graph
Laplacian Regularization, HGL R ) £5 %4 M KL 51k 7 i
M JRAS A REZS | EE, IF R R EG REE
TR AR R0 1Y) 1 AR o A RIS b 5 D e s €]
B B S PEANA . Jiang 45 N R H — gl R
& WESNR( Weighted Encoding with Sparse Nonlocal
Regularization ) (1] [a] B 22 Bk i 40r- ok wh iR 7 W s 114
R MR . TR v % Bk o Mg 7 S TR T A A i )
Jr A BB, i L T ERAR s A EE R B AR R
%) 516 55 MR B 8 B ) T D v DA s A 4 ) ) A
SEVE. ZJ5, Chen % NMUEW T —FiFr N WCSR
( Weighted Couple Sparse Representation ) i ik 1%
MR, BifJS , Dekas A SUR] (5 6 B BEIE( Grey
Relational Theory, GRT ) FlFfiifi # 7~ £ A X 43 fik
W R RGO AR FE A, DA AR B 3R R AR 4y
IE NS T Bk oh e s i 2B 2017 4, SCHK[16]
3 AR JR F AR AL A R SR A TR S S, B T —
il T 25 B v B0 - K P TR A5 M 7S 18 ALK 5 i b R
7~ (Weighted Joint Sparse Representation, WJSR ) #5
A ZRRK R W-SOMP  ( Weighted Simultaneous
Orthogonal Matching Pursuit ) 258k, $ATRE%
BA%. [F4E, Huang 25 AIETF 1 AR IEG BT A 1Y
A F AR RIS RR R, AP R ROEETR S
( Laplacian Scale Mixture, LSM ) #5551 %o I 74 47 4
B, R AR R AR AR E 4k ( Nonlocal Low-Rank
Regularization, NLR ) FARSZHL 1 i 37 ik v iR 45 Mg
FRYERR. T, Jin 2R U0 ik kg R R AR i
JriE, FETAEREAM S (matrix completion) JF1]
B AR 43 Hankel 45 #4 f 0 B AR 4 T —Fp T
VETEE B2 i ALOHA ( Annihilating Filter-Based
Low-Rank Hankel Matrix ) ik il e p gy . %8
RAEAR L M R AR SRS R AT B R RCR, (HAER
F 5] Mt 7 S5 A2 5 2 P At M 7 G T 5 R e P
1) 7 5 B SRS ( sparse outlier detection ) it
5 NPKE S BOL R MR AR 200 R R, AN, I RIE
OB AR B 4 T GPU( Graphic Processing Unit )
BB ik, 15 el TR 124 B ADMM( Alternating
Direction Method of Multiplier Y& 3K fif fi B I 2
fiff ) 31 S5 PHA T B8R AT AR LR AR AR

IR RVIN FEMREE BARAR IS T — W)
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SR, EARAEFELLR 2 AN (1) BEMERCRK
R A B, KEZB RVIN PRI BEH N IR A T
2m R M A A . X IR S (miss detec-
tion) HMEZE T, RVIN FFBBE LA S TANE, S
MR EEREE G (false detection) H%EE <y
AT TR A2, SRR, Wik, b
IR ANE LA S BT R RVIN BRI RL A %
MEMERE, L HORTE R MRS B E T MERS L
W, TR EARR S EG D R RG I  1E A
MELLGRIIE. AR 2400k BUR 3R 2 R M S AR 3 S
gk, X FIE BT AR RUR 2 2R T %
(2) PUATHORMAR. Ry 7 ARAH B g 1) M s A6 00 1
PERIREEROR , REFE ARV T & 22 ik 04k
HUP B T TR IR, ELBRA T B () 23 it 25 e
SR R IEINNT EREN. th T RVIN RRERR SRR A A
2 H A PG A B R (T AR, e R R T )
Popp i B A AR AL FAT 55 I BATROR. I, R
FHEARPAT I RVIN A MR v 70 TS X pAUA T I
() LR L A2 g 0 I FH A E R R SR B

JT4FE3E, DnCNN(Denoising Convolutional Neural
Network)™® | FFDNet(Fast and Flexible Denoising
Convolutional Neural Network)!*¥ | UDNet (Universal
Denoising Network)®? | CBDNet(Convolutional Blind
Denoising Network)!! 25 1 i [ 45 [ e 45 750 75 43 i)
FH AR £ 1 e B i 3 K B9 6 B 22 M 4% ( Convo-
lutional Neural Network, CNN ) 5 A 2224452 Fy [#] 4% h
BEAREE R, B SRR & R IE T
SR Ty T AR TR 22 01 G W M Ty vk T LA AL
B4, Zhang % AU A9 S S ( Gaussian
noise) FEMLEFIMIZ M4 DNCNN EELH T AL S
o0 $0 REf R B O AR MR AR PR T 4508 LI
S BRI, DNCNIN 52 % T P B 1 A I 5%
RUREMESR IS, B M5 A s G, it R 6 1
% 22 R (e s B8 5 TE 2k B IR Z 1) 1 22 (8 K]
18, F M G ek 2 ok 22 UG B mT 45 31 & R IR
R R AR A R DT AR A B B, A
Ay SCHIWT AL B R, TR BT, SATRCR
R, {HJE:, DNCNN 51 BAH J5 A5 f5 £ i e g s
fiE, T BT X R AR M K (e e v S e e
HEEE TR ) 2L HMAEE (non-blind)
FM Ry | SRR I PSS A — e R Az
FIFRW. AT rORiX —®FE, SCHR[19]7E DnCNN #E
LR IERE - UEAT TB L, S B A R KT B
( noise level map ) 1 A i B iy AL TE , 315
T —AFEMERE AR (RIf4E T DnCNN LAY ), A

RIGEPEMPATRCR T E 1) FFDNet Ry, e
TR S5 1] 1 5 | A A 733 P 7K S {1 2 50 DA I 245 A 71
ZRCPRE Ok, XA UIZR 1 ARSI E AT
b 34 S W 7 KT B P ) e TR S, RS MR AT
UGN, FFDNet A58 T B AE A T [ W ol i =2 i %
W R M AR A T A T, ARG A RE LA IRE
R BRI A U R KL, BOTYAR R TR E R
J.2Z, ) DNCNN #il FFDNet > 1% i 35 T %5 0K 50
(IE T A MRS A A ] A5 B 28 I 4 5 K 1) AR g
J1, B REEGE EIZ3545 55 2] (end to end)
(R EAIRL HAE GPU B4R S H5 T BAT R & AT
R H X AR AR AT foe A o M A4 R A I 42 R i
TRr PR PRTAR 55 P 7 1T 2 e R A A ) 61 41 52 30 Mg e 1
Py EREEEA T, AETEER R AN 2 . ) Th
Wb, YA RS2 M R S U RS AL BT
WP G AE AR RS R 22 BB, AT A e M Rk
NGRSO

g Bk, HEE IR A Il 254 (Training
Pairs, TP) i4a A 5 1 32 i e 7 TP e 2 B
ML I 7 T, DNCNIN 17 5 [ e X 28 B e - 2¢
B RVIN B 330F5E TR B2 A5 AR I 28 B A e 1Y)
RVIN FERRAIARLREE 3R A Ho AL G232 s T AL RVIN R
LT S BT RCR AR R B R, AR R
AV 5. B2 5 TN SR B AR 22 N 4%
Fep MRl AR S 2 A B 1%y B o] (BB AR ), X iy v
ATH IR T LA — 58 P MR ASCR AR A BE L I B
M HIRRAET . AT RVIN B H B, TP
YITZEXF 18 % A\ B v b 2504 B 22 Tl A2 A [ e s L £51)
B (2t RVIN MR HFLRE ) 1) RVIN M T4
IR, X FEUI SR IR AT A R A . DNCNIN-
B ( DNCNN for Blind Denoising Task ) A AE X T 25 I
P OB A M P (R R A TR R . 9K DNCNIN-B #
RIEA RAFR REYE, EE RGN, &
TP PR SR A 0 SR AR T T 1A X B — A o e
7 BB VI 25 DNnCNN-S ( DnCNN with Known
Specific Noise Ratio ) [ M4

N T BERSEE RIS DNCNN-S i Mk 5 f) e
MAEfE L H A DNCNN-B H FEMEAIRI R G, A
CAE FFDNet BRG] A MRS 7KF Wi B3 AR Y
Ja & T, DL DNCNN ¥R B2 45 FURH 28 ) 45 Sy BE il 52 0
T—FhHF LB RVIN B 9 B Bt 1 4 R
( Two-stage Blind Convolutional Denoising, TBCD )
BRY, BAKHL, TR —BrBeh, SFXd 4 s AR
] RVIN M S0 e 5 #1418, FIH DnCNN-B
R MR AR S8 R AR AS 1 SR D R R [RI
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I FE SR 2527 1 e 7S A 7R 000 4 27 e s P45
BB R SRR, N T R MRS AR 0 48
PR, MRS ER SR AR PR AR T, 158 1 5KAR
B R FEE % ( Sparse Sampling Image, SSI ) . SSI &
G rf R SO0 o A AL S AR B S 0, iR
FEAR 5 50 B (E 5 R RGO R A 1Y) 5 A
). FESE B, W5 — W B AR i) 2D e e 1A
185 SSI B KA EUSERST ,  []B ig A B 55 1 25
B 8 R P50 5 o 4 R TR e AR A R 25 IR, 8
WAL o Wt PTG 0 2 % 2 TG BV T A 3] e 4 [ e (%]
14 TBCD LRI A4 B B v BT FH 30 ) 34~ F A5 1 3
K DNCNIN- 5 A 4 28 0 26 A 7] B4 A% 0 A8 S B
— BRI ZR5E i, Joi AP b i3 A (T S 4
HLRE S TEAT B 45 A 1M MR L e i, TR T E
R, SCBG R R . TBCD AR Y i e 1 i
WEML T AR ERE L, WA T3 T IHRE 2
PRI B AR RS . TBCD #5517 3k4% T DnCNN-B
T R MR Y 525 Pk 1 IR, R MR RE S T Din-

WEFe R

o

o

i a 5 c 2

5 5 &% &

B & z P
T & z -

S| g 3

o =] g

o ]

I d 3

‘ Conv+BN+ReLU ‘
Conv

B

CNN-B ## | 3f4%iF T DnCNN-S JE 5 [ M Asi 5 77

PHAR 2R 345 10 B MR K S, A b S il e T R
RVIN [ REAR TR Fr 77 18 55 A 5[] 7.
2 M=xIE

2.1 DnCNNP&IEiES

Wi 1 iR, DNCNN 25 B 28 ) 45 19
REEIEAdZ: 5 1 )26 &2 (Convolutiona
Layer, Conv)Xj4i AKIR#HEAT43, JFA ] ReLU
(Rectifier Linear Unit)i# i o502 ok kg 45 $ i 4k 2k
PEREST, FERAT 644 3x3x1 (INENE #8 4= i 64 1>
FRIEBL L 25 2~ (d-0) BN ESBZ S ReLU Z
[E] 38 i T 43— 1k (Batch Normalization, BN)#:1,
F 2 H T 9k D P9 U AR & % 75 (internal covariate
shift)POUX 90 2% 2 $I00E LA RZ IR, bl 190 245 A5 780 1415
SR, RAMYIE 64 1 K/NR 3x3x 64 IYUE I 5
G —ZiEa 1A S BRAE QB R/
3x3x64 ) 15954 45

FR2: P 4

5 R

1 DNCNN X255 Y 2 B 4244

5530 0 2 20 WA R VB () B R AR S A
By(y=x+v, x HIRKEEL, vIEBER)B R
Tok B EME x By AT X 8385 Y B OR A
DNCNN A 7 DLM: 75 4 y 5 56 R x Z 18] i 5k
22 W& (residual mapping) v=y - x {252 > [ H
FRAE. XF N 5K IR TC K BRI B I, DL 7S 4]
18y B HGE L ) 5% 22 BRG v 43 0 VR Shy I 24 A5 5 1) iy
AR AT N2, R B 22 5 >0 B0 27 ) 5% 25 ke
BHE R R(y;©) ~v. TEGRAIR S firp, FEE
il 3 e /ME sk 22 R v ST R 2 BIR R(y,0) Z
[B] fR)~F- 35 15 T i 22

N
10) =5 Y IRBEO) - -0 @

i=1
KM ERAIS 0. H, v fx 25 FERE
i (i=22-, N )58 R ST R Tk B E A

FEN T DNCNN - AR [R5y D 25 1)
ZXASE TR T SN 114 5% 22 W S5 1T R (ty) BRI T 45 31 S i P

BE TSR X = y—R(y;©). DNCNN T4 J [ g 45
RULEFEBCHEAROME ) B, 3 R R o AR AR A de A 1Y)
R I Ak R, o 0T X AN [) 04 W P K ST I 2 22 4
DNCNN-S [ M A5 A1 A RR 1l /2 2k, Rl F I 25 A
iR AN 2R — AN 38 T 45 B ™ 51 GO0 e R Y
DNCNN-B #5 #I SUAS GE £ iE JH e 8 ot 12 2 B AR 1Y
2.2 FFDNetP&IgEH!

Jo 4= DNCNN [ RGP, Zhang 45
NPOHR T —Fh i Fk o FFDNet (s 5% 3 45 B
L PR R R SR R AR 2 s, AR
T DNCNN 271 SR F 5% 2 2 2] B AR 0] 42 3545355 b 1]
&, FFDNet #5014 DL RS EURAE R A, LI Y TG
R L EGAE N g s 24T N2k 55 B A 0 e
g A I ) PR . AR O 28 A% 0 SRR Ty T, T T
FH T “Conv+BN+ReLU” W4 & %M. H T it
— & " DNCNN 55 B PHAT R0 3 R R 3 1
FFDNet #E A5 T LAF 2 bkt . (1) #EdbfTdEZk
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PEWLS Z 0T, RN REE T KN AHWxHXC
) A B x T SRAE A O R Y 4 5K /N W2
H/2x4C 7% ( C =1 NIREE%G, 1fii C =30t
RRAAEIR ), s —)Z2WERA LR T EIR
FI R/ WxHxC REMRE R . . TR
FEE B8] A BT ik FEDNet M 2% BLAG 55 i) &b 3
LB, B RAT RS, {2 X 42 /5 A M 1 i DTk AN
K. (2) GIAT LiKK/INHWI2x H /2 [ W R 7K ST i
FE M AR AGEM BG T IrA 4§ R S
(B M R R R K o), BHHS T REE
TR 1L — 1> R/ WI2x H 2% (4C +1) 1 7k
AR R % B AN . R R KT B B A4S

7 R

FREETH

Conv+ReLU
. v
Conv+BN-+ReLU|
v

R RPE |

0
Z
=
5
=
&

A~ FFDNet [ W A5 8 555 e 4% Ak JHAN [m] gk 75 7K S
FROMEFE 5395 B T . FEDNet FA Mg A6 750 ] DUJE =X
bR X =(y,M;0). Fik I, FFDNet {4
Al [ DNCNN [ 28 i3 B o3k . IRz B K . T
2] 1 4% 288 ( learnable parameters ) T /b,
FFDNet #5#1 l DNCNN A5 Y (1) R 36 PE 2 4 — 88 |
AT BN 2 1> R M A A0 B ] ok LA 4% I 7 K
VB B M 7S IR AT A M (H I TR S B B MR ok R
R KO W R MR R RS KA o 4TS
SRR P ME B O B A e AR AT A N Y R I
B, WO FFDNet [#BE R RLA 28 TR E
R R B

SRR
5 i 3
3
2l |
> Els Bl
—b-:e;—-b-u >
g
O

[l 2 FFDNet W 4845 70 1 2H i 2844

23 FHEREE

FH 5175 AT : DNCNN [ R ASE A JT A J2: R b 2
R, AR EAE NGRS TP 12X
Bk A BE T 52 RVIN M THem &4, BT
B H s R REAL T RVIN MRS (R 3 SR
DNCNN F1 FFDNet 33 25 35 T 5040 9K 3 1) ¢ B2 4 TR
2 o MR A R A AR B MR Y Bk . BR TR IR, R
L DNCNN [ MR8 1 Sy {51 >4 8 B 3 A [l . B4 i
XF[A]—J6 2k B MR AE & 43 0l IS e 7S LB 1y =
20%, 30%, A40%HBEMLIK e #4 B 3 IR,
Y5 3% 1 % ] DNCNN-S FA AR AL ] FH X
3\~ DNCNN-SH AR XTI 75 LU BIE K 1 =30%11)
Lena M ERUEA TREMR AL B ARGERCR YT LRl 3
i, MEWAGE FRE: K 3(c). K 3d)FE 3(e)
X 3 iR AR A B A B A5 R 22 57 LA/, X

(b) MR R

(a) AR

& 3

(©) FEM Tygin =
20% 1) £ 7

g WM I 814 19 PSNR ( Peak Signal-to-Noise Ratio )
{E 7€ 38dB L) I H MG B ik 45 /N AR 1. SRTT, A
Je P A0 A T v IR AR B T 6T L T DL
3(C) TSR ER B T /DB RS SRR AL B, BT 3(e)
(R0 2R AT 30 43 T 0, TR 3(d) By SCER AT fR
B AR 4. & 3(c)f) PSNR {4 38.36dB, Kl 3(d)
f) PSNR {5 %] T 40.38dB, & 3(e)AY PSNR JFi i
H 38.76dB, f#i FH ryq, =30% Il £ f A e A R
et =30%0Z1 15 1) [ W 5 SR i i b AR S 36 B34 T
P 240 R R T 75 B 1o S VNGRS SE A R
STV N A W8 75 LGB 1y FHAERSE, A TT AARAS 54T
(IR MR 5 Y g P iy ANVEHCHT, BRI 25
FAEARFREER T, B2, LI DNCNN AUy 3L
FUNGRFME S H RVIN FEMAS UL A 1K
MR .

(e) I Nypgin =
40% ) 5L Y

(d) B Fygip =
30%I1) A5 7Y

H#5E DNCNN P4 A A BRAS[R] HE 1] RVIN Mg 5 RIS ) [ MR sl SR X6 b
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31 EABESLIHER

T TG UK Bl ) R T A AR A R I3 A5 ) K
HAFER B, DNCNN [ IR SR 107 fo 2 ok R 8 2R 14
e T R R 8 S5 N 2 PR A2 W P T ™ B AR —
B, XERE F MR DNCNN-B 541 iy [ g
JIRE S TAEE MUY DNCNN-S #51. thsk,
FFDNet [EMERRITT AT, A2RAE TP IIZRxs s A
Bl TN — A e KR 52 RVIN B 417
L B 45 e AR R U I R — 1 e A A
YA B R Y RPN BRI A L A AR A R R AR AN R T

FA 48

0N e

PEABAE R MR, %2 FFDNet FEMERERE 14 5] A
i By A ST RIMERE Y G &, L DNCNN %4448
P RO FE Rl AR S —Fh R A TBCD BYPIBTEE RVIN
Mk 75 5 P M AR A TBCD A5 A A% O B T EAR: - 3
BT —A RVIN W75 G0 A5 50 70 1) 265 e s &)
BARRE Y SSI R RAEERVE MBI RER, 5
DNCNN-B 1% %1 i H 1) 477 25 K Mk 18] 18 3% $2 (conc-
atenate) J5 i A 3] T 56 Y1 25 1) BLE 18 B4 5T i B T
BOA rpfE— 2D RN DU AR S BRI Y R B,
WM A TIT L35 T DNCNIN-S JE T [ MR A 510 i
IREN KT, AR S22 46 v BT L R M A
SEHAME. TBCD R BLARSA T i R A 4 PR

Y

Conv+BN+ReLU

Conv+ReLU
Conv+BN+ReLU

Conv+BN+ReLU

DnCNN-B BRI =T (y; ©))

Conv

V12 R R Xy

G 6

=
=1
23
pe
¥
-
g
5]

Conv+BN+ReLU
Conv+BN+ReLU|

Conv+BN+ReLU

WS AR A G 1

i R A X

Conv+BN+ReLU

Conv+BN+ReLU
Conv+BN+ReLU
Conv+ReLU

X i 38 PR B F ey (Kiemps %o ©5)

%l 4 TBCD MRy B RVI

B4, R HISCHR[ 18] r$2 i ) DNCNN R 245 R
2 0 246 B 7 42 Je WP ELAB S TR (A SC DA M 75 L
W AE Ry B e A % 52 RVIN B T30 O FE E 4R
bR, % R BE AL Bk op Y L ) {5 A8 Ak Y8 A [0,
90%], TEIZIXIA]NIIZ— T 2R RVIN By
DNCNN-B HFEMAR U =R(y,0,) , i A% E N
MR R y, A5 B0 R Y 5% 22 G VAR i, ke e
7 AR U 2 5k 22 AR AR AR X L 19 4] 2 B e 1A 5
Xiemp = Y=V . F8h, RATVHLL AR A T 22 0 2%
BRI GR T — AR AR B ALY | = £(y,0,) , H
T AW P R P AR ATy X0 R P AR 2

L =

N I 75

5 P RS ) A T I R AE 1

li ;- K R P TR 5 X 7 ) e P bR 2 R P | i SRR A
— KRR RG xg = yx| . RIG, LI BREE
KB xgg 15 R W R RIS y v IR W 15 3R B0 il B 48
AR — B Bl 2 B IR R Xy 3 1% B
RFEEMG xg EBE, 1E R BUHE T8 EIE 5 T35 A
F(Xegmpr  Xss1 @) U, 3 — 24 R 40) 20 B 1 1]
18 Xiemp BIEMR BT it WOE T8 PS5 5 52 THE AL ()
[FIRER T3k 2557 T BOR, BOR 10 28 BB IR Xiamp
5003 A AR (1) i A 2 UG AR, BT
AT I AW E B X = Xiamp = F (Xtemp» X3 O3) -
T B UL A . BUE I MG T AR TR A P () HsE
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55 FFDNet £ 4809 250, {H 5 FFDNet #8 E #
it PR 75 KGO TR 92, ASCfE AT H DNnCNN-B £
RUAS B 1 ) 25 B W I 1) RAG (T o J A F e
P ENR). X R A By AT LB AR I 2 i) B i
FETEAR, HAR 255 S HOR M AR IE T e & 52 i E
16 (9125 iy i AR s 2 3% 2 IR ) I ok e 3k RS o i
SAN, ARSCBETT R SSI MR RE AR B AE S
FEDNet A5 A o it W 5 7K P i St 1 (9 /R T2 2R DL
F B AR ) R E A, IR B I —
ARG T8 G 5 2 TS R AT 7 42 Jy Mt 7 EL 315
FEl A S 3 M 1 ).

i () TBCD H 45 B R MR A A s A 2 (D)
R O R . 6 57 I B A T 2 7 ) e 7 A ) A
TR A Ay Y 1 ) A R PR P MR PR AR 3R A
1A W R . SO A B SR A T 15 4l B A 7% T[]
i A B 9056 11 25 i) U I PG TT aEE THRRARL F()
Hh, ol A e 2 11 TR AR R TR AT AR A 3 A R T
X TAT B4 B 32 RVIN MRS T340 ) 7 R e (144
FrE i RVIN [ MR 78 G A% = o i o) HL kA7 52
Ji, H RSO T DNCNN-S HE 5 R MR R ()
K. (QPUATRZE . TBCD fAld fF sty 341
BOA 2R ) CNIN I 48 BRI SR, 1A B e T G 7
RVIN [ 2 G kAR T Rt 7, H3Z GPU
PR, BPATRCRAER &, BeiE TR XT AT
BF ] A 7™ 4% 2SR A R Ab B R Se . () fifi T 7 1.
TBCD A 3 N1 RIAE R — B IR i,
MRS BRI A TS, H e R e U T 32
AT B A AT RR ], 8 T R k.
3.2 DNCNN-BIE T =8

N7 EBEIG PR RVIN BES, e Eias
Jey W P FE 93 L PN ([0, 90%)])3I1 45—~ DNCNN-B &
Melgisml BiAHh, M BSD(Berkeley Segmentation
Dataset) $ic4 A 27 R B 100 5K J5 44 Jo 2k ELIRIE , %
Bk PR A3 590 1 491k 0~90% (18] B 1%) i) Bl AL bk
P A RS PR AR . SRS R R R TR
FXF R A TGS ELEMG A5 BA R AR 22 AR SE S
AR 75 R A5 R gk 22 USRS 5 47 BIAE A DNnCNN-
B R M AR AL () i AR A L TP U ZRxt, SREE
DNCNN-B 5 7 fy v [i] 45 44 S () 2 2505 SOk [18] —
., RHBEYLES B R B (Stochastic Gradient Descent,
SGD) Il 455 A5 B e 2 A3 T 2Bk RVIN M (1)
DNCNN-B #5171,

Ay b SCAT T, DNCNN AR 7 5 2 7 a1 5 )1
SRR % 52 WP T ™ E R ST AR A e SR AR B A

Rl R, IS AT & )R B N YIIZR ) DnCNN-B £%
U (1) [ WM BB 2 45 T4 X e M s KOE U ki %
DNCNN-S #ER (iZ 2518 7 i Wt 7= 4514 F I UEB 2
TESCHR[A8I 44 ). 75 RVIN MR &4, AT
I — 4., {4 F] DNCNN-S #5768 F1 DNCNN-B #5153
HIXE 50 sKAEATRIE S FL R RVIN B R (S
GRRUGASE ) TR, LIRS RE ) PSNR -
BHEME UG B RN Fe bn , SEIEES T35 1.
M LA, FE&A RVIN MR 5] R, DnCNN-B
R I 3575 19 45 B A X DNCNIN-S A6 50 1) 75 852 2% —
do R EXT R R EG R o — 2R T XU
DNCNN-B #5257 3R A5 (8 FH 22 3 Pk i [R) B, I A5 o e
BORTIET.

% 1 DnCNN-S#&EZ!%1 DNCNN-B &8I 7F 50 sk El% L1
PRI RXTEE (B4I: dB)
W 7 B o]
20% 30% 40%

X L

10% 50% 60% 70% 80% 90%

DnCNN-S 39.87 35.6433.1330.38 28.81 26.86 24.77 22.92 20.45
DNnCNN-B 37.71 34.3531.9329.8527.9426.1324.3222.4819.86

3.3 [IREKNFARE
FFDNet [ M 453 78 () P4 GE AH X F DNCNN #5275 A7
JUT 5 T 1) O I PR 22— o T M s KOT e S FE Y
A, AR TR AR T i B 7S A e S KPR
PR Z W T e 36 iR, S THE RVIN MR 4%
PR PR 5 s AOT- B B R T BE L AR B RVIN
KRR Ry s, ARSCIRTE T —FRBEAS S B RVIN I
P A5 B SSI| i BRFEEIME g » B HAE S 145 1) 4
B G A, MR AR R G A RVIN [
Bk ) R R AR R SR W B R K
P, ARCH “0” pRicMemsE s, A “1” fRidER R
ZH. N T I HE T CNN %%, AR SOOEA B %
BRI “0” R “1” a0 AR R 4 1Y
B ], T A ol P M e i 8 R o 5 e 7 (R SR T 75
F1Y SSI F B RAE EEOR AR IR . X RSl
13T BAR Z S SE AR AR AR 1 T ) Ay e
752 S HAE AR E A O, 45 F) T 5 SR A (14 1)1 2.
WE 3 Wiz, I i i s G A 78 A5 9% SR
TR 2 45 BB 2 I 25 45 AR S DA WER 75 [ y 3] M 75 A
25| B SR (FI). AR R A A4  H S5 DnCNN-
B AEH ML, (N AERRL ) B 5 G i T —4> Softmax
JZ O S PR M AR 2 B R L A I G e A T A
0, W BSD i 727 e BEALE B 100 5K UG 02K B
BUZ i BRAZR 43 S0t o E 431k 0~90%4( [ % 1% )
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1) RVIN BRI 3|Me R R AR G, B IR R 5 i
U TC 2R L EMGATIBR A X B (4 b 28 S AR Al 2k H
br. e, VAR BURAE G IR 26 T 2 W 4%
( 2% S 505 SCIR[18]— 30 ) %A, XTI (1 g s
PRASHE R AR A, DI ZRAS 2 M RS R 2 4G ) A5
R — BRI 2R Ay s, BIAT T 3R BUT R 45 e M
7 UG s i R R LR

Wi R B R xog 1 R I 25 00 I [R5 5 3 12
TR F () 1 S B4l B 48 7m A BCHE LT I A
PEXT L B AR R T BB, O T I r e
HH B IR RGN B Y £ (y; @,) RSN IE A 2R, {fi i 751
S I G - 14 M 7 G 00 AR D 4 31 % K /N Oy 512x 512
M. ZAFF RVIN B (10%~90%, [H]f% 10%)
THE1% Lena, Barbara Fll Boat [E114 Hr i Mp {5 2 45
PEATRTIN , G0 12 Y A g oK M 75 TR 1 R A B

TRAGE LA B AG I TE A 2% (RGN IE A R =1 (IR A E+
TR E ) M w0, SR B Nk 2 s, MR
2 AT, JTHR A R R A T AR U AE 109%(1% L 5] RVIN
WP PR 2% AT RN I ) 6 B = BB A 31 99%,  7E 90%
el RVING BEFS 251 A 4G 0 I ff %8l BB 3k 31
91%LA I, LT A AU E R B R4 ( Barbara
RUR M SCE AN 365 F &, AR IR R, Bk
IR R ER R—28 ) . i SCER[2] AT, X 1
ik K/ K 512x 512 1) 5% 40% RVIN MR T3 A Lena
BUE , L5811 T 5 2 BE ALK v i 7 4G 3 ot HAG:
I TE A R s HAEIA 3 94%, TN A SC T Y A AG:
FERIHIAT DLk F] 97.5%, 14 T2 IERI H 1k
AT 8000 MG ZE A5 1 7 HH T4 H 19 R 2 M s Az ) A5
RIREAE 7 B2 RGBT SR TS F (X ygp» Xesi: @3) 12
ML Sy A 1l B AR R 15 B

*2 FiRHIRAERNREE S EE G ERNE R LR

I L)
pag=ALEA LRl e

10% 20% 30% 40% 50% 60% 70% 80% 90%

TR EL 91 281 517 893 1622 2817 4718 8889 14027

Lena T 917 2136 3591 5688 8007 10503 12425 11738 6280
LRI RES 99.62%  99.08%  98.43%  97.49%  96.33%  94.92%  93.46% = 92.13%  92.25%

P08 220 547 1014 1944 3900 7157 12634 18401 18122

Barbara LIEioR A 2557 5977 10224 14660 18369 20837 18756 11733 4483
I TE B 2 98.94%  9751%  95.71%  93.67%  9151%  89.32%  88.03%  8850%  91.38%

PR EL 174 538 1103 1846 3160 5125 8471 13277 17870

Boat T 1440 3500 5868 8972 12132 15280 16564 13959 4800
DU 1 1 % 99.38%  98.46%  97.34%  95.87%  94.17%  92.22%  90.45%  89.61%  91.35%

22 TR O T MR ARG I ASE TR AN T A R A K
DU E B R e 7 A 45 R B IE WP, O T2
0 TE 12 M P ARG I AR 4G I 45 SR A 45 1] 23 A Y TE
P, AR ISR 7RG 0 235 SRR 17 B A = 37 (L R 500
3 LS 40%H RVIN B T4 Lena KR E4 71
EHE A HARIE N <17 BI0R R E SR L
407 R G EAAT (). MilEl 5(d)nT L

() R EE (b) W7 R

i, PRI (E S B2 5 R G To ok B EHUR A
b b 22 AR /N (S48 R ORI J5 1588 T LA &
/D 7 B A A AE S R ), (R S R
PSNR {5 3] T 35dB, X B WRE I 0 e s K
TUASE 78S 8 4G e 25 SR AE R 2 30 A bt 2 A PR AR
), BT AR Y SSI i R R R BE A i 2K 1)
FUZ o 4 THB R AR AT 25 R s M B

(d) HRfHEJ KR

(0) WRBLRALEIL
P 5 SR A7 (L o 2052 DR R A P R ) S R
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34 WREEGRERATFER

TEAS B 17 B M G y X N7 A 5 R A S X
G, s FAE A B AR SRR A5 R PR X oy, FE I
iy A B RGHE T VR B S B 2 W 2 Y, DLtk —25
P 0 20 R R PRI RGBT . Ry I 2 0L I 15144
J R TR R, [ RE s AE BSD %k A Hh e B 100 gk
SRR IOk FLEMG, IE Xk L 0~90%, (1]
A 1%I%) RVIN Mers AR5 i ] DNnCNN-B #5280 Xt 45
KM R UG R T R A BRI A B R BB AR G, PR
JH W 75 s 25 1l S35 A5 7 3R JBOGT IO 114 MR 7 s 488 i o 4
B PR Rl S PR 5 T R ) M RS R A A
e b AR BURIE G, AR5 1 B ok A i R A 1R
1655 FH L 1Y) 565 — By BEARAS (077 25 15 M PR {GORH 32 2
(concatenate), 45 i Bt B X 4% i i A, L)
R R X IR TC R FLEIE x Z Y 2245
X 7 e, SRRAE e DI 2 T AR AR U T R T
BORL F (). MBI EEFTE . BREE DL S 2540 2
B SCHR[18) AL, (HESS L BRUZE 64 4>
F/NHg 3x 3x 2 YR A, LAGE AL HH 438 3 A K
BAMNATE R G, W it 1 25 2 50020 R
PR Xeemp AR IV AT A ¢ 14 o o ik SR PRI X
35 BTFRAAETBCDER FHIER

JIrf i i TBCD Rl Al 3% ) DnCNN-B [
M TR R A AR L) R XL A A R e 4 A
AL 3 ASFRIRI AL, A T S A TR A e A
TBCD M A A b pirEe A I A /0N, i g s/ A
B e - BT I S o M B AR 5E B T — 49 il S 58
(ablation experiment). H.{&#, (1) 2% DnCNN-B
R MRS ARY L P M s A ASE A . ok R L DA R
FERG X 1 G ot TS AR T A 7 B3 3 A
) A, MR TER B EUE x M i, @yl
G AR 0k TBCD-S; (2) 4%
DNCNN-B MR | e s i AL X HE L)

A B W PR X FUTE K EL I8 x 3 A Ay P 185
S R TR AR (T A 7 3 1 A ) %) i AR i 1 1
—/NREMERER S0 TBCD-T; (3) 2% DnCNN-B
BRI ASEAY L 5R W s R A A | DA RS y RAG
B R IR g F AR A B a4 TS AU T ARAE
MGEEREL ) A, idh TBCD-NS. X, 4%
{§i il DNCNN-B. TBCD-S. TBCD-T. TBCD-NS i
TBCD 5 A5 76 % A1 [A] 3 38 5 4 (42 5 50 3k
HiGERR KL, 5k EIRYZ 10%~90%, [
B 10%01) RVIN Mg 48 ) sEATREm:, DA il
T 50 7K 52 Ji7 4% 1) PSNIR YR A Ry A R A A I 5
AR PERERE AN, SCIREIR IR 3 R,

H# 3 1%, TBCD-T ## Ik TBCD-S #AIRY
P REFE AR e — L, XA T TR T BRI
BB R TR UL, 5 AR Xigmy LEER X BT
REfRfL A MEM(E R E L, BAM TS TBCD
PR ) e AR R OR . (H2 TBCD-T #54 L TBCD
BERIPERENS 22, VLW R X BEMIEIR Xiam, FEHETR
R R E, MESA AR T4 5 TBCD
R ARREMEUR . 5ok, DOR MR EMS y Fif
BiRFEEUR xg VE R VG T $E T AV A TBCD-
NS A7 1 RE B R B, LR M Ak S Bl 25 M2 75 L 49
A3 ™ B, X R BITE BRI R Xy LT
R A % x T B, TBCD AP g th £ Hdw
7. IAh, TBCD-T Bifdfrfs 21 1 45 % k. DNCNN-B
AR 0.1 dB~0.5dB. X FHJI4E TBCD-T Al
WA TR Xog » 55 B B 1 G 32 T RS
SR DLtk — 2 4R T — B B (R R MR AR R . R AT
R TR Xy A2 MR Ry VE S WGE 18
PEIAG S5 i B TR A B A RS T LA 45 TBCD A
(1) R M A B AR KR 5. I PR Xy PR AS B
(14) L5 S5 o L 28 AN M e RS y 15 31 B 3 2 T
AR T8 B B G T SR R R I . Rl
T 10 SR A R g TPACOR B T 100 2 Ry IE 1R R

7 3 DnCNN-B IR FEE, IRAEQNFEIMEGREBRA FREX TBCD HEFERMEENF M (B4L: dB)

" gt 75 L 451)
LR HE
10% 20% 30% 40% 50% 60% 70% 80% 90%

DNCNN-B 36.63 33.30 30.91 28.97 27.19 25.54 23.84 22.06 19.40 27.54
TBCD-S 36.34 32.35 29.62 27.50 25.70 24.09 22,51 20.41 15.48 26.00
TBCD-T 36.78 33.48 31.10 29.18 27.40 25.75 24.07 22.35 19.98 27.79

TBCD-NS 35.50 28.92 22.10 16.22 12.22 9.83 7.99 6.17 4.86 15.98

TBCD 37.66 34.00 31.44 29.41 27.57 25.87 24.15 22.38 19.88 28.04

T RACHBAER IR R . 78 TBCD-[X][X] 4 & LN | J5 28 B> - RF 5l 2 P A R 23 51 32 7% QB 4R T AR 28R A 14 P ST 3
FRUHE AL . Hr, SRS A TR N R B A A RL T RS Ry, SRR S RN BRI AL S SRR R Xss

JRRTRER T IR AR5 RS Xy -
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R R, HAREAIE AR, BCE EIR Xiemp ]
JRREA ROt i TBCD BMAYEMEPERE. 341, W
i B B PR TR B A o — B T R R
YER. Z8 LFrik, Prigiif) TBCD MRl B AT (Y
PERE/Z I DNCNN-B [AEMEASIRY | g P 4G 0 A5 5 T X
I P THEEAY 3 SRERIL[E MO 2R,
ADHAEE— PR 2 T2 TBCD FERL A [ Ik
AR JE A4

4 SLWERKHEDH

41 IMENA

T BRAE AR ) TBCD 15 45 R o5 M A5 A 1) 47
fe, WKHS 72 M E 0 RVIN MRS R (4
PSMF ( Progressive Switching Median Filter ) 28
ROLD-EPR®  ASWM ( Adaptive Switching Median
Filter ) ) ROR-NLM ( Combining Robust Outl-
yingness Ratio with Nonlocal Means) % MLP-
EPRI*Y | WCSRM I ALOHAR) | 3 N ELF 1E M4k i1

(f) Barbara

(g) Boat

(h) Man

oG 30T - Ik o TR MR A AR L (LG WENSRI
WJISRIMUFI LSM-NLRM ) LUK 2 A JE T IR Ji 27 ) Y
DNCNN-B Fl DNCNN-S #1312 ANE kg A7 4] L.
JIT A BE RS A TAEAH A P BB - 5. Intel (R) Xeon(R)
CPU E5-1603 v4 @ 2.80GHz RAM 16GB) . Hfk
Hi, TBCD. DNCNN-B FI1 DNCNN-S# %I £ GPU ¥
55 (@K NVIDIA Quadro M4000, T4 J 2% > HEZ
4 PyTorch 1.0.0) Fizfr, PSMF., ROLD-EPR,
ASWM . ROR-NLM . MLP-EPR. WCSR., WENSR,
WJSR il LSM-NLR Bk A3 GPU % #F, MI7E CPU
B (mFEIREEl Matlab R2017b) Fizf7. W kbss
B R T IR AR 4G 2 4. Ko — AN R4
HR R TZ R 20 i e 4548 B 1 H T S 4
WE 6 i 58— Sk [27]H 1 50 sk &5
(SNGEBGAER ) LA RIRE, FH0K
B 7 iR, iz EGE P EHREA £ E 8o
YNTHRRAE, REAE T T4 28 RVIN FERE R 1
R

(i) Cameraman

Kl 6 & 23Cik b RS &

K7 ASCHR[27] Hh BE AL PR32 A 7 200 3 14 42
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e, X E 6 Uiy 10 sk EUE A 50 as A [\ He
161 B B ALK o A5 ( 10%~90%, [AIFR 10% ), JH4%
AR M 3k Xt W 7 PR R A T AR M O 5 A 5 R M 5
K145 PSNR. SSIM ( Structural Similarity ) BUA1
FSIM ( Feature Similarity ) PA{f, SZEGEEI1EE
4~ 6 . BRFRIIE, ASCHZ AN R RTE
Barbara EI§ I (1 AR ST EHE , A KA I 7 L4
T 10 5K E&H PSNR ¥{E. MK 4~ 6 nJAHl: 7E
PSNR. SSIM #l FSIM &M PENF8br L, Frig i
TBCD F R M RUYE A O] T A R M R FH AR
TAL GRS A% LU MR AL, WAL T2 TR B A )
) DNCNN-B, #ziF F 5L 1Y DnCNN-S JE 5 [ 1A
AI(7E SSIM il FSIM $5%5 |-, TBCD BiAA B4
YT DNCNN-S). Jirfgitii) TBCD #EAITEAR . Hr .
e LU A5 E T RS LA AR A, RN AE ) Bt
7L RN B AR B R 1. A, NFR T TR
Wt B4 A MR R E 10 TR RIS b 1T R R
RERFE ., TBCD H FFM BRI AR 25 AW L 451 T
HF Y REHE# 25 2, UKT DnCNN-S A, 2
VLAY 2 . DNCNIN-S R 1) 52 56 K50ds 2 AE FRAR 451
FARTHIY, TESCRR R S BT 2 AR ME N 2 . )
WKL, TBCD B FEMERRIZE T 2 50 Hh e
2 R P e SR A .

HR, T E UL R R B RVIN [
REHY Y S PR MR R, &Y AT %2 40%
RVIN M7 T4 Lena KR EATREME  ARA5 1Y [
JE EURZINE 8 s, AT HAF Mkt s A5k i
GARFFRE ST, 2 5E Lena B ZC IR Jey 3 X s K s it
T, g5 L& : ROLD-EPR.,

ASWM . ROR-NLM FI MLP-EPR &40 B 5 B4 1
AR R AN RS S5 4 AR, 1T T CNIN R 25 A5 760 ) 7
fY) DNCNN-B. DNnCNN-S ##1 ) & fir 4 i i) TBCD
T o MR AT B AR 0 8 B R AR X B A,
TBCD 5k %t i1 2k 1 Ab BRASOR e b, H T 4R A5 11
PSNR {8t AR 4 i sz ke 17 3 — 4.

5, N T 0K TBCD H [R5t ) b 33
= RVIN M FN 2 22 BUR N A 1 RE T, X EA
F S5 R [Y) Barbara FZ N T 80%: L 1 i
RVIN Mg A0 I R 9 s, fEfrf &
Exh e pys s, WENSR, DnCNN-B. DnCNN-S
M TBCD Bk & IR EMR B T A 8 ( PSNR {H
KT 20dB ), EHGH 1 NP RN 15 FE AT LUSy 38 A
FG R iR IX IR R T LA H . TBCD R AR
RITE 4 DNEIEPRE T SO EW R %45 .
B2z, WS B A ERE, Kl 8~9 ik
BT TBCD H MM A RIF R RVIN M
(1) R MR B8 ) FH 2 A1 DR EERE 0, 78 R H A9 Mg 75 4%
PR AL BERE S AR SR, (RBL T 3 TR 2R S HR
Fa 5 ARG MR X 45 S 250 1 I 34
4.3 SOEEEE ERREIRR

BT, 3 B DA AN X AR vk e SO R4
4 PRI EIE PSNR PEAE M XT HLEdE, F07e&
8 1. MFE 8 I X LA B A S PR 4R B3R
1325 5 Y (E A B TR BRI S 3 o A
M) AR EE Y TBCD B P MR 8 I 20 FAL 4e )
RVIN FEMEL (CFYERER I 5dB~8dB ), it
DNCNN-B #2% 0.5dB, 1% T4 %z Mg E 4 )1 25
#4EH DNCNN-S#i4 0.3 dB( /X RELEFEAE 2144 T 3k
15, BRI R A R R R Y.

F4 BANEREETE Barbara BG5S ERA PSNR EMEEER (£4I: dB)

M i X He A 1

b6l PSMF ROLD-EPR ASWM ROR-NLM MLP-EPR WCSR ALOHA WENSR WJSR LSM-NLR DNnCNN-B DnCNN-S TBCD
10% 2585 2893 2509 2421 29.76  30.00 3755 2982 3617  28.40 35.23 3966  36.09
20% 2469 2621 2454 2401 2649 27.60 3340 27.68 3549 2550 31.66 3586 3222
30% 2337 2470 2403  23.67 2462 2578 3121 2583 3362 2391 29.11 3359 29.47
40% 2171 2369 2343 2317 2340 2396 26,72 23.74 2922  22.88 27.08 2896 27.37
50% 19.79 2315 2252 2220 2294 2264 2461 2288 2837 2211 25.27 2699 2548
60% 17.69 2266  20.89  20.36 2218 2153 20.09 2213 2690  21.59 23.85 2435  23.99
70% 1576 2185 1832  18.03 2140 1747 1689 21.39 2420  20.86 22.90 2314  23.07
80% 1401 2023 1555  15.86 19.41 11.32 1473 2028 2025  19.53 21.76 2205 22.05
90% 1261 1614 1335  13.98 1412 748 1325 1694 1631  16.08 19.31 1991  19.70
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*5 BNEREEILAE Barbara BIRFTIR SR EERA SSIM ERIELER

Mg 7 OIS

IE# PSMF ROLD-EPR ASWM ROR-NLM MLP-EPR WCSR ALOHA WENSR WJSR LSM-NLR DnCNN-B DnCNN-S TBCD
10% 0.8543 0.8999 0.8455 0.8198  0.9378 0.9064 0.9848 09128 0.9406 0.8844  0.9834  0.9937 0.9885
20% 0.7730 0.8346 0.8208 0.8024  0.8835 0.8691 0.9535 0.8901 0.9387 0.8258  0.9651  0.9842 0.9729
30% 0.6721 0.7976 07941 0.7740  0.8295 0.8250 0.9232 0.8528 0.9206 0.7644 09372  0.9726 0.9482
40% 05493 07634 07580 07228  0.7618 0.7868 0.7895 0.7753 0.8428 0.7263  0.8974 09253 0.9120
50% 0.4218 0.7196 0.6941 0.6254  0.7110 0.7049 0.7421 0.6936 0.8273 0.6665  0.8406  0.8895 0.8592
60% 0.3037 0.6722 05754 0.4883  0.6488 0.6536 0.5130 0.6463 0.8011 0.6207 0.7670  0.8001 0.7898
70% 0.2068 0.6006  0.4117 0.3577 05752 0.5845 0.2875 0.6121 07368 0.5635  0.6947  0.7141 0.7238
80% 0.1313 04815 02379 0.2611 04606 0.3889 0.1448 05482 0.6125 04636  0.6007  0.6317 0.6392
90% 0.0748 03009 01229 0.1745 0.3515 0.1539 0.0809 0.4072 0.4656 0.2821 04630 05042 0.5019
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7f Barbara Bl& R A B IEIEE B M FSIM ERVELER

Mt POREA= RS
LA PSMF ROLD-EPR ASWM ROR-NLM MLP-EPR WCSR ALOHA WENSR WJSR LSM-NLR DnCNN-B DnCNN-S TBCD
10% 0.9705 0.9793 0.9672 0.9660 0.9841 0.9827 0.9956 0.9779 0.9861 0.9775 0.9931 0.9974 0.9944
20% 0.9535 0.9633 0.9602 0.9610 0.9679 0.9709 0.9880 0.9685 0.9833 0.9605 0.9860 0.9941 0.9878
30% 0.9240 0.9512 0.9523 0.9524 0.9516 0.9562 0.9780 0.9581 0.9759 0.9447 0.9774 0.9899 0.9796
40% 0.8725 0.9412 0.9391 0.9342 0.9366 0.9429 0.9393 0.9417 0.9349 0.9333 0.9660 0.9745 0.9690
50% 0.7989 0.9325 0.9084 0.8866 0.9289 0.9253 0.9096 0.9226 0.9248 0.9184 0.9532 0.9647 0.9571
60% 0.7087 0.9137 0.8379 0.7976 0.9030 0.9010 0.8288 0.8921 0.9084 0.8957 0.9365 0.9438 0.9420
70% 0.6246 0.8722 0.7222 0.7084 0.8642 0.8318 0.7483 0.8647 0.8650 0.8618 0.9158 0.9243 0.9241
80% 0.5546 0.7851 0.5991 0.6403 0.7542 0.6335 0.6763 0.8094 0.7693 0.7903 0.8708 0.8880 0.8841
90% 0.5148 0.6607 0.5237 0.5887 0.5809 0.4810 0.6198 0.6967 0.6562 0.6774 0.7733 0.7888 0.7827
W HE T 2 ORI
57 SMEIREALE 10 K5 FEIRFRERE AT F5ISH PSNR HEHE (B dB)
X B 3 Ll ¥yt
10% 20% 30% 40% 50% 60% 70% 80% 90%
PSMF 30.82 28.15 25.71 23.30 20.86 18.48 16.40 14.58 13.06 21.26
ROLD-EPR 31.90 29.72 28.31 27.18 26.15 24.90 23.29 20.68 16.60 25.41
ASWM 30.60 29.47 28.32 27.02 25.23 22.59 19.39 16.36 13.91 23.65
ROR-NLM 28.73 27.97 27.02 25.82 24.06 21.67 19.02 16.65 14.71 22.85
MLP-EPR 31.29 29.01 27.74 26.56 25.52 24.24 22.55 20.13 14.83 24.65
WCSR 31.20 29.04 27.58 26.35 25.31 24.17 21.57 13.60 8.33 23.02
ALOHA 35.19 31.36 29.56 26.03 24.32 20.67 17.56 15.38 13.85 23.77
WENSR 30.55 28.78 27.46 26.41 25.45 24.46 22.97 20.73 17.16 24.88
WJISR 31.91 30.38 29.32 27.77 26.08 24.23 21.79 18.55 15.58 25.07
LSM-NLR 29.80 27.63 26.17 25.36 24.37 23.45 22.02 19.97 16.71 23.94
DnCNN-B 39.43 35.94 33.42 31.13 29.06 26.97 24.81 22.33 19.28 29.15
DnCNN-S 42.37 37.99 35.44 32.01 30.19 27.80 25.46 23.00 19.82 30.45
TBCD 40.85 36.92 34.21 31.75 29.60 27.41 25.26 22.76 19.77 29.84
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(b) I 75 112 (c) PSMF | (d) ROLD-EPR (©ASWM
(PSNR=13.22dB) (PSNR=24.89dB) (PSNR=31.10dB) (PSNR=31.10dB)

(Y GIEEE

(f) ROR-NLM " (g) MLP-EPR (h) WCSR (i) ALOHA (i) WENSR
(PSNR=29.62dB) (PSNR=30.14dB) (PSNR=30.10dB) (PSNR=28.78dB) (PSNR=30.16dB)

(k) WJSR (I) LSM-NLR (m) DNCNN-B (n) DNCNN-S ~ (0) TBCD
(PSNR=23.24dB) (PSNR=28.46dB) (PSNR=36.01dB) (PSNR=36.920dB) (PSNR=37.22dB)

8 A BETL XIS LU ik 40011 Lena Mk 7 14145 bk M Jis 45 SR 1 L 56 % L

(c) PSMF (d) ROLD-EPR (e) ASWM
(PSNR=14.01dB) (PSNR=20.23dB) (PSNR=15.550B)

(b) M7 EIR
(PSNR=9.81dB)

(f) ROR-NLM (9) MLP-EPR (h) WCSR (i) ALOHA (i) WENSR
(PSNR=15.864B) (PSNR=19.41dB) (PSNR=11.32dB) (PSNR=14.73dB) (PSNR=20.28dB)

(k) WJISR () LSM-NLR (m) DnCNN-B (n) DNCNN-S (0) TBCD
(PSNR=20.25dB) (PSNR=19.53dB) (PSNR=21.76dB) (PSNR=22.05dB) (PSNR=22.05dB)

Bl O A SETE XTI L ik 800l Barbara M7 Pl {5 b M J5 285 S (1 452 X+ HE
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8 BIERELAE S0KBIBEGAREMRALLHITEIRSA PSNR AR (B dB)
X H WL T
10% 20% 30% 40% 50% 60% 70% 80% 90%

PSMF 28.85 26.77 24.66 22.43 20.11 17.86 15.83 14.10 12.65 20.36
ROLD-EPR 29.98 27.97 26.64 25.66 24.77 23.78 22.43 20.07 16.11 24.16
ASWM 28.25 27.38 26.45 25.31 23.76 21.35 18.55 15.74 13.45 22.25
ROR-NLM 26.88 26.30 25.56 24.55 22.95 20.70 18.26 16.04 14.22 21.72
MLP-EPR 30.03 27.65 26.28 25.21 24.28 23.21 21.72 19.57 14.35 23.59
WCSR 29.55 27.46 26.06 24.96 24.02 23.09 20.68 13.95 8.45 22.02
ALOHA 31.77 29.02 26.87 23.96 22.26 19.28 16.69 14.74 13.31 21.99
WENSR 28.02 26.85 25.82 24.84 24.10 23.31 22.16 20.46 16.93 23.61
WJISR 29.30 27.26 25.79 23.18 22.59 21.76 20.08 17.65 15.23 22.54
LSM-NLR 28.62 26.66 25.38 24.37 23.51 22.68 21.53 19.76 16.34 23.21
DnCNN-B 36.63 33.30 30.91 28.97 27.19 25.54 23.84 22.06 19.40 27.54
DnCNN-S 38.57 34.44 32.04 29.48 27.92 26.09 24.26 22.53 20.07 28.38
TBCD 37.66 34.00 31.44 29.41 27.57 25.87 24.15 22.38 19.88 28.04

T HEATT 2 B i s

4.4 zikge
I i 1Y) TBCD F [ M AL 7R (1% 3% M HE 2R X6 Ho Aty
Mg R 28 R LA —E Iz AR AL FRAE 7. S T 3 A

BE T, TEREH LAY = - Bk e A R AT T SR
AT T B — (1) e B0 M 7 8 Tk o M S T L I -
Jik vpIR A W TR MR A, X BRI B IR U
e, i HE FEMERE T, Bk, [FFXT BSD
Bl REPLBE R 50 Tk FEGE InAS [R] 9 ) Y
Wl A (MRS KSEH o 75 0~30 22 [] ) FIRE AL ik g
A (MR A ¢ 7E 0~50%2 1] ) 4 il 2k 5 4
BRI L R T M R ) MR 7 KOT(E B R 30, BifEBILAK
PR E B K R 50%, (HTETR G M 4 T X
G 1 R BE ) 3 B — SRR MR R R TR R
SRS, A7 TBCD W 4% 2844 il 2%
HIC B (ORI 284578 P i A G e Sy v Hr- ok o T
A Mg MR ) FE RN 25 T A B T - Tk g 7S
TBCD #if#. 4R J5 %} Barbara, Couple. House iX 3
i H R RS 2 BN o =15, 25 Ay = A
r =25%. 45%MBEAL K R Ik I A& R
5 SCHRIL6)AH IR ). K T Il 2R 4587 TBCD [ et /1
ROR-NLM ., WENSR, WJSR #il LSM-NLR ix 4 fii
FE AL 3 5 40 - K TR B MR AR R A T X L,
T3 9 R, i QA FritH% TBCD B4
BEH TR BE A% A R0 Hh Ak 3 73 - Bk VR A M s, AR AR 1Y
PSNR {f B & {3 F 16 W) Ak Jy 2 52 B %) 4% B2 Bk
(55 1dB~2dB ), X % BT # i 1 25 BRIEAIL ok i g
P TBCD H R M AR Y 36 T i -k b 1R & 1t
PR BRI R . X R LA S RS, iR

() TBCD T FEM A AU o ] DATE JH, He v 00 18 (415
Pt fe AR R 7O, IRTE R, X
AR AR AL

x99 BHALERSH-HOTREIRERNMEEXIEL (B4

dB)
PO AN RS
Eg o
ROR-NLM WENSR WJSR LSM-NLR TBCD
15 25% 23.84 25.69 24.68 2522 28.05
45% 22.76 23.27 2284 23.24 25.07
Barbara
5 25% 23.85 25.30 23.45 25.16 26.19
45% 22.74 2234 2187 2238 24.01
15 25% 27.14 2820 27.88 28.39  30.00
45% 24.81 25.80 24.98 25.75 27.64
Couple
- 25% 27.18 26.67 25.73 26.77 27.89
45% 24.76 24,32 23.09 24.13 25.92
1 25% 3111 3203 3130 3182 33.10
45% 27.28 28.70 27.73 2853 30.81
House
- 25% 30.77 29.34 2851 30.04 30.96
45% 27.12 26.94 25.09 26.04 28.90

W BRIFEE R E R
45 ITHE

R T I XT B R R BT RCR, DL L
K32 40% RVIN MErS{50¢ ) Lena g (K/ANH
512x512 ) M, iCRSAEIE 10 B i K
RS P AT s ] 950 58 10 . B 10 ml A,
fE GPU ¥ 4% Fiz41T1Y DnCNN-B. DnCNN-S #i
TBCD B H A TR0CR B &8 5 T1E CPU 5% T is 4T

) PSMF. ROLD-EPR. ASWM ., ROR-NLM .
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The research is devoted to removing random-valued
impulse noise (RVIN) in images. As only some of the pixels
in a noisy image are corrupted by RVIN and the others are
noise-free, traditional RVIN denoising algorithms adopt
so-called switching strategy that first detects RVIN and then
removes the detected RVIN noise. Obviously, the denoising
performance of switching-based RVIN denoising methods is
subject to the accuracy and execution efficiency of the noise
detection. In recent years, deep convolutional neural
network (DCNN) based denoising methods achieve great
success regarding denoising effect and has superiority over
traditional ones in execution efficiency. For instance, the
state-of-art Gaussian denoising method DnCNN (denoising
convolutional neural network) shows stronger denoising
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ability and faster execution speed than the well-known
denoising algorithms such as BM3D. However, due to the
inherent data dependency limitation, the DCNN-based
denoising models can only achieve blind denoising at the
cost of the denoising effect. The denoising ability of the
blind DNnCNN denoising model (DnCNN-B) that is trained
across the entire range of noise ratios is weaker than that of
its non-blind version with known specific noise ratio
(namely, DNCNN-S), although DnCNN-B is more flexible
than DNCNN-S. To obtain anovel denoising model that is of
the denoising effect of the DNnCNN-S denoising model and
the flexibility of the DnCNN-B model, a two-stage blind
convolutional denoising (TBCD) model on the basis of the
DnCNN architecture for the removal of RVIN was proposed
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in this work. Our work is also inspired by the Gaussian
FFDNet (fast and flexible denoising
convolutional neural network) that separates the Gaussian

denoising model

noise level from the network parameters. Specifically, a
sparse sampling image (SSI) that reflects RVIN distribution
characteristic of the given noisy image was generated as
auxiliary indication information by a pre-trained noise
detection model. And then a preliminary denocised image
restored by the DNCNN-B denoising model and the SSI
image were concatenated and fed into a pre-trained
dual-channel image quality boosting sub-model to obtain

better denoising effect. The proposed TBCD model exceeds

blind DNCNN-B denoising model in denoising effect with
high flexibility and close to non-blind DnCNN-S denoising
model, which solves the data dependence problem of the
well.
addition, our TBCD model implemented on GPU can meet

non-switching deep RVIN denoising model In
well with those image processing systems with critical time
reguirements.
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