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BB KRG B TR, B8 330031

i E: BE AHREGEBI M4 (deep convolutional neural network , DCNN) 4y  fy 45 JF 5 7 B HIL bk wh W 75
(random-valued impulse noise, RVIN) M5 7E IR ACR AN PATRCR LI 3 A TR 5B RVIN [R50k A
e ARLESZBRNL b S A TN ZR (RS ) o PR Y, A RE A1 32 1] T RE 75 X 157 AR 1 {5 52 W s 1 4L ) ™
P REFEA T HER A 5 ( RIFFAE RS MO o Sl 4@ M T — P TR Z A B 2 0 45 fg pRe it RVIN W75 L 451 33
I (noise ratio estimation, NRE)BERY, 773k I PN IEY ft) F2 AT 55 2 G 00 15 A6 M P 5 b g MR P 4970 L - LA
9 S ke R 2 W P I M B R L AR AR, A NRE FE0 A5 70 fy A0 45 2R mT L 365 107 980 AR L B 506 1 R 4 )
DX [i7] DCNN MR AR, W PR EL g BTt e iU R e 55 . S8R 20 E 10 i T IRHGH S0 IR S0 P 5
AR EREATI, OF-5 B Y I RVIN B i AR EA T bE o 78 TG I UAR B A SO $d iy
15 NRE FE0 AR (9 S50 v if P doe g o AF EG TGP LU BTN BE HE 44 55 2 95303k, NRE FUIASE R 7 M 7 L 3] Tt
{EF TR ZE 1R 0. 6% ~2.4% . 7650 fRLr BG4 I, NRE BR324 77 ARUR 22 0 83t Fil e/, R AR E
Pt o JEAEAE 1R/ 512 x 512 R FE L0 S AP BP0 T I DR EE 8 A FE AT RCR 0 047, NRE £t
RIPATIS LA 0. 02 s SEEGHHE L] - e $ 1 19 NRE B RERAE A2 25 FhAS [ M 7 U9 T4 Y B AR 1815 3T LA
PR T A A 3 0 A [T 480 3 RVIN B 40 i) ™ B E , Al 9 DCNN IR SR 55 JLIR I IV e] o4 e tb o B
WEMRI L SR ASSC RVIN W He ] B R A 25 WP L] HoA 5 ) T EAf 1 , 5 2 T DONN iR ¥
ST RVIN I AR NC &5 8 A BB 22 35 A ke DONN [ 25450 50 [6] A5 18 K300 MRSt Tl

SRR - ALK iR s WA LU B T 5 T2 R 22 I 455 5 A mR s AT R T e

A shallow CNN-based noise ratio estimation model

Xu Shaoping, Lin Zhenyu, Li Chongxi, Cui Yan, Liu Ruirui
School of Information Engineering, Nanchang University, Nanchang 330031, China

Abstract: Objective Nonswitching random-valued impulse noise (RVIN) denoisers built with deep convolution neural net-
works ( DCNNs) have many advantages compared with the mainstream switching RVIN removal algorithms in terms of
denoising effect and execution efficiency. However, the performance of training-based ( data-driven) denoisers in practical
applications experiences inaccurate measurement of the distortion level of a given image to be denoised (data dependency
problem) . A fast noise ratio estimation ( NRE) model based on shallow CNN ( SCNN) was proposed in this study.
Method The noise ratio reflecting the distortion level of a given noisy image was estimated using the proposed NRE model.

On the basis of the estimated noise ratio, the corresponding DCNN-based denoiser trained at a specific interval of noise rati-
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os can be adaptively exploited to efficiently remove RVIN with high denoised image quality. Result Comparison experiments
were conducted to test the validity of the proposed NRE model from three aspects, namely, estimation accuracy, denoising
effect, and execution efficiency. We utilized the NRE model to estimate the noise ratios of given noisy images and compared
the results with the existing classical RVIN noise reduction algorithms (including PSMF ( progressive switching median fil-
ter) , ROLD-EPR (rank-ordered logarithmic difference edge-preserving regularization) , ASWM ( adaptive switching medi-
an), ROR-NLM (robust outlyingness ratio nonlocal means) , MLP-EPR ( multilayer perceptron edge-preserving regulari-
zation) ) to verify its estimation accuracy. Considering that these competing algorithms detect noisy pixels in a pixelwise
manner, the number of pixels identified as noise was divided by the total number of pixels in the entire image, and the
detection results were transformed as noise ratio to facilitate comparison with the proposed NRE model. Two image sets were
used, where the first image set included Lena, House, Peppers, Couple, Hill, Barbara, Boat, Man, Cameraman, and
Monarch images, and the second image set was randomly selected from the Business Structure Database. For a fair compari-
son, all the competing algorithms were implemented on MATLAB 2017b and conducted on the same hardware platform.
First, noise ratio detection was performed on the first image set, and Lena, Boat, and House images corrupted with differ-
ent noise ratios were selected for demonstration. Regarding the estimation accuracy of noise ratio, PSMF, ROLD-EPR, and
MLP-EPR algorithms are low. The estimation accuracy of the ASWM algorithm is high at high noise ratios, and the predic-
tion accuracy of the ROR-NLM algorithm is high at medium and low noise ratios. The performance of the proposed NRE
model consistently ranks in top two. The root mean square error (RMSE) between the estimation results and the ground-
truth noise ratios was used to verify the stability of the proposed NRE model. On the first image set, the NRE model outper-
forms the second-best algorithm by 0. 6% —2.4% in terms of RMSE. In the second image set, the RMSE of the proposed
NRE model on 50 images is the smallest, indicating that its stability is the best. Although the estimation accuracies of sev-
eral switching RVIN removal algorithms are higher than the proposed NRE prediction model in some cases, their execution
time is extremely long. We applied different ratios of RVIN noise (10% , 20% , 30% , 40% , 50% and 60% ) to Lena
image with size of 512 x 512 pixels to test the denoising effect and used the pretrained NRE model to estimate the noise rati-
os for the noisy images. A DnCNN-S (DnCNN for specific ratio range) noise reduction model was used to remove the noise
in accordance with the estimation results. Experimental results show that the denoising results with the estimated noise rati-
os are similar to the ground truth values, indicating that the estimation accuracy of the proposed NRE model is satisfactory.
As the preprocessing module of denoising algorithms, the execution efficiency of noise detector is used as an evaluation
index that determines the execution performance of the entire denoising algorithm. Only the MLP-EPR algorithm and the
NRE + DnCNN-S denoising algorithm proposed in this paper can be clearly divided into two stages, namely, noise detection
and noise reduction. Therefore, we provided the execution time of the noise detection module for MLP-EPR and NRE +
DnCNN-S algorithms in addition to the average execution time. Regarding the execution time of the noise detection module,
the MLP-EPR algorithm needs 0. 07 s, whereas the proposed NRE model only needs 0. 02 s, indicating that the efficiency
of the NRE model is relatively high. Experimental results show that the proposed SCNN-based NRE model can quickly and
stably measure the distortion level of a given noisy image corrupted by RVIN under different noise ratios. Any nonblind
DCNN-based denoiser combined with the proposed NRE model can be seamlessly converted into a blind version. Conclu-
sion Extensive experiments show that the estimation accuracy of the proposed CNN-based NRE model is robust under a wide
range of noise ratios. DCNN’ s inherent data dependence problem can be properly solved when the proposed NRE model is
combined with DCNN-based non-switching RVIN deep denoising models.

Key words: random-valued impulse noise (RVIN) ; noise ratio estimation ( NRE) ; shallow convolutional neural network

(SCNN) ; non-pointwise mode; execution efficiency; blind denoising

ekt B A% & 2 B ik ih 1 7 (impulse noise, IN)
ATt ( Chen F1 Wu,2001 ; Jin #1 Ye,2018; Liu 45,
2015 ; Turkmen ,2016 ; Xu 55,2018 ) , 5 i Jik tp I 7=
Ber R AE AR I AR fE B R RIE [ ATRA S w2 ] Jik o 2 75 ( fixed-valued impulse

T

0 5
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noise, FVIN) 1 B# #L Bk vb B 7 ( random-valued
impulse noise, RVIN) ( Dong 45, 2007 ; Garnett 4,
2005) . AHXTF FVIN MEFS 5, RVIN B AR R N
05 FEAR T LU EHR R R s BEAE A SRV R Y
TR I E S AR N R R SR 52 B AR AR 22
AKARMERX 43 o P, RVIN W75 A 6 0] 5 25 B o
HPk e (Chen A1 Wu,2001 ; Dong 45,2007 ; Garnett
£5,2005 ) , A SCE T RVIN Rl a] &

T I BRI AR 1 S DL P (IR U ( median fil-
ter, MF) J HAAE 5515 (Chen F1 Wu,2001) 2 5, 5
TR SRR F1 P PP (A DR (ESCHATT AR DRI A ) 1Y
e (B O PP R AR R S R, T B PR S
MG R , XRFERNITT BRI B2
A R R R A A MRS | T 28 51 % 1R 5 i
ABRR AT, 25 5 T B AR W S B 4 1y
BB (JEHIZAE RVIN B LR BT ) o
Il , Garnett 55 A\ (2005) LAH.OME R A5 JRER a1 H
AR ZR S 8] 5 BE A A T m A /N %o 22 (2R AR
FIYE & ROAD ( rank-ordered absolute differences) 4t
THE , IR H S TE S BE HE T H AR O
PR R N BEAL K R 7S o X AG I HEY ) IR P
F A — A =30 uE A% (wilateral filter) X kAT
WM, Sy T4 RMEFS SURNIE B R R AU Z B 25 57,
Dong %5 A (2007) %} ROAD %t (B 1 % £ A8 46 42 1
T ROLD( rank-ordered logarithmic difference ) 5t i |4%
AEAE, A 30 % 45 TE 0 4k ( edge-preserving regu-
larization , EPR ) 77 ¥ % HI i A e A (45 3R b AT 52
SO A N7 LG S R 171 e S S Y G E R
LIRS T MR RCRA R A R4 . oy 1k —
A4 i R S ARSI TE A %, Liu 4§ A (2015) £ ROAD
i s 1 Feml B 32 T ROD-ROAD ( rank-ordered
difference of ROAD) 4 1 HE B S I [&1 45 v 1) M
75 &, SR 5 8 MEPD ( minimum edge pixels differ-
ence) Jay FRGETH LR IE B A3 2018 R s ARSI 1)
WP R IR, e AR A /0 D8 i o fe 24 1 W
DR AR R SR, T, Turkmen (2016 ) #1%
Z A ROAD F1 ROLD ZEit{A1FE hy 2 J2 18 ™ 4%
( multilayer perceptron, MLP) Fy% A, X W FY Mg 75 A
% (noise label ) V5 2y i 1 Y11 5 17—~ g 75 4G 8%
MRS R NS Y BE A F e e RIS A AR R AR
ST A MRS O - R A e M AR 1 4 kAR PR AT R
AR CRE 5 R P A AT 55, (B A IR 3R AU R

DN EA AT A R B vy, 52 i 3] F 8 e M Bk 1) &2 )i
ROR o BZ, A &SI G RVIN B RS A6 I A1
Rep MR 5125 >R P 1328 A I 45 52 Dt 7 X o g 5
W , AR R MR SR FNPRA T R4 38 D T ) 12 ™ 32 il
T RVIN MRS GG DAL, A BOR H R R AR e 52
P % T A 1 RVIN M5 5 A7 R 10 2 1 5
Kl , U K5 ( miss detection ) Fl 4 4G ( false detection)
TEFITE SR , T I 4K A 3 R ASE B DU 5 42 BT RVIN g
ARSI e e G 245 SR e 2 15 0 Bl R A2 st
T | P MR AR A2 B R BR 1

&2 ( convolution ) & 1E £k 1 28 5T ( rectifier
linear unit, RelLU) ( Rawat 1 Wang, 2017 ) . jth 1k
(pooling ) 5 # AF ¥4 B 1Y TR 4 BUM 28 ) 2% ((deep
convolutional neural network, DCNN) ( % = 4,
20165 I 7k Wil 45,2018 ; J&] i g 45,2019 ) BEAR 4 b
BT R 5 e P, FL AT 9 R A R e 1 WS B o
WEIEE NI R B S B 2 I 28 2540 5 | TR Mg 3
35, DnCNN ( denoising convolutional neural networks )
(Zhang %5 ,2017) .FFDNet( fast and flexible denoising
convolutional neural network ) ( Zhang £%,2018) . UD-
Net ( universal denoising networks ) ( Lefkimmiatis,
2018 ) . CBD-Net ( convolutional blind denoising net-
work ) ( Guo %,2019) , VST-Net ( variance-stabilizing
transformation inspired network ) ( Zhang %¢,2019 ) %
HeT CNN HOR B IR GAT | ARSIy i3
WRITERE. LA T 25 BR 7 RS ((Gaussian noise,
GN) 1) DnCNN & 2% g f5i] , 75 [ W52 550 75 T, DnCNN
IR A ) 2% it >R FH PR 3 22 T 4 45 1 445 I 45 WAL S5 L G ¢
o PATRCR 7 T, DnCNN [0 o) 2% v J 6 3% 11
BRIR AT AE GPU( graphics processing unit)
AR S BA M m AT R . B RIR B
M AR Y, DnCNN [63 I A5 U 7 (26 MR 20051 R P A 7 0%
5 TR 18 2% 65 P B L A8, o 450 P R 1 A X LE B
o HSE, 1 R I 25 B 4 xF TP (training pair)
i g AR (R E A1 RVIN B F40) |, DnC-
NN FEMEEIR AT DLy ] T A0 B RVIN BFs . 5 3
T IF SR RVIN [ M LA LE , Xl 2% T DCNN
AN 7 130 3 35 (end to end ) JETF A RVIN FE
MEASTRY S IR b AT SR A B A 0 AR R AR AT 2
o SR, Hy T3 T R B2 A5 AR bl 8 I 45 g A )
TF 5 2 [ MR AR SR P 190 5 U1 5k (i 9K 3l ) ) 52
USRS | 4712 B A 1 1)@, A 24 1)1l 2k DCNN
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L B A P ) P AR R 5 1o PR TR PR AR 52 30 Mg s
PO E AR BRI A RE AR AT B A YRR MR AR . 1
S5 1 T DG B Bk T2 S S ) T Mg 7 G 0 4 41 B €]
BAF— R R R M, SR 5 B0 R R R
Fri s T RVIN B R BEALE , e [ 500 b
A M PR 8 AN T TR R RO A B I R
B, SRS b, MR L] (noise ratio ) /)N 2 A i
g 7 2] {0 2 Mg P 1 I ™ R R B ) AT BRL T A R 98
b, BI3Z RVIN B T 0 R s 09180 B
FRAR R R BIE . R, ¥ DCNN $ AR 5]
AZ| RVIN [ Mg 535 vh ok, #g gt e A5 L o) o
(noise ratio estimation, NRE ) #57 j, hy T B i te 9
IEE 3}

AR T — BB TR 2 A B 22 ) 2% ( shal-
low convolutional neural network, SCNN) f NRE I
FE LG AR Y 258 DA RS LGB A S i 1
G2 M P TP B Y TI0I 46 B , 38 5 A4 1 SCNN %)
R RN EE B 2205 3815 NRE 500 £
AL BT EE Y NRE FUACAL 5 DnCNN PR B2 R
BRI G, b g i A T 5C 2 e e 3k mT IR
A RE R (552 RVIN WS T4Jt 7 SR P 1 33 1
FHAH R T3 56 I 2 04 R o DX 1] T8 g M s 18 ()11 2 141
A TP MR 7S L 91 A 91 T R A A A7 3
BRI ), AT e 2050 58 3 58 ol v Jo ) I Mg 4R
NRE Fil &A1 ] 4 A 194E 5 79 DnCNN 7 B2 R
BB TCSE b P 50 B MR, St v T S
BORTERE M BCR AP TR Bl A IR T K

A RVIN Mz
1 DnCNN &%

Zhang %5 A\ (2017 ) X Hiji5 (feed-forward ) 5 FL i
2 M 2% (Rl VGG (visual geometry group ) 2% ( Simon-
yan Fl Zisserman ,2019) ) B45H FIGREEHEAT 1%
BT — & T EHR PR AT 55 B9 DnCNN £ 145
P BRI,y 134555 ARG/ N—E)
fiy iy, DnCNN [ BRI ER T VGG BB Y 4k
J2 AU A B2 0 i A AR AT Ak B, 455
ReL.U ( rectifier linear unit) {8 7 o8 %0, 4% 22 2%
(residual learning) DA K it 3 — 1k ( batch normaliza-
tion, BN) (Toffe F1 Szegedy,2019) F A i —
PRI 25 DI it B i e A L A RS8R . T 1
7= , DnCNN BRI 28 1 e & 240 d 255 1 )2
HNAERUZ T B (Conv + ReLU) , SR JH] 64 4> 3 x
3 x 1 UE I AR A I 64 DRI 552 ~(d - 1)
JEMTEETUZ S RelU Z A3 /i1 7 BN #8:4E ( Conv +
ReLU + BN) , SRR /NN 3 x 3 x 64 (IR #%;
a2 1A 5O ) AR ETS B A5 2R
ST W R o(y) = x B AR S K]
By = x +v WS TCR EEUR x 1% 58 )7 A
DnCNN FERY DLME 5 (845 y 5 5006 R x Z 0] A9 5%
ZEWLTE] (residual mapping) v =y - x /E N5 Y
HFRE . X5 N @6 J0 2 G S g s, D s
KI5 y B ICRERE 5% 22 R v o3 AT g I 28 A 70 £

W [ G R 1 — BRI ENG
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Fig.1 The network architecture of DnCNN denoising model
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i AN OO AT U S, A AR 227 2T BN~ 2] 5%
ZEWHER R(y;0) ~ v o RGBSR,
RO P S AR E R v ST R E R
R(y;0) ZIaHFR 7 R 2E
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Rt . FESEIE b, AT AR I SR IR 5 4 4 v e s
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REEME RV AT AR ik 0T 3R A5 I o Mg A 76 1 oA i
RRANHE , DnCNN BRI B 117 11 ) 265 25 4 DA K
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% W e R Y 7 AR B 0 R R R R 22 BN
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Fig.2 Denoising effect comparison of DnCNN denoising models trained with different p,, for noisy image corrupted with p,., =30%

((a)clean image; (b)noisy image; (¢) pyyy =30% 5(d) poy, =20% 5 (€) pyy, =40% )
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Fig.3 The NRE prediction model based on shallow CNN network

WAk ( pooling ) FN4> 1% 4% (fully connected layers, FC)
JEREAE S B e RS LU . 3e R Y
GRRIZEOBZ , W25 WSS RE Bt , {EL[R] I T i
(LR B G A 1 AN T E ) NRE MRS
Fe B A B (P 3 2B AR) fE e 5 2 SHE
B34 5 MR 1% 22 (root mean squared error, RMSE ) 314

{HC PRI 1% LN, 56 42 /2 98 ] DnCNN A4
(ORGSR o 1 I A A9 NRE I 5 B 051 790 0 A 750
Y24 DnCNN Bl HIL fik s o IR A 5 F) i 8 S FE BB
HAATRARRAIC T T8 P FR, DLkl G 4t 2R (3 1 593k
RUREIRTERE o st 25 BB TN RS 20 F) FoTs sy P
PATHER A 3 B Z 5 NRE BB

®1 FENZEHRHT NRE BillEB A4 RS EEZ B RMSE EEL R
Table 1 RMSE comparison between NRE models and ground-truths with different number of training patches
WP L] EL AR %
KIS H R E
10 20 30 40 50 60
20 0.63 0.96 1.17 1.28 0.97 2.70 1. 19
40 0.62 0.71 0. 89 1.02 1.01 2.60 1.04
60 0.49 0.58 0.75 0.99 0. 88 2.60 0.96
80 0. 60 0.73 0.85 1. 14 0.94 2.23 1.01
100 0.62 0.93 1.18 1.61 1.63 0.79 1.05
120 0.52 0.56 0.72 0.85 0. 81 2.01 0. 85
140 0.96 1.08 1.26 1.41 1. 68 1. 69 1.28
160 0.31 0.51 0. 64 0.84 0.91 1.21 0. 85

T LT AR el 2R

S ZE NRE BUMARRL, B 50 R & 56 Jo 2k 5
PGt AN [1]  A97) ) it BT Jk o e e, 7 i e 75
B b BEHLER IO T 18] e e HE M s L 4914 [] — i 14
G BT B ey e s bR AR )+ N 2 8 o
HAAH , A BSD ( Berkeley segmentation data ) %545 J&
(Arbeldez 25 ,2011) Hr B ICA TR J5 46 To 2k K&,
Xof 4 i P 5t T - 901 (L FEL R 0 ~ 60% , 7]
19% ) A BEAILIK rh g 75, SR 5 DA W M P 4 vh Bt L
FEHL 200 NAR/NK d x d RIS, TR ECRY R B K
ORIV A M P L BLEAS) SN R TP X, 23 3l 7E Ay
TSR s AR o — HIE TR M 25 1Y
I MR P L g AG: I A B )1 %7 i, BIVRT P T R AT
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R (B R AR K 200 AN | 7EAN TR 2k
KGR0 TN 224 NRE B 5, ) FH 3 28 30
BUXFREHLIEIY 100 i BSD SCBf R (LI Rk
FUMEANR]D)  7E45 AW A U] T BEAT B0, 53 4541
NRE RN 245 3 5 1 S0 s HU i {ELZ W] (1 RMSE
HRL I, 45 REER 1 o gk 1Al FaE
SR HABORKE N , NRE 558 1% 95 0 e 1t 8 B A4
2 ETHEH (RMSE $I{HE T2/ ) o Horp, 721114k
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T 120 MEER (AT 1 464 000 AN EYIZRAG BELRS, f EHLA A5 21 69 000 AL R 0 A BSD %
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XHF AR R B NRE BB ROR U, B AL AR IMIRAT LT, 28 x 28 R Z RN B
ABBERANEEFEZNSE o T ILER YISk NRE SRR BT B3R A e 4
R/ XF WP LA I IE B R A R R O 8 € % 280 B9 RMSE $RARER L KU 2 , H RMSE P{E A,
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%2 ZEARESRK/NESE T NRE FliSE ) RMSE &5
Table 2 RMSE comparison of the NRE models with different patch sizes

W7 EE il 9%
SINAE S FH(E
5 10 20 30 40 50 60
20 x 20 3.81 2.07 1.44 1.36 1.58 1.44 4.34 2.29
28 x 28 2.45 0.64 1.15 1.24 1.46 1.59 2.44 1.57
30 x 30 2.20 0.76 1.46 1.52 1.83 2.07 5.18 2.15
40 x 40 2.23 0.96 1.21 1.53 1.57 1.60 3.75 1.84

T L PR R B R e 2R

HT ARER RN A — BB B 2%, HE9: H100 i BSD BUR (5l ZREE A IEHEAS R A1 ik
ARMERCEE ARG R SR U B TR BB R S P B R AR IR L R 3T 3RAN [R] R A e B
T PR PR MR 7 LML, AN AT sl S A7 AE A TE AT NRE BRI 45 R 15 B A L Bl 22 8] 7 RMSE
TR OL. b, VLR R BOE AN EIEGE P9(E AR ILE 3. mi3k 3 ml k. Bl [R5 R 1y
XPEATHEA TS L5 B0, LT AT T e Mg A LU B i, NRE A58 (8 500 vz iff s 2 AR S 32 (L HAR T4
DN PR B FELA Dy B i PR P B ) 9 B X TR, W BRI T i 5 [ B Ay 1 o, NRE 872 £
TEIX TG ) SR T, e BN 2 A0 BT AT Ia) A2 s B, eI 5 1 T AR R MR R
MESRBA—E W, N TR BT AL MEEE. P, 25575 18 NRE RS 4% B 25 5% A9 v A
RN IER AR R0 E XS RO B MR, BEPLIE AP TR, A SR R NS RBL Eh 20,

®3 EARERNMEEET NRE Hill# 2 s RMSE L&
Table 3 RMSE comparison of the NRE models with different number of patches

WP LLAsil/ %
PR %EL P CFEIEFE/ms
10 20 30 40 50 60
5 0.83 1.24 1.87 2.06 2.26 1.32 1.48 4.88
10 0.79 1.01 1.42 1.86 1.97 0.93 1.23 7.38
15 0.70 0.98 1.30 1.79 1.67 0.89 1.13 9.81
20 0. 62 1.05 1.34 1.56 1.62 0.78 1.09 12.57
25 0.67 0.86 1.20 1.53 1.70 0.83 1.05 16. 16
30 0.61 0.86 1.16 1.54 1.74 0. 64 1.02 18.67
TR R R B IR AR
2.5 fimatm R FE SCNN [ 45 - 52 B pey W 7 B 451 T ) A

P ) NRE BUMEOR BA LU O0A - D $ET BUTARTE BRI P9t b, AS(E AT RUIIBR R0 2% 1) 1] 25 33
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ERXER R, 3) B IEGE . I H 0 M S L ]
AT I7 2R FH T BENLRAE T vk, mT D)o 55 B
VL e T 48 2R O o B85 0 0K 195 O, B S e ik 2>
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3.1 MXIMEFFTEN R

S B NRE SR AL i M BE , ] NRE
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HEFTR RS LO (B A S50, 05 B B 323 RVIN
a i v (fu G PSMF ( progressive switching median fil-
ter) ( Wang F1 Zhang, 1999 ) . ROLD-EPR ( rank-or-
dered logarithmic difference edge-preserving regulariza-
tion) ( Dong 4§ ,2007) ,ASWM ( adaptive switching me-
dian) ( Akkoul Z,2010) ,ROR-NLM ( robust outlying-
ness ratio nonlocal means) ( Xiong 1 Yin, 2012 ) Fi

(f) Barbara (g) Boat

(h) Man

MLP-EPR ( multilayer perceptron edge-preserving regu-
larization ) ( Turkmen, 2016) ) H7 F¢ 46 1 452 B E 47 X5
Foo i T iX 2eR) SRR R AL T8 M IR R Y
T3 ANSEBUA , WORE 2 SR A Bk g e A 1R R
A RSBS54 3R A 28, DA T A D
BERIAL W P LU BIES 5 L. A NRE i
MRERIZE 5 DnCNN R MR ASE Y I SR 4 ok Mg 2808
[0, 60% ] LU A3l B 45 A1 B 5% 3 73 — 4>
FIXEFE L, 125 12 A~ X [E] DnCNN &R, %) T
FAVEESE X [B] DnCNN #5781 ( DnCNN for specific ratio
range, DnCNN-S) B I0 S B GO LA Ines
FE MR L X [A]YE BN RVIN M7 - 540 0 (1) Jo 2
FLIEMGAE L TP YIZRXS , B3N RVIN MRS L il {7
DX B3 il A S5 /IMEL s, BV ECRAE P LA 0. 5% 88
B o D ORIETE A DX ) 4 4 Ak Ay 00 o Al e, Mg
FCO SR NGB [P — 1% P + 1% 1 o A
SCYN G5 i) DnCNN- X[ i Mg A 700 2 M i3t 5 SRR
(Zhang 55,2017 ) AH[F] . 5256 (9 B8 14 F- 5 2+ Intel
(R) Xeon (R) CPU E5-1603 v4 @ 2.80 GHz
(NVIDIA Quadro M4000 GPU) 16 GB RAM; % {}: 3/
3% M . Windows 10 #:4F & 4t , MATLAB R2017b %2
B2 8
3.2 WRES LG b3

G, N 4 R ER RS B TR, AL
PEIAER 4 P (R TR0, LA 3 R AE 10% |
30% .50% A160% B RVIN M7= 40 /Y 52 56 %%

(j) Monarch

(i) Cameraman

K4 BISC R RS ES
Fig.4 Commonly used images in the literature

((a) Lena; (b) House; (c) Peppers; (d) Couple; (e) Hill; (f) Barbara; (g)Boat; (h)Man; (i) Cameraman; (j) Monarch)

1351

© [ B S BT AR AT



1352

PEERERFIE

JOURNAL OF IMAGE AND GRAPHICS

Vol.25,No.7,Jul. 2020

x4 BAEREEZERMAELLGESR 3 BEGLIHTNEREEEZ EHAXTLE
Table 4 Comparison between estimated results and ground truths of different methods on three images with different noise ratios

WS L 5]/ %
A7 10 30 50 60
Lena Boat House Lena Boat House Lena Boat House Lena Boat  House
ASWM 8.27 5.03 6. 18 29.67 27.12  27.83 51.50 50.12 50.23 63.53 62.47 62.45

ROR-NLM 10.77  13.48 11.42 28.06  29.56
PSMF 7.22 9.41 7.47 21.18  22.85
ROLD-EPR 8.12 7.59 8. 11 25.77  24.69
MLP-EPR 7.95 7.67 7.90 25.77  25.91
NRE(A3) 10.78 11.01 11.03 30.53  30.57

29.05 44.26 45.21 44.76  52.31 53.16 52.35
21.40 33.88 35.51 34.30 40.23 41.66 39.97
26.33  44.27 42.89 44.70 54.18 52.48 53.38
26.19 45.45 46.90 46.11 55.60 57.36 55.76
30.14 49.84 52.10 49.24 58.00 57.75 58.04

T« AL "7 RS 7S T 24 SR 0T B A LE I T 44

B, HA MR A LR A5 R o RS MR LB T,
T 45 2R fre e i EL MR R B A AT P~ 532 AL
WRe M4 HRTLIE X T GRS L i fE Y
T AER P oK i, PSMF 5303 \ROLD-EPR 5.3 LA &
MLP-EPR 53554, ASWM H3A e o W 7 K7 25 F
N BTN AR B L , 1 ROR-NLM B957E (I
WK N R B . U AR S0 NRE A6 0 #7645

ANWERS L EHERIEN TR 2 44, AR ZAE DU B S
EU B A Bl

T 2 R T 4 ) NRE WA L {5 A 0
i BIRGE T , 23 7 5 00 3K 1] 15 A e 3 PR 50 18
A5 OO\ BSD Bedli e v LR ZE (19 A ) T 2R &1 4R
(¥ 50 B %) HEAT I, T 5 I 45 2R 5 B 9E
905 AR 22 K LA R AR SN AE R 5 R 6

RS BREFRNB[AEARRRSEKTETH 10 8% AEG THAERAE RMSE B

Table 5 RMSE comparison on ten commonly used images with different noise ratios

W LA %

Wik
10 20 30 40 50 60
ASWM 5.88 4.81 3.58 2.21 1.21 2.63
ROR-NLM 4.61 3. 06 1.93 2.63 4.44 6.26
PSMF 1.77 3.96 7.15 10. 66 14.39 18.53
ROLD-EPR 2.53 4.20 5.38 6. 08 6.39 6.99
MLP-EPR 2.03 3.35 3.75 4.16 3.28 2.99
NRE(A30) 1.17 0. 62 0.81 0.98 0.72 1.85

TE L AR BT ARIR ZZ S5 R 2 44

F6 BREFUNBEARMRSKF TH S0 1ESCEEKRETRMIERLA RMSE ELEE

Table 6 RMSE comparison on 50 texture images corrupted with different noise ratios

W LL A %
RS
10 20 30 40 50 60
ASWM 4.13 3.48 2.77 1.99 1.16 0.94
ROR-NLM 8.76 6.46 4.47 3.32 3.86 5.27
PSMF 4.51 4. 40 6.73 10. 07 13.71 17.51
ROLD-EPR 2.98 4.98 6. 44 7.19 7. 60 7.59
MLP-EPR 1. 84 3.03 3.41 3.73 3.61 3.62
NRE(A3C) 1.94 1.34 1.52 1.82 1. 38 2.43

E L P RS R B 07 HRAR S A5 R HT 2 440
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3.3 RERRERIEE

ST P NRE $50 00 g5 %) F0 00 o i 1 X6 I 22 o
WA L M, AR B M P L 91 EL AR ( Truth) 9 ]
DnCNN-S [0 #5570 (B Truth + DnCNN-S) 52 1% %
W (8 07 80 S RE FE B 5 53 Ah O T SR fSE A NRE
ToIN 2 Y 5 2P, DnCNN MR LAY (3224 DnC-
NN-B) 451 Ry xf b3aE . i DnCNN-B [ B4R
RURAEAEL0,60% WS Le A3 Bl AN I 25— A4
JE Y DnCNN [ A5 R o X 4% B2 45 1 M s (]
B AU IR 2 A BT R . DnCNN B I 45
A3 AN [R5 7 SRAE A A L8] Lena B2 75 R

TR PSNR [H A FER 7 b N 7 W] H:
NRE + DnCNN-S [ M5 1k 11 p s 4 fig 5 DnCNN-B
LA 3] TR T (2% 0.2 ~ 1.1 dB) , X it
A P4 ) NRE #5552 F DnCNN g I ¢ 7
RVIN 7 JF [ M g 8 1 & i 5 Z % ok 1
DnCNN [%] £ A5 784 3] A5 1 50 4 4t 1) & (PR 7
i, 3% HL A AR 1L DnCNN 78 B [ Mo 452 780 (7% 101 3 4%
. K Fl UDNet ( Lefkimmiatis, 2018 ) . CBD-Net
(Guo 55,2019 ) 55 H A 2 B 1) DCNN {4 25 45 #4551
R P R M A AR, R [ M %R B A7 DnCNN B B
ELZ5 18 2 AH [R] 0 < B AT 0 5 M 7 L 45109 1R D 2
P14 i e A5 0 HC o3 MR SR T T AL T T e R A
1), 5 4h NRE + DnCNN-S 5 Trath + DnCNN-S [
R MR AR AT 26 8 K, WL ENIE 1 NRE 528 i) 1500 (B
FEA ES A2

#&7 DnCNN #HEFERE TIE#EN T7E Lena B R LFEIRZR (PSNR) L8

Table 7 Performance (PSNR) comparison of different DnCNN models on Lena image

/dB
i Wi L %
ik
10 20 30 40 50 60
Truth + DnCNN-S 38. 04 36. 36 34.12 32.47 30. 35 28. 44
NRE + DnCNN-S 38. 15 36. 31 34.12 32.42 30. 40 28. 30
DnCNN-B 37.79 35.35 33.44 31.62 29.77 27.30

vk, T N4 M G 3E NRE TR0 2% 5
DnCNN [& MY e A FH S 1 R AOR , 26 8 45
A5 A MR 3k A A TR A OB RS SR 5 A T
& L 3k45 PSNR #E , I H 1158 PSNR {H 1) b7 #E

7% (standard deviation ) { hy iz BB VE AR E P O TR AR
Hi ¢ 8 1] H1: NRE + DnCNN-S Bz} M 75 K 4 1 7
R M T AT MG T i R B 1, LB Sms AN K
Ui BH £ s M 5 47 o 55 4F , NRE + DnCNN-S [, DnC -

RS BEBEHEIEE S0 1BLCE ER AT E RS L6 TRT k1547 PSNR HEFIREE LR

Table 8 Performance comparison of the competing algorithms in terms of

PSNR and its standard deviation on 50 texture images

/dB
Ak
W B Bl 9%

ASWM ROR-NLM PSMF ROLD-EPR MLP-EPR DnCNN-B NRE + DnCNN

10 28.79+4.3  26.89+4.7 18.78+0.8 30.03£4.2 30.03+3.5 32.70+3.15 32.76 £2.7

20 27.88+4.0 26.31+4.4 16.03+0.8 28.01x4.1 27.66+3.8 30.19+3.20 30.62 £3.1

30 26.86+3.6  25.54+4.0 14.49+0.7 26.69+4.1 26.30+3.8 28.29+3.18 28.23 +2.8

40 25.71£3.4  24.55+3.7 13.48+0.6 25.70+4.0 25.22+3.7 26.69+3.17 27.21+£3.3

50 24.05+3.0 22.95+3.2 12.81+0.5 24.80+3.9 24.29+3.7 25.25+3.08 25.69 £3.3

60 21.55+2.6 20.72+2.8 12.37+0.4 23.83+3.6 23.19+3.3 23.73+2.83 24.30 +3.3

TE L AR AT L4
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NN-B (1 [ W OR S, 1 W78 3C NRE HUi &% 5
DnCNN-S BR& 66 e, % 2 T DnCNN S5 3 4 1
PO 2% AR MR A TR ] A ) 50 B A0 ) A
3.4 BUTHE

RO T AR 512 x S12 BEK
NEE LRI TI E] . FES SR SE T,
FAUA MLP-EPR 5 R A9 NRE + DnCNNS [
N S T T 3 DAy s P ARG R e A B B
R FRATIRTR] SRR 25 H IR s ARG AR 18 I 5 T o
HIZR 9 nlAL: AL BT A Bk of, BT il 19 NRE + DnC-
NN-S (MRS B9 S0 AT I [ L PSME i MLP-EPR
AEERK 2, 4553 8 i J, PSMF #l MLP-EPR
SRR A2 . BT § Y NRE + DnCNN-S
e MR 505 14 A MR S8R AN B R T 7 D7 THT R 23 1
REZ ALY o B AL MR P A AL R 14 SR AT I B] T 55
MLP-EPR 553 fr) W 75 G 38 70 PAT IR [ 4 0. 07 s,
ARICNRE B8 PAAT IR X R 0. 02 s, M NRE 45
BIPATRCRIEM G w1 . HEENTE T NRE Fi0 458
TIAAN e 52 2 i BE LRSI 2 7 20 4> 28 x 28
PRI (G AT ZEAL B 5 b A i Pl B
Bl ) 283 2R )Z BRI 45 Ak 35 Bl AT 4R 75 1
LB AL

R9 BHENRKPRERE XE—IE 512 x512 &
B B 5 £ AT R E 3 b
Table 9 The average execution time of different denoising

algorithms on an image of size 512 x 512 pixels

/s
Ak AT 1]
ASWM 70.2
ROR-NLM 15.3
PSMF 0.4
ROLD-EPR 7.8
MLP-EPR 1.7(0.07)

NRE + DnCNN-S 2.9(0.02)

T A8 R B D W R B (i P T I 1]

4% i

ARTCHR M T — il B TR R & B 2 R 45 1Y
NRE P AT, 5 e AT 5 B ) DnCNN I B2 o I
BB S, PR TCEE 0 e 1h B R Ak A

AR MR SR R R T 2803 1A 77 T PR P 2 D0 T B 2
TAYIT ST RVIN RIS . U OU S L RE A I
PIFE T : NRE F5UI0 A58 BUR A JZ 19 CNN ) 45 25 4y
B PR T HARA TR T 22 i B ATLRASE I AL ) )
E T E MM AERG . A D kS Y AT B, — B
RS, MG B BAR M 24, Bl SIS T
DCNN fAE 5 B MR A8 T I5C 5 06 1, F A AR 4 19 3

AR FE T AE BUAT AR 1 A6 b, 2% ok
NRE #7155 DnCNN A8 R i, i 75341 25— R
WA TR IV AT 58 B R MR AT 55, o — 20 4 R AR TR Al
LR ERENE:
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