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A Fast Non-switching Random-Valued Impulse Noise Denoising Algorithm

XU Shao-ping, LIU Ting-yun,LUO Jie,ZHANG Gui-zhen, LI Chong-xi
(School of Information Engineering ,Nanchang University , Nanchang , Jiangxt 330031 , China )

Abstract: To improve denoising effect and execution efficiency of the existing switching random-valued impulse
noise (RVIN) removal algorithms,we propose a convolutional neural network ( CNN)-based fast non-switching RVIN de-
noising algorithm ( FNRDA) , which consists of two serial CNN-based modules,i. e. ,noise detector and denoiser. Specifical-
ly , we first use the noise detector to detect some randomly selected pixels of a given noisy image. Then we divide the number
of the detected noisy pixels by the total number of detected pixels to convert it into noise ratio, which can be treated as a
measure of the distortion level for the given noisy image. Finally ,according to the estimated noise ratio,we exploit the corre-
sponding pre-trained non-switching CNN-based denoising model to remove RVIN efficiently with high quality. Experimental
results show that,the proposed non-switching RVIN removal algorithm outperforms the classical switching ones in terms of

denoising effect and execution efficiency across various noise ratios. This advantage makes it more attractive and practical in

the real-time applications such as image restoration, signal detection, wireless communication, etc.
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tio ;computational efficiency
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Noise, RVIN) [ 35k 22 BOrh g e i P S/ 1
JEAIFH PR ) RVIN R 7 6 0 25 S A DU &1 45 v B A 4%
FRA, AR AR G N 4 R AR M R AT A A,
ROAD ( Rank-Ordered Absolute Difference )"*’, ROLD
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HFA 2 R 2% ( Convolutional Neural Network , CNN)
FA TR 53 1 AF 4k 1% 38 i 58 1 .52 GPU ( Graphics Pro-
cessing Unit) B {1 S ff , 3 4F R i) 42 I F 1 [ 44 Ak
Sk %, i, © 4% 9 DnCNN ( Denoising Convolu-
tional Neural Network )"’ FFDNet ( Fast and Flexible De-
noising convolutional neural Network ) o , UDNet ( Univer-
sal Denoising Network ) "'’ 4 [ 2% 1 42 78 & 5008 1)
kA0 3 (end to end ) (145 iy BRI AL, R T
LU A% B e S0 o35 Mg B0 BT 0 ) oA MR 8 R 3ok e B i A
TN B B BOA 43 SCHI W i A B 2 (R TT
KAL) , W AT, HA R & i P A T 3
A R ARG X AR AT LU T AL B RVIN Fie I ]
L SR, 25 5 AR 75 11852 RVIN A 4 1) )™ o A
JFE SN ZRRa AR iy ] R 46 5 i 32 3 TR P2 25 53
BRI, IX ST 1 A e 1 B 2 A A [ R B2 1 R g, B
FEAE BRI [R) 2, J& T F B R 3.

Ry fiRe bR TR K B i R R MR SR AR Y
HCHEARORE [7) 20, LAWR PSR 805 R R R A B e
{6 ( BPIEFS LU, noise ratio ) /F A i it (415 52 RVIN I
P E R AR AR, ST by M R A
e P AR MR RSS2 1 A6 e A R 9 AR I G 28 RVIN e g
44 % (Fast Non-switching RVIN Denoising Algorithm ,
FNRDA) . XJ T4 2 45 5 19 W rs B8, & S ] M s A
25 BEATLASL ) P14 /0 B S [ 7 5 AR 3R R O A ) 45
SRR P LG BIEL, SR J5 AR AR i D 1% W 7S L 1
I 3 o, b A P 00 e 0 e M P L 4619 BRI 2 1 % T
DnCNN MR 5S¢ 1 PR AT 55
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2.1 DnCNN Z3%

Zhang %5 N\ LT IR 35 UM 22 I 45 1 5% 25 2 )
(Residual Learning, RL) $ RS2 8 T — 4V BE e = 5 5 A
K& N2 7 B Y DnCNN [R5 k. Jn1&l 1 s, DnC-
NN [ 25 #5080 3= 55y 5 F1 )2 ( Convolutional layer, Conv) |
16 1F 28 1 ¥ ( Rectified Linear Unit, ReLU) "™ k) —
1k ( Batch Normalization , BN) D4 3 3 Rl 246 AT AR
WMZEIRIE N d, 55 1 JZ (Conv + ReLU) fif ] 64 >/

3 %3 x 1 U PR XA G 5 AT R I AL G, 4R
Jeil Rt ReLU UG ek Eic i 64 DFFEBUT 55 2 ~ (d
= 1)JZ(Conv + BN + RelLU) 7E4 1 )2 i Bk fili 38 fm 1
BN 484 , DA G A I koo B vp 7 A 0 N AR B 28 B e 7%
(internal covariate shift) B84 T 64 /K 3
x 3 x 64 gy s o 12 (Conv) HAT T 1 AK/N Ny
3 x3 x 64 FYUENE #8158 2% K%, ReLU BN DA K 5% 2%
2 2 HOR ) R FEAF N ZRIEE DnCNN W 28 11955053 %
JEEFRRRERAS , [7] Bof o A 255 4 17 A 78 g oA M .
HREXF n R IR TE R AR g x,,w, 0w,
IS INAS TR 9 501 1 W 75 75 B M 75 R Ly Ly, ooy s
v, |, DA RS R A B B L B R B 22 R 4R Loy, 0,
oy, b G MRS RGOS 2 LR R SAS B o, =
y, = x; ) VE J 2% 16 S A S HS I 2k X5 ( Training Pairs,
TP) , FI 5k 22 PR SR AL T 3R 22 R Z 1R Y F- 1 1
TR
€O =53 [ R(y;:0) ~(r-x) |} (D)

PR R BOR IR B M 25 BB SR @. X T — 5K e
(R FS IRy, Kg H L PR I Bt R (73 @) ~v
AT B R 2SR v =y - R(y;0).
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& 2 FR, 1B 2 (o) S5 AR, He PSNR ( Peak
Signal to Noise Ratio) {E & 29. 96dB. T [& 2 (d) T35k AF
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DnCNN AR TP YIIZ5%E, B AT Il 25—~ ] T4k
PR B M 75 LG 913 Bl 9 % ) DnCNN R IR AR AL,

(2) PR B %o 40 7 10 1 B R TR 5, DA B BIL
PR T e, 0 s i T EH Z R AR 2
YIZRAF ) RVIN B RS G I 25 v, 4 380 65 1 11 I P A 25
ARG 1 P M P AR R S BB DA A AR R R B
DTS B BIE, R E A S R T B s i &
DnCNN [ MEASTTRD A5 20T 1 1) 5% 22 G 6 4 2 1) M 7
PG 2k 22 TRLB BV AT R A5 de 28 1) 52 L1
3.2 IRENZE

el 4 s, B CNN A Rl 2 ) 25 45 Tl 099 2 20
H (EHEERZ (Conv) HIH—1L (BN) 3% REL ( Re-
LU) 4% )2 (Fully-Connected layer, FC) F1 Softmax [9]
VA ) BRGNS A, i A Ay [T /N 1 J i &
e f AR AR B ARSI — A Ry AR 1 R
R AR MRS B4 55 K U, R % 2 CNN [ 25 1]
DAl R 22 (] ) HAT AR & A TR0
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Conv + BN + ReLU
A 4
FC
A 4
Softmax
A 4

4 BTRZEFRZ R4 IRV INFR R 25 HE 48

S5 & 4 R ) RVIN I 25 kG 2%, 14 55
IL-NIQE ( the Integrated Local Nature Image Quality
Evaluator) % 4% JE'™ rp & £ 90 3K [&] {% JF M TID
( Tampere Image Database ) {4 & ' v Jifi #1112 B 10
sk R, HEARTT 100 5K 546 T 2k E MG, X 45K R
Jiti A~ 4 551 (0 ~ 60% , 1] B 10% ) 14 Bl AL bk o I
AU, BEATL A 5 M P P AR (] 7 32 RO /N Dy
s x5 [ 1000 S P (S BSCHR (3 ] i gd 1R/ ik
B,s=5), BRI R R R i WA AR 45 A B TP I R
XiF, 3% RE I 25 B 42 8 2] 100 x 1000 x 7 = 700000
A — BT BB & M 4 1 RVIN B RS A0 25 31
it Ja , B ) T A I AR AT 4 0 R R g RVIN
WP R, JO T P IR EAT A S W UL T
Ak, Z R KGR PR ER R — RS
o3 AT R, HAS SCIR 2410 H A J2 Ge 1 R b g S
2R R HBIE PRIk T A I R R R AR BT A Y
BR A BEALLE R b S B0 B R BRI AT Xf T 1 5K
512 x 512 K/ G OR UL, A SCBE HLTE AR AN 8] 47
A RBUSR R S B 0.5% 4 (K2 1300 4) /Y
P P T A 1 IR A LG 0, 3 o R A 52 B O X0 A4
Mg P L B9 A 0 A e 8 A T I (] I D

3.3 DnCNN % AHEEER

2 53 DnCNN 5332 BT A7 78 1 B0 WO 2, A 3C
RS LE IS (0 ~60% ) Rl 3 T4 TG Bl e 4
—AFEE P, 2L T UGS 1B Y DnCNN - [ g A5
AU TCA BT A e P S 5 B AT 4R A5 S PR AR R Y
T REMR AR R R L A1) 9% R G 91 L e O D ) % A AR 1
PO MEREIN A, MR OR 25 TR R X0 433 il ot /)
TS BN REK 2 1 e MR S 0 5 ) JC S R 1. Dl ik, 4
SAERE S LB (0 ~60% ) P, 18] f# 1% ,10% ,20% ,
30% ,60% I 5% A PSS 7 ( (1] B 60% R4 (LI
2 1 /> DnCNN [ R ) | Xt BSD ( Berkeley Segmenta-
tion Dataset) HHi 7 Hv ity SO 5K SCHE = 1 1 {5t
10% ~60% [6]BF >k 10% [ RVIN Mg A4 pl e A {5 45
B, & B T A W A [R5 R 15 PSNR (Y S (B AE
PR 48 bR, X LC B G & S B s, ACIEL S R, TR R
10% )11 (R T8Y (86 W 8 ) 05 e, AR SCIRT B 109% X 42
Jri R L A5 30 LR A TR 4

28.40

28.20

28.23
27.89
I 28.23
10% 30% 60%

20%
] b
S MR 54331 BB X DnCIN NS I RN TR 14 52 )

H T CNN 45 R 28 ) 2 5 AT AU 2L =2 e v, BT 44
4 A9 DnCNN B8 o Y1l 2R 52 2 e P B b 52 B, T
PR/ INEAR KRR BE b 52 W00 25 1 1) A M 0 SR R B A T
BN T AR B R AE R D, 8RR NAS T
YN B HE (458 32 x 32 .36 x 36 .40 x40 44 x 44 Fi
48 x 48) YLk 5 DM | T I 25 04 1 e A B0 i
250000 4~. YR58 i , M BSD %t 27w Bt H1L Ak B
R TIN50 TS E 5 i 1%, SR 5 X % s
%43 591t 1 A [] W 7 L 1) (O ~ 60% , [1] B 10% )
RVIN M5 44 i) i 5 4, {8 FH 38 T A8 [m] B e R/l
LH 9 AR 43 B Xk i A I3 PR R AT W R,
SRR 7E S — PR B/ NS B R 19 PSNR {H, U A
52 R EMZ ) PSNR B{EAE R fe 2 B Xt B it , an &l 6 i
7. P 6 AT, SR F R /Ny 44 x 44 19 B 5l 5 L o
A 70 B8 3 1505t 25 A IR AR, 40 X 40 YR 2. ERAK 44 x 44
o FA8 M 25 TR e i, (L B 1 40 x 40 I 22 40 3 21 % (1948
R RN N T A, 55 75 B R U AT
BRI A5 I3 T G P 0 ) e /NIy 40 x 40.
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A, 3 R A AR TR A A I R B S BT
A M ST LA B (BR T i, ik TS ) i HAR %
35 )« DN ZR R AR 0 e (PRGN ) X e Mg A T 11 1
MK, R AR SCHE BSD [R5 A 1 58 s AL i VI
S5, 161 120 5K LI G 08 BI GRAE RV AT 2R A5 AT
MREMRCR. B2, Bl 25 R IR S B I 2 808 B A, A 3
Y|k DnCNN L F] i e 55 750 JH At 2 K00 828 4% 15 SRR
[ 10 JAH A

27.50
27401 2737 S
SUr 27.27
27.12
27.00 J
26.90 1 1 1 1

32x32 36x36 40x40 44x44 48x48
RN

Ee  AIal I H I/ NI A DRCNNAS AL BRI X

4 ZWERSHH

41 Wk

T VRS BB Y FNRDA B3 RVIN B 7S G )
T EMAGE 7 ¥ 5 3 A9 ASWM ( Adaptive SWitching
Median filter )" PSMF ( Progressive Switching Median
Filter) ") _ ROLD-EPR ( ROLD with Edge-Preserving Reg-
ularization) ' \ROR-NLM ( the Robust Outlyingness Ratio
with Nonlocal Means ) ™’ ANN-EPR ( Artificial Neural
Network with EPR) ' il ALOHA ( Annihilating filter-based
LOw-rank HAnkel matrix) (2] 3£ 6 4~ RVIN F&Mp A L9t T
e, Horr, ALOHA (g Mg B30 vk Al X0 1y M 75 G ) ok
i, T2 BLHEAE T Hankel 2545 J5 B4 1) s i 1 Bk 20 A It
PRSE L EMR RN BOZSEA S 5 RVIN A I 1E A 5 1)
FRASE 1T S I s S e 0T B S50 >R P 1 0 3 4
FALFFPIAS s — A2 i i UL T8 SRR Y 10 5K 185 (G045
Lena, Peppers, Couple, Barbara, Indor, Man, Cameraman ,
Monarch , Aerial , Plane ) 20 8 19 & F KR 45, 55— 2 H
M BSD Hicdg 2 o LAY 50 gk B (51 25
PBATR]D) #4 A SO R B . 2B P v i B R s
B ARAIE Rt RVIN B M B 7 () 6 s k. T 5
WA IETEG —FREE T (BE 754 : Inter(R) Core('TM )
i7-4770 CPU (NVIDIA Quadro M4000 GPU) @ 3. 40GHz
16GB RAM ; 50 4F 3855y . Windows7. 0 21E R 45 ; S AL 2R
1%k . Matlab R2017 ) 52 511
4.2 RS IR R

ST FNRDA 55 1 M7 K T 2
LRSI SRR AN T AN A FE ) RVIN B % b i

PSNR¥{/dB
[39] (3]
~J ~J
(3] W
(=) (=)

553
=
—_
o

W P LA ELHEA T TN,y 22 it RVIN [ 33035 1) I P
RIS BAR B AT, O 1T LB, 45 SRE A
H AR5 B R AR K PR AR PR 15 3R I OKs HLe AL Dy e
LU, ORI VT A5 B g M A L i &4 2R 5 1 4% L B
Jiti i e P L 491 52 {22 M) 4 24 75 AR R 25 (Root Mean
Square Error, RMSE) , SCI i s 7E 3 1 (HEA R 2 1)
BRI ) - Hi3 1 A1 ANN-EPR 5357015 4 Hh 1)
M P RS 8 4 R D0 TE A R LA . ANN-EPR B33k B AR
FEMRFS EE BRI 75 ThT A 1R RE-S5 P Bt A IR P L G
RECHIE B T30 4 P RS AT 258 i AT
R E] FEASE G, 5 FNRDA 5035w (1 M P L B g A
HERPE RIS TR T T 25 5 PR RE S AE.

F1 BREFERWEBFN S0 KGEBEGERBBRSLILFIETRUER

BB IRIRE L

W A5 L £
10% | 20% | 30% | 40% | 50% | 60%

LRI

ASWM 10. 14 9.38 8.61 7.85 7.13 | 6.57
ROR-NLM 8.67 6.41 4.48 3.48 3.85 | 4.85
PSMF 4.75 4.30 6.47 9.81 13.49 |17.34
ROLD-EPR | 2.78 4.98 5.61 6.35 6.44 | 6.45
ANN-EPR 1.89 3.12 3.51 3.82 3.51 | 3.54
FNRDA 1.97 3.37 3.88 3.42 2.92 | 2.78

4.3 MEBREHR

56, 8 T RUE FNRDA B9 () B MR, £ 10 5K
HHEMG E o3 3t in e 7S E 2 10% ~ 60% ( [8] F
10% ) i) RVIN Mg JF 252 5 L RVIN g
TR I B W 7 R R AT e IR, T O MR S TR 1Y
PSNR B, SR 45 5 40 2% 2 fiv /s (5295 508l LA B X
A UE LR 7R ) - f1 3R 2 AT 1 FNRDA 53k i g
751 PSNR {H 2 5 i 19, PR B 8 R AR 34, 3 344k
T BT B L 1% W A g 1 o A T A S % T DnCNN
IR B0 K 11 R I B

FLR, Ol T30 E FNRDA 5505 R B8 ) 1) &5 B 1k
TESCHAN 19 RAE 5 5 1 EHR G b EAT 17 [ 1 g Mg
FeSEg. S T U BT EE T DnCNN A4 RVIN 2 [ e 455 751
B HE #, %} Win5-RB ( Wide Inference Networks with
5layers + RL + BN)'™’ REDNet30( very deep Residual
Encoder-Decoder Networks) "' fil Auto-Encoder' ' = ffi 3t
TURBE 2 20 1 e ST R D A AR R A7 b gkl 2 T DU T 26
BR RVIN M ( H ez [ 2% 1) TP I 2R Bl , R 4
ZERORAFAR ) . 3K 3 Fof e M AR AU 7 &S W A LU A5 T
AR LI BHEINAER 3, [ 25 i 1 PSNR {E AR
#fE2% (standard deviation ) 1 Ay S5z B 125 5 45 2 1) 48 75
HER 3 AT, 5 A 2 5 X g RVIN MM L
FNRDA 533 5845 1) PSNR ¥4 fc fay HL b o 22 2 (b A
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K, B Mg R S R T B A

B, A T EDUL M B A% TR A R MR AR KT T
YT AN EERTE N T 40% 1) RVIN MRS ) Lena
1G5 B M. R T B8 G 6 BE A5 A B 12k A A MR

L. Mife GPU BRET T iafy, FNRDA B3k V- X 047

ff I DA 92ms , AT AR I o T Ho A FESY I, Ok

i3, FNRDA S35 28 G PERE 2 e ny , RS
2 RN LLOIT &8R4 PSNR JEH% LR b B ( 42:B)

MR R A I G A R SR R A T A B L A s W L 1
M7 Ha] DUE A FNRDA 3575 & R i B FERE & 10% | 20% | 30% | 40% | 50% | 60%
FIHRBRFBAL A5 it 14T 150 22 Bo i, SR BLI T ARG 1930 % ASWM | 31.25 | 29.86 | 28.68 | 27.11 | 25.08 |22.08
A= S
Prdrii PSMF | 30.75 | 27.97 | 25.51 | 22.98 | 20.42 | 18.08
P
4.4 m{-’;ﬁfiz ‘ o ROLD-EPR | 31.86 | 29.83 | 28.41 | 27.31 | 26.22 |24.95
FREEMACR ZIh, TR R HIT— 4> RVIN B ROR-NLM | 28.82 | 27.61 | 26.36 | 24.88 | 22.73 [20.20
W MR RE A YR 1) B AR . ML, 7 1 5k R/l 512 \ X ss05 | 2756 | 2673 | 25.63 |2 15
e . . NN-EPR | 31.11 . 7. 7 . 1
x 512 [f] Lena % 047 % HE 5256, 1185 FNRDA 83
. P ALOHA | 34.94 | 31.87 | 20.82 | 26.45 | 22.16 |20.80
&AL TE S AW BT B 4 30T ]
%%ﬂuﬁél }5)]1/% Hﬂ%%4 Ef%ﬂ,?'f CPU %ﬁ?i@ﬁ?, FNRDA 39.69 | 36.05 | 35.43 | 32.63 | 30.55 |28.32
FNRDA B AT R R 2 28, 858 KB40 X b S B A
RI BEFRAELSIERIGRER S0 SkIEERE G EAIBEIRSE (PSNR EHE + FRMEZE) (#L.dB)
W L ]
vk
10% 20% 30% 40% 50% 60%
ASWM 28.79£4.30 | 27.83 +3.95 26.85+3.60 | 25.68+3.40 | 24.003.04 21.50 +2.65
PSMF 26.77 £3.04 | 25.04 +2.43 22.67+2.00 | 20.14+1.79 17.57 +1.76 15.32 +1.81
ROLD-EPR 30.30 £3.60 | 28.01+4.49 | 27.03 +3.53 26.02 +3.43 25.41 +3.38 24.74 £3.32
ROR-NLM 26.87+3.89 | 26.31 +4.45 25.54+4.12 | 24.55+3.68 | 22.95+3.24 20.72 +2.76
ANN-EPR 30.42+3.04 | 28.09+3.17 | 26.72+3.22 | 25.60+3.18 | 24.57+3.08 23.40 +£2.75
ALOHA 31.45+4.93 | 28.93+4.44 | 26.53+3.58 | 23.95+2.21 21,71 2. 30 18. 64 +2. 36
WIN5_RB 33.76 £3.26 | 30.41+3.36 | 28.18+3.24 | 26.78+3.12 | 25.03+2.99 22.93 £2.50
REDNet30 28.3542.18 | 26.23 +2.27 24.64 2. 41 23.26 +2.31 22.46 +2. 33 21.70 +2.28
Auto-Encoder 27.25+2.23 | 26.29+2.29 | 25.46+2.59 | 24.33+2.48 | 23.41+2.53 21.98 +2.27
FNRDA 37.67+3.26 | 33.38+3.32 | 28.23+3.69 | 27.213.36 | 25.69%3.61 24.30 £3. 00

(f) ROLD-EPR

(g) ANN-EPR

(h) ALOHA
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TR CPU cPU cPU CPU GPU cPU GPU
AT ] 58. 248 0.512 5. 688 30. 955 3.945 602. 295 1.733 0. 092
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