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Double /;-norm optimization image denoising algorithm
via group sparse representation
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(Faculty of Information Engineering and Automation, Kunming University of

Science and Technology, Kunming 650500, China)

Abstract: The accurate sparse coefficients were hard to be obtained from the degraded signal due to the-
image noise, Aiming at this problem, a double /;-norm optimized image denoising algorithm via group
sparse representation is studied. The algorithm constrains group sparse coefficients by using the /,-norm
and sparse residual of sparse representation of non-local similar image block as regularization item, and
implements an optimal solution to the model for obtaining robust sparse coefficients by an effective itera-
tive shrinkage algorithm. In addition, in order to further improve the performance of the image denois-
ing algorithm, a Bayesian formula is used to derive a method for adaptively adjusting two regularization
parameters, Extensive experimental results show that the proposed algorithm can suppress the artifacts
while removing image noise, and preserve the detail of the image compared to many existing algorithms.
Compared with the BM3D algorithm, our algorithm significantly improves the performance by 1. 24dB in
PSNR.
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FESE . S B R ] T — S A e (s
T BE I, /NI IR A T X MR G TR A T A
PEAER B TR 2 1 07 Wk A UG 43 50 L R 2%
M S AT N 2 e B A e ek o
FR R R B GRS B 1) o, Hor 100 i
FEOP G R ZHCN TS HAL TF 7 IOl 2
PNEESGEEEY e e ke B R o N 5P e o el
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18 AR UG A AE S5 A AR L R B
BT I TF R R A AL (nonlocal self-similari-
ty, NSS)Seiat . A1 L T w3 W4k 75 ik, JE 5
PRI DU Ay i R A AR MG AR R s R TUAR
TELRARE I G500 T B AN A0 LSRR AR i
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TR 2 WL SCHk (8] 1 E—IE4EE VN X VN
(IR B % X 438 A RSERvb X b R/
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i B K 348 (K-nearest Neighbor, KNN) &k
TE M XM KN R R O H 548 2 DAL I
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Rk,
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(5)

TESCHR 16 ]H BV 238 H L el st Ak 22 1L T4
TR A L p=1. KGO EEH

Az:argér_nin( 1Y, —DA; II5+x A —B; 1)

(6)

3 HABBERTIHNE LSEHMLKL

BREBREE
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matching and 3D filtering, BM3D) il &b ¥ i FE =X
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1 ,
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A, h BUE L EGW B2IH—fEH 7. SRt
by B R RASE] B, W F .

Bi={bi1sbi2s. .. bin} (10)
3.2 BiEMIEWSE

TENAEZ 50 A FH R T A 45 4l £ 0 30 A1 I D) 7
Z I AR BT R, A R/INE 2l G B P . A
KK, 26 1 2 A s ¥k 85 Jo vk A 300 L BRI
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(A, ,B)=arg max{log P(A;,B;|Y;))} (1)

A A, i DS R

(A B ) —arg manlog P(YI ‘AI ’Bi ) 1

CPUTR I  log P(ALB)

ARSCIRAE N = W s L A SY S8
WM s T 258 o B, TS B kL
Jzimexp(—% 1Y, ~Da; I17) (13)

ik Ri A B: sz [ 534 Of HE 2 H1E R,
N AV VAR TR M TIPS T O S N 0 el /- 5
P(A;, BOE R IE.

P(A,.B) =P(A)P(B.|A) =

12

P(Y,|AB) =

P(ADP(R;|A) =
G ‘1 X2 | Al )
exp| —— Y= 2 ) X
\/?UAI P< 0A, (14
Cz o XV2 IR |4 )
exp| ——=——~+=——~t ~~
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A SR AT Bis
ﬁ)i/z}:c T~ 0 X\/?O'Z/UA, 2Tz — C2 X\/?U2/UR1
RNEH ca Fl 7o s
Wit IO A

;FIJFH/L\\:T‘«E Xi :DiAi 1%%” Xz;
end
BH X R EREGE X
end

it X,
4 XWHER

ST UE B A O T B R
16 1544 43 34 fingerprint, Bahoon, straw, pen-
tagon, Fence, starfish, flower, Leaves, Mon-
arch, Barbara, Boats, Parrots, plants, House,
Foreman, J. Bean [ H #R BURHEAT 5 5L 50 K 45
RE LA R 2 L 2 Bk AGMM™, MSE-
PLLPY, NCSR', PGPD"*!, BM3D*/, NLM-"
X EC AT, 3 P 0 AE M b (peak signal to noise
ratio, PSNR) FN&5 M AHLLE (structural similarity,
SSIND A i it MR 9 & A 48 4. B AT
(B o ) 25 RO R
4.1 ZWRRERSHILE

AR SL 56 3135 CPU.: Intel (R) Xeon (R)
CPU E3-1245 v5 @3. 59 GHz; N1£:32 GB; £%: :
Window 7; S5 84 Matlab R2016a. %F T-Z40 1
WL 1 s, Hrp el 548 R 1R/ M, AH
PR/ b KNN Bt by LUK hygayscrsco.
4.2 EWHERELLE

T e RS HTEMRACR & 1~ 4 T T
LK nE7R T 16 MF KR 19 PSNR i LLSE EOU
X L MR A5 IR AT DL A B, A5 2 e 7 i B A X
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A e PR 7 f R S MR 7 A A 8 T it 2 T
Tk BB SE K WO E SR TH N . Lo =
40 # #il, 5§ AGMM, MSEPLL, NCSR, PGPD,
BM3D, NLM # L, 16 1 1 {R - 35 PSNR 43531
HE T 043, 0.62,0.41,0.29,0. 74,2. 19 dB &
EAM AT IAE] 1,11, 1. 61,0. 73, 0. 64, 1. 24,3, 61
dB A48 5. Ak 2 w4 iy SSIM {E AT & 21, 18
SSIM _E i 17— _E Ry

®1 SHIRE

Tab.1 Parameter settings

M b k h 7 b4 1 co

0<20 25 6 60 45 0.2 0.6 0.5 0.8
20<6=<<30 25 7 60 60 0.1 0.5 0.1 1

30<<e=<40 25 7 70 8 0.1 0.5 0.2 0.8

40<6<50 25 7 80 115 0.1 0.5 0.2 0.7
32 -
[ —AGMM - MSEPLL ()

—+NCSR  —~PGPD
= 20k -+BM3D —-NLM
T AR

fing Baho stra pent Fenc star flow Leav

A

— AGMM  — MSEPLL
34T . NCSR —=PGPD
33F = BM3D -—--NLM
| AR

(b)

PSNR{H/dB

3] (%) w
Nele]
T

Mona Barb boat Parr plan Hous fore J.Bea
EEES
A1 =20 8RR X%H %69 PSNR 1E
Fig. 1 PSNR values of different denoising algo-

rithms at 6=20

29 -
gL TAGMM ~-MSEPLL
~+NCSR  +PGPD
271 4+ BM3D ——NLM
w26} A
@25 L
Eoal (a)
g‘j
23
- . . . . . . .

fing Baho stra pent Fenc star flow Leav

3

34r
33 —AGMM - MSEPLL
32 —+NCSR —= PGPD
—+BM3D - NLM

m 31 ~ N

530_ AR

%29-

78l

‘:‘“27_ (b)

26

Mona Barb boat Parr plan Hous fore J.Bea
El&

B2 =30 B R K&k H %69 PSNR 1L
Fig. 2 PSNR values of different denoising algo-

rithms at 6=30

—AGMM _,_MSEPLL
271 .- NCSR —PGPD
26 —=+DBM3D ——NLM

25 L ARICHEE

[aa]
=
o4 |
Ensl
g (a)
7]
21 f . . . . . . .

fing Baho stra pent Fenc star flow Leav
ELES

—AGMM — MSEPLL
3217 4~ NCSR —= PGPD
31 —=BM3D - NLM

230 [ ORISR
Too b
=2
Z28
z.
Lo7r (b)
26
55 L ; , . . , . .

Mona Barb boat Parr plan Hous fore J].Bea
L
B3 o=40 B R Rl KR f k69 PSNR 14
Fig. 3 PSNR values of different denoising algorithms at =40

271 _AGMM _,_ MSEPLL
26 ., NCSR _.PGPD
25+ -« BM3D —-—NLM
2241 ——ARCHE

@3t

Exnt

L1t

20 fing Ba‘hn sllra pflml Ff:,n(: Sllar ﬂ;)w Leav
F15

31r

— AGMM — MSEPLL
30f —~-NCSR — PGPD

on 297 —=BM3D o

% 271
()

L 26f
251
24 M(;na B:alrb bolal Peirr plalln Holus folre J.Blea
G
B4 =50 B KRR ZSEik ) PSNR A
Fig. 4 PSNR values of different denoising algorithms at

=950
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Fz 2 16 lEE% SSIM WFEHE
Tab. 2 Average value of SSIM of 16 images

5—20 5—30 5—40 =50
AGMM  0.8918  0.8427  0.797 4 0.755 9
MSEPLL  0.8880  0.8379  0.790 0 0.746 8
NCSR  0.8906  0.8435  0.7980 0.761 9

PGPD  0.8872  0.8398  0.799 3 0.762 0 (b) & B4R () AGMM
BM3D  0.8898  0.8427  0.7970 0.764 5
NLM  0.875 0.7595  0.687 4 0.622 1
AL 0.894 9 0.8519 0.812 4 0.776 7

4.3 EMMEEELLR

J T IR ROR T A e e, /] 5~
B8 i R 1 4 iR R LM SOR A 7 B RS Y
AR A R T H R HOR B DR i 5 8
AR LR B T LA L S R R AR
X FEEFIAHXT 3= 5 19 Leaves BRI & » AGMM,
MSEPLL, PGPD, BM3D =4 T A 6] 72 B 19 14
5,1 NCSR, NLM WIAEFELH (1) 55k % T 451

AEXT B —f%) House F§R 1, AGMM, MSEPLL, () BM3D (hNLM (DAX
BM3D, PGPD 7 i1 4 3 73 tH B T R4 i 4 B, B 6 “tFH £ o=30 8 Parrots Big £ % %A
NLM BT e P2 (5 . 5 1k J LR Fig. 6 Parrots image denoising effect when the noise va-

riance is =30

FH G AR SCIRE RE S B 4 b AR AR IR 22 40 £t A [

R FARFAE.

> NN : L7 7 7 )
(a) 45 A% (b) & | % (0)AGMM

(a) Jo¥s A% (b) &k A4 (c)AGMM

A
(d)MSEPLL (e)NCSR

(g)BM3D (h)NLM (DA
B 7 wEE £ =40 B Leaves B2 L2 2 B

(g)BM3D (hNLM (DAL

Fig. 7 Leaves image denoising effect when the noise va-
B5 wEH£0=200 ] Bean B F"2 R H riance is 6=40

Fig. 5 ]. Bean image denoising effect when the noise va-
riance is 6=20
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(g)BM3D (h)NLM
B8 wt@FEH £ =508 House B1& X"z R H

Fig. 8 House image denoising effect when the noise va-

(HAL

riance is =50

4.4 E{TRHEIELER

R T PR A SRR A S S AT
[T F 3R 16 8 R AE & R T 1 is T
BRI T T 3 BT A S g 34 7 ] — R A P45 Rk
PR TR SERE e 4.1 W R. £ 3 ERT
SEBIIE AT TA] DA F rh B W] LA B A SCHR S Y
S E) 5 4R AR T AGMM, MSEPLL L K NC-
SR 53k, T B4 1Y & BM3D ki C++
T SR AR 2R F Matlab 155 5281,
PGPD Fik I I A 2% i ey > By BL i A6 2 1)
B[R] R4 5 1 NLM 330 RAF s T RIS T A SC
12 (HJ27E PSNR B SSIM B AL 8RR it A
WA,

®£3 16 @R ERE T HIETRE (s)

Tab. 3 Average running time(s) on the 16 test images

=20 =30 =40 =50
AGMM 138. 23 138. 56 138. 78 139. 50
MSEPLL 61.23 61. 45 61. 58 61.78
NCSR 166. 33 165. 09 378.55 376. 08
PGPD 8.82 9.79 10. 48 10. 54
BM3D 0. 38 0. 40 0.41 0. 59
NLM 16. 88 16. 16 16. 32 16.93
AL 22.47 38. 32 54.79 63.97

5 & i

BRI S T e L BN T — PR RS
X £ JERLA R L1 SR AR SR B A 1)
PR BB R (14 1) SRR L 5 22 A8 S 1)
T[] Ao 5 L 2 KA T 245 AT IR 5 2 e ) L 1
R RIS A5 (1 il L A% KR, SR 4 SR 3R L e
A7 1 AN AT LASJAT B v ) 2 WL 415 o T
FLREAT R R IR % 2000 O B PR AR AN AR AR, A
SCHIIFE A 155 SOt A 7 P B A7 il A P45
Hg 2] Y SEI RI U 8 v A fifsa i SR e i 5
BRGNS R ) R Rt — W5 o).
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