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Blind Image Deconvolution via Cross-scale Low Rank Prior

PENG Tian-Qi* YU Jing' XIAO Chuang-Bai'

Abstract Blind image deconvolution aims to recover the sharp image from a blurred one when the blur kernel is
unknown. To solve this underdetermined inverse problem, most existing methods exploit various image priors to
constrain the solution. Our work is inspired by the observation that the cross-scale self-similarity of the sharp im-
age will diminish after blurring, and the down-sampled blurry image has stronger similarity with the sharp image
than the blurry image. In this paper, we propose a blind deconvolution method based on cross-scale low rank prior,
in which the similar image patch group is formed from sharper patches sampled from the down-sampled image, and
the low rank matrix approximation is used to explore the low rank structure of this group. By introducing the cross-
scale low rank prior as the regularization constraint, the intermediate latent image is enforced to contain the sharp
edges and fine details. The low rank matrix approximation elegantly indicates the global structure of data, allowing
for the noise-avoiding kernel estimation without acquiring any additional handling of noise. Experimental results on
blurry images and blurred-noisy images demonstrate that our method can estimate accurate large blur kernels,
meanwhile, it has good robustness to noise.
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Fig.1  Multi-scale self-similarity of the sharp image
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Fig.2  Multi-scale self-similarity of the blurry image
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Fig.4 Interpretation of cross-scale self-similarity for
blind image restoration
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[(&Cﬁzk ® M) o (D, © M) + (9, © M)o

(Do © M) + Ah} shi1 = (Opdn © M)o

0:y + Oy © M) 0 yy (11)
Horb, o RIRAHSCIEE. MR B A e B A A, s o
PG 1 A5 AR S 280 T A ol L P AR 46 (R e R, AR
P (11) B4 R BTIEK fif:

|[F(0rr © M) © F(0uiop © M) +
F@yan © M) © F(dox © M) + A ©

F(hit1) = FOo#r © M) © F(0,y) +
F(Oyar © M) © F(dyy) (12)

h = (12) AI1F h SR (13) Fos

By =F* (

F(Oap © M)F(Ory) + F(9y&x © M)F(9yy)
F 0z © M)F(0p&, © M) + F(Oy&r, © M)F Oy, © M) + A\p,

(13)
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X, F() R B A, F1() Rl B i
AR, T () R B AL S L.

3) AliHE R &

FE b —UOEAUG T R R L, XS I EHR AT
ST, BV E Ay, 25 5E g, EH @440, 20 (9) FR
) e o K AL

Thy1 :argmmin IVy — hyp1 * V|2 +

ASJ\J\;IEJ I — LiJ2 + A\ lIVall} (14)
T P HERRSE S L, B T R g,
BT 4 B 5 R, SR Ve P 1
IR g A0 gy AT AR, IR BN B
SO ATRA BRI L, M EREYE, 3% (7) 5 Ntk
BIHRER N

L; :argr%in||Pj — Ljl[ + B Ly . (15)
J

A |, AR, 8 9T e DR IS (AR T
HZH. ASOH &5 A AE CRE 502 (Singular value
thresholding, SVT)® %t (15) KA, & Jexi 4HE
W5 Py AT 77 AR O3 i

P; =U,;%,;V}! (16)

Hr, U; A v bsHEIEACHFE, 25 = diag{oj,1, -,
ojrt NEFEXN AR, o), i=1, -, r NHEKE
P; 1% 74H, r = min(m, n), m fln ZRHFHEE P;
(R B HORAT 3. ) FH i S 0 R0 R0 SR e 4 R e
P; (PRAREEH Ly, F AN
L; = U;Ss(2) V) (17)
Hrb, Sp(%)) 2B >0 AZHHRBEEF T, &
Sp(X;) = soft(X;, B) = max(X; — 3,0)  (18)
Ly 5 1 5 UG B Qe M 45 R Q2. 1B
b 6F AT A B ) = R B Qay HEAT SRANAL B
CIESH R RAP 0N §= 4l
z =Y QjQ;i

jeEM

(19)

X, Q) R BB Qe ARG HHHL (L E
TR AR o A B, AT 3RS R 2. — 7
T, 75 AT Pl R A 5 FRUPE 0 AR DL 56 Rl LR ) i
JUEE E RS, S 25 RUE AR AU 2E R A 1L P
BRAL, AT F b ef K O 170 IR M LR 5T
H T B RAE AR B & P B R & s i, 5
T T R BA S o AR AU, 85 24 AR 0L B ke
AR, A PR A T 1012 25 B BRI M

K15 1L %

¥ (14) AR BERBAER, PN
MG, s 1 58 EGE Qa, N T 1
FKiEX P @I E5R G 2 2 MR R, B (14) T
|P; — L;|2 5H(Q,x — Q&3 ML, AIRRA

Tpy1 = argmin[|V,y — Hy Vil +
IVyy — Hk+lvym||§ +

As“ﬁ%jw 1Qs — Qa2 +

N (V2] + [V, ]2) (20)
Kb, V. W, € RN 4050 B REB T 0, A1 0, 1)
KRR, & Lttt o (0S40 0, AT/ 7R

N .
[(HIIHHICH +Ag)G + )\SM > QiQ;| &k =
jeEM

N
H! Gy + g2y,

M| (21)

o, G=VIV.+V]V,, 2. =30 Q1Q; .
BT M 1ER, Joik BRfe b o 5 A& i,
R FRE R ) B ) e AR AE AT P i 5, 2 (21) B
N IE A

{]—'1 [(]-‘(hk+1) ® Flhis1) + Ag) ® Fg] +

N N
)\SM Z QJT'Qj}iBIH-l =

jEM
F! {]:(thrl) OF, 0 }'(y)} +)\s|]]\\;zk (22)
;H\:EF', Fq:f(aw)Q}-(az)‘i‘}_(ay)(a}_(ay)' H T

3 (22) HHENMETTRR I RECHE B2 AEXS FR I, AL
KHOW LR 7% (Bi-conjugate gradient, BICG)
SRR (22), AT Ty

KX EREMRE

AR SCELE I B R U R B AR AR A2 A T AN i
BAETHPAENBL, a5 o, 5 1 B Bebasad xt
2 (9) BB SRIFRI B IRZ AT Al . 15 Jevldn
AT IHT B, X =24 I T PR T B AR 3E4T 4 7% B
P IE PR IC TR, AEARICHERE HITE T N SR A%,
IR I R AR 240 BRI U 0 s PR, I
BRI T — DGR F AL TR M R @ 102
BB TR AR B R 2 BEAT B AR AR R Z07R,
3 A5 B A PR R 10 T 5 SN b, P RO R 5 B /N
HEKBIEASZHEER, AT — JOE R 2 S
BT PR 5 (9) A SRR L 10 37 i 1 R 2

2.3
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Ly,
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flithas R

Bl 5 ARSCEVEGRR
The pipeline of our method

Fig.5

TE TR R R S5 R, 3 — PR R AR E RS R
o AT A 0TI T R AL TF. 5 2 M BeAESE 1 BB
BRI b SRS ) R A ENAEE BT
5 AR P8 AR HA R I A, 140 Richardson-
Lucy 5k & HAF 23 EPLL (Expected patch
log likelihood) SyAP 4748 73 IE WAL T7 L0 20
BRAEE AR VRS R JE P iR 22 1 ik 4.

AT N SR A SIORN A B K RS AR, 5 H
B RS 70 AR [R], A SCid it 1) R e - i i A
FHORE 380 20 il v H R A% . S T IR — 2 R AR
1 (9) Fras i) B bR ek 2, 7285 REEA LB B g &=
(PISEBRSEELRT, BB AE b — Al v (07 i B 4
FAHACh B B Ay i AH AL AR B . AR SR 24 1T 20
TE W ER AL T AR E BB N T — Z & BT
WIUETHE G, TR — 2 4 38 v ool il B8 R
GEAG T B T B SIS T S, AT IR ORI A
AT R IF B 1At ah R B HE .

S 1SS T T R AR R ) BME E
LA EIE O ARHS, ARE Fr \ BRI R g,
K EHNBEGE&ETE, H#4MENETIENE 12
(1=1), WA AR BB y 7B 5 b BB a6 45T 20,
WHE o=y, WK E—Z (1 - 1) &7 NS
Wb A5 () 97 1 & SR A O 24 i )2 (1) 18 i BB w0 46
flith @0, £ —JZ (1), P B IEAKAELL (9)
fli v H BRI A iz,(f) HTE i 5 :i:ff), XH FhrRosE
BT ENER, THhERER R8T FIEAH
UH, B REAS SR a1k B s 1) fe RIE AR B

SIE 1 R [A) B2 44 B R B RN 4 AP IR
PE. IR 1 R Gk Tk 405 ) X FhT

VRIE I A A S, A I A I R S R
O(Ns), Hr, N NEBIIRSE, s HERZIIRT.
AR 1S BUZIE F RN, R, B R AR
] 55 2% FE AT AAC 0 O(IN). B B8 2 BLEEAE SR it
SBORIAZ I VA A A, b (e L IR o f B ) 5 A
BENO(N log N), BT R EAE IR [RI Z 448 O(N),
PR, 2508 2 B RS2 2% BE T LKA O(N log N). 25
B3 ST RTE 4T AR I R O T E AR
BT HE % 22 BT (8] 52 4 BE A O(Nywn); BRI R &
FT A m AN AU EUE I TR SR AR B O(Nyw log w);
FEA BT T AE 7 R IR B IR 52 4% B2 2 O(V; x min(mn?,
m2n)), FeH, Ny AARICRERE M R 41 T HeS
HY, w ARG ORIRSE, o NEGIRIGRSE, m
B AR L UG H . T R R IE AT
B [E]3ZE /N T RT3 22 v S AN HE I A 30 43 R is A7 i
[z A, PRk, 255 3 a2 22 el Blid A
O(Nyw(n + logw)). 6 4 th BICG S kL1 [A] &
FLFER O(C+ N) B0 T b Adg L i 23 48t (1432 47 B[]
SR ) B 4 EERTAE A O(C + Nlog N), Hodr, ¢ N
REGERF I EAEZFTAN L

BE 1L ETERERRARNEGERER
Bx

BN BHIEG y

WM. BRI AT B, TEITEE AN T 2

AL, BEFERFEE T a; W ERIIYIAR T 20;

IEMASEL NG, As, Ans BERIZIORS 55 BRI n;

HRE TR w; S RIEREAUEL

VHESE, AT R PR H 10%.
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i K REG ST
for I=1to K do
Wt k=0
repeat
1) B bR SERE M)
2) 4R (13) fHF BRI A
3) MR (19) fTHEFRLI R 1 B g K% =
4) FIF BICG Skt (22), 193 &) |
k=k+1
until A SRR 1 B T ) e KB AR
K UG A s R 2D ERFE BT 24
TR 2.

end for

MBS (8] 2 2% FE R 2 il A Y, 2P 1 AN
2 B[R] SR S ANt O(N log N), B8R 4 Hh R
HOBEFERERGHR A, I 18] 8 2% BE AT A 2 X 2Bt
M98 3 NSLIT I M R EE . T, AL SHIE
G ) — B A P ARV B, B R B R A B0k, 9 n 22 i )
BM3D 5iEP, B S RE AR DL RGP 19 R
£ HArPUEAR A BB R AN RAAZ, R
SRR A B BT TR 2 O DR B R B RN
SRR SR P P b T i 2 1)

3 SEWERSHMH

AW E GRS Nn =5 x5, 7 2 EBME
B R 0.2, FLLEUEHAE W) EIR Ay 28 19, TR A,
N5, BREOMR T Nw =25 x25. I FKEZHE
2B G BRI AZ RS/ T 51 % 51, 18 Sun 2127
A1 Michaeli 5" B977 30, & CFPR U, AR E
ROWIRZ IR ~F A s = 51 x 51. FERFERR T o oK, %
SRAFEASTR G b 1) G Ry b, AEL [ B A [ R
B 2 1] (AR AL G e A Bk /> B0 R b 7 25
A% B E R FER 7 I EUE, A X2 Michaeli
SN0 G I 2 A AR TR - % BN 4/3, BR 4
FIEATR E X5 B S AZ RS AN R, FE R 5
FERLE 5 24 /0 2 X0 B AR A% R /N T 3 x 3, T
15 1R BRI T AR

Kohler #{#E5 LRISLIE

A ICAE Kohler 2597 2P Kt 5 EIGUESIE
R R, EIR AT 4 TR KR, A7 12 PRI
(5 5 MR RTBRIRZ), 367725 48 IR E R
1R CE S il il NS Py i 3= Ri )i S ek BUNE Y5
(K13 SIBOHI B & 7 Kohler HdlE S snd, 4
A FEEE Pan & Yan &M HIRFEN
Chen S5 $ig H M SRVAHEAT LA, A SRR 1R 4L

3.1

ZHEE N N\, = 0.0008, A\, = 0.002, A = 0.0003N.
A A P ORI S BB ST E SR ) = 4 s A iz
SIS R, BT ARSI, iR SRR
MG AN 3 S B B T I LA, R T
ANFHE, SO BRI AR S O FE FE (AN [, ¥
WIUE AR A% R ~F 3% BN 21 x 21 F]151 x 151 AN,
Pan 21, Yan M, HIRFZD M Chen 219 145
YR B AN @ s R Eg %
TR 25 5 W E MBI SR IR 199 SR A
MG FIE A L (Peak signal-to-noise ratio,
PSNR), ¥ KK PSNR {E N & &L ks, &
JR G 5 B MG 2 18] i PSNR ok, %0 8 R &
%5 B E RGBT

6 LA 7 &ANEIELE Kohler #3545 |- PSNR
PIME S bRt Z2 . IR LR B ARSI SREAE
VYR B B T4 PSNR B T IREZED 14
PR 25 L 7 5 P R AR B PSNR &
Pan S5 25 8 7ESE DUIR EME 1 [1°F35 PSNR &
T Yan ZE0 Fl Chen 85U (85 R x84 11
i 3 IREEG S A EB2 MR R, f56 Pan & AT
PEH BB IME S5 A EVETE Kohler £di 4
FIER T 5 Pan 250 7y Mg R, Z O EN T
BZ G RIS R AL, Yan 2504 52 T il iE
oS, JREE G IEE LI R B AR, e
T PSNR. A% Yan 25" F1 Chen 2519 J7754E Kohler
B4 FIRE T M) PSNR, SR AT 5 K
SRR I A BR . BT 2 A 2 X R R
AT, BB, ARG T VR
BRI BE 7. AN, B TR E AR 2
Z 0] W, ASCEEEAE & G 35 U S 1 b
7, UL A EE B B R

K7 A 8 45 HH AN B9k AE Kohler $diE4E

I Pan 503
B Yan 2504
I YRR
mm Chen Z500)
COAXHIE

Lmg 1 Lmg 2 Lmg 3 Lmg 4

Kl 6
Fig.6

Kohler 44 PSNR HT-¥{H S5hriE %
Mean and standard deviation of PSNR on
Kohler dataset
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P R AR IRER, B P A BN A B
T BRI Z . X TR 7 (a) BTOR B9 /NVECRT AR

7(b) ~ 7(8) 50 Pan %5, Yo 5500, A",

Chen %509 DR ASCHEVE I BB 45 51, UG
J7 A RS IR 4B HOR K. B’ 7(b) ~ 7(f) 5 REAE
K% 2 A F PSNR K KN 29.31, 29.74, 28.95,
29.54 F1 31.53. WAITTTBCRE AR LUR Y, F RS
MR IR R T — @R E RS, Pan®§ P
Yan %M A Chen 500 [ 77 V2 78 B 6 [X 3k = %
YU H IR, AR SR SR R A% o A ik B BB 2
F. RS RRIAZ AL TE, XK 8(a) FiRifR
ORI, B 8(b) ~ 8(f) 43718 Pan 251, Yan 2500,

I

(a) ORI (b) Pan % (c) Yan %1
(a) Blurry image (b) Pan et al.l? (c) Yan et al.tt
PSNR: 29.31 PSNR: 29.74

HWIRFFE) Chen S50 DLR A SRV J 00 45
B EN5BEEEIE R PSNR KN 22.30, 22.32,
22.94, 22.37 fl 27.51. AR¥E LR G R B EH K
1% 2 181 PSNR, A SCHE VLR X P 0 P45 LS
FEHERR B A%, R EUE T Bn BAE ER AR
PR, AR SCHV R PR H B 2 4 HR
B/,

3.2 1N Kohler #3E& EHISCIS

AR SL AT S P AT R R AL, R A
PRI X 5 RO AR DL B R B AL 34T BEAR D3R, {45

FIRBA —EMPIMERE ). A SCAE Kohler HE %5

(d) HRA D
(d) Chang et al.l"”
PSNR: 28.95

(e) Chen 2500
(e) Chen et al.'d
PSNR: 29.54

(f) ASCHE:
(f) Our method
PSNR: 31.53

K7 SAHEIEX Kohler #udide i — g/ MEo E5 2 5 45 R LLAL

Fig.7 Comparison of the results deblurred by some state-of-the-art methods on
a weakly blurred image from Kohler dataset
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(a) BRI EIR (b) Pan Z1 (c) Yan 4514
(a) Blurry image (b) Pan et al.t’¥ (¢) Yan et al.¥
PSNR: 20.30 PSNR: 22.32

(d) 3 g
(d) Chang et al.l”
PSNR: 22.94

(e) Chen %%l
(e) Chen et al.to
PSNR: 22.37

(f) ARSCE
(f) Our method
PSNR: 27.51

B8 BANEEXT Kohler Bl — fii A B (5 52 I 45 R I Lh

Fig.8 Comparison of the results deblurred by some state-of-the-art methods on

a severely blurred image from Kohler dataset

RN T ARAEZE SN 0.01 11 1 40 e s A FOU IR A g
EIHE. 7200 Kohler 24 4R S50 v, A ST BIE
5 Pan M. Yan M, HIREFZED A Chen 2510
P ELVERAT LB, AR SOV IE S BN

As = 0.0008, A, = 0.002, A, = 0.0003N. Pan 45

Yan S50, HEREFSEN F Chen 1 145 F 1 H1E
HIRMMARFIZITER. B9 A H T S EIEE g
Kohler ##54E I PSNR f¥IME K bruE %, B d ]
W, 5 Pan Y., Yan 258, HIREEFD Fl Chen 2519
FEAR L, A SCEVELE SR EUR 3 U T s i
P35 PSNR, Rt /N IARE 22, 7890 Ul B AR SC B0t
MR HLA R AT IS R

10 AP 11 Bt 1 &N HIVELE NI Kohler
HHREPHIREEG EMERER. XTE (a) Frs
IR A I R, 1B (b) ~ (£) 23 3 & AN B 5
oM . HE B EG S R EEG 2 E
PSNR, £/ 10 /1 Pan £ Yan &0, ¥ IRHF
0 Chen®§ " DA A LR E PSNR K IR 19.95,

Lmg 1 Lmg 2

9 JnmE Kohler #4i4E PSNR -1 K {H 15 bk 2=
Fig.9 Mean and standard deviation of PSNR on
noisy Kohler dataset

17.11, 21.60, 16.38 #126.85, 7E/&] 11 #* PSNR &K%
N 24.72, 24.80, 27.51, 24.79 F128.23. H K 10 Af
WL, BT T, Pan 251, Yan S50, HREE
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BRI 2519

T R R N R B

(o) Rl g (b) Pan % (c) Yan %
(a) Simulated noise image (b) Pan et al.! (c) Yan et al.l¥
PSNR: 19.95 PSNR: 17.11

(d) HRAFE (e) Chen%1l (f) ARSCH:
(d) Chang et al.l"” (e) Chen et al.to (f) Our method
PSNR: 21.60 PSNR: 16.38 PSNR: 26.85

10 AANEZXS N Kohler a4 rh — i BHR R IR 45 R LR
Fig.10 Comparison of the results deblurred by some state-of-the-art methods on
a blurred-noisy image from noisy Kohler dataset

S \ AL G

RN

e
WO

(a) LG 15 (b) Pan % (c) Yan %0
(a) Simulated noise image (b) Pan et al.¥ (c) Yan et al.™
PSNR: 24.72 PSNR: 24.80

(d) HHRAESE (¢) Chen %00 (f) A&
(d) Chang et al.l"” (e) Chen et al.lld (f) Our method
PSNR: 27.51 PSNR: 22.37 PSNR: 28.23

Bl 11 &AEEX N Kohler S i) — I8 UG S IR 45 R b
Fig.11  Comparison of the results deblurred by some state-of-the-art methods on
another blurred-noisy image from noisy Kohler dataset

A Chen 250 FEHICIEAER AL TH R BOMIZ, 2T R T G AN GRS, SRAT IS I 1 =R R AL
TR R IR R A5 R, A SRR RE s HERf Hh R TR SR IX PR R XIS 1 Fomii) PSNR B1HE,
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RYE L FERIE, JFH R T AL RCR.
H SR MIE R Soi

1E HL B B s ie AR SO B Mi-
chaeli 21 Perrone 5. H#RHZEL Pan £
Yan &M Fl Chen S50 BSIEHEAT HLEL, A SCETE
(R IE AL S 3O E N A, = 0.004, A, = 0.006, Ay =
O 003N. Michaeli Z", Pan £, Yan &', Chen

£y E’J %i’JIEEEﬂ?%TiET MR Fie1713 2], Per-
rone %50 HIRFEN 1T RS R RIS B
E%ﬁﬁﬂ EHE — O AR S0, IR BRI R
L VBRI G A3 SISO 3 T T AL AL

Bl 12 K] 13 PR 7 AN SRR ALE PR i S SR
K& LR R R, XTE (a) s B K14,
Kl (b) ~ (h) NENFIEMERGR, BELE AN
fTH BRI Z, BT 77 9 G H TR 30 DX ) 48 1
P I G20 [X 3 DL K AR B DR 4 SR T DU A
S EIEAE A ROl PR SN A R B, BEAE 1R 47 3
P S H U R4 30 25 5 13 il

H SR AR EGR SR

3.3

3.4

TE B ST A e EUE s i «Hi‘iﬁﬁﬁ&'ﬁ
. Yan ZM,

Michaeli Z£1 Perrone 29, Pan %5

a) BIHIEIR

Blurry image

) Michaeli 51
(b) M1chaeh et al.ltv

%T&%Jg s
(f Chdng et al.”

) Yan &l
(e ) de et al.

K 12
Fig.12

=17 = =
=-. -.I -d.,

HIREFESEN, Chen 551 FIEEHAT LR, ASCHE
M IE AL S HO BN A\, = 0.004, A, = 0.006, \; =
0.003N. Michaeli 510 = JEIR
Yan ZEM, HHREEL Chen 4%
FIRALM AR T 121715 3.

K 14 FIE 15 BUEL T &N SRETE P IR S SRR
ARG LR ESGR. B () NEMROLEIR R G
RIS R, a8 A 70 2 i R 25 5 7o A g
7, Bl 14(b) ~ 14(h) 735149 Michaeli 55" Per-
rone ZF, Pan 25 Yan 251, #IRFZED Chen
S0 DL AR SCEE R BRI A R, B 15(b) ~ 15(F)
239N Perrone 250, Pan 5%, Yan 45", Chen %519
DL AR SCER ) LRI S5 R, fERG A EANS
ANFEA T BORIAZ, E TR EUE R 7 2 R X
W ans . BT W, AR SCREIR RFERE s
ANTT RS RS R R R s VAR HE BN R I
S RE L, A 14 A IR E AT LB ) Per-
rone 25 Pan 2 Yan M, HIREFEZED BIE T
g5 FITHOK 7 e S I HAFAE R RS OB, M-
chaeli %", Chen 55" Jg/N T IR B, (HE JF 45
RATIAFAE 5 ORI L. m] DL, R SV T
HEA R &

. Perrone 2 Pan

SN S R R AR

%II

(d) Pan %&0
(d) Pan et al.¥

(c) Perrone %

(¢) Perrone et al.l

h) ASCHEE
Our method

) Chen %10
( Chen et al.ld

BB LA P 5 R R 4 R 0 B

Visual comparisons with some state-of-the-art methods on one real-world photo



10 44 ORI BT R AR R R B s Rk 2521

L

(a) HoH I (b) Michaeli 4! (c) Perrone % (d) Pan 2§03l
(a) Blurry image (b) Michaeli et al.l” (c) Perrone et al.l! (d) Pan et al.t?

_al o L E — "
(e) Yan %504 (f) HREE (g) Chen %00l (h) ASCE
(e) Yan et al.t¥ (f) Chang et al.l” (g) Chen et al."d (h) Our method

K13 BB 53— LS (5 R 4 R 1 A

Fig.13  Visual comparisons with some state-of-the-art methods on another real-world photo

L

(a) BRI .@ﬁ (b) Michaeli 00 ) Perrone Tr"] Pan & ”‘
(a) Blurry image (b) Michaeli et al.l” (c ) Perrone et al.l (d) Pan et al.l?

Yan %l “] %%ﬁ#l“ ) Chen %! m Z]KKﬁ:{ﬁ
(e ) de et al.l!! ( Chang et al.™! (g ) Chen et al.ld (h ) Our method

B4 S ANSEAE IR FCI RO A e R L ) S04

Fig.14  Visual comparisons with state-of-the-art some methods on a real blurred-noisy image
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Yan et al.l"
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) Perrone 250 ) Pan %1
Perrone et al.l

H.v !UH., MY Hy 14

) Chen %501
Chen et al.l'

Pan et al.l*?

) ASCEE
Our method

K15 B ANEEEAE S IR BT R R B scin s R

Fig.15

4 TS THE

AR e ROBEARAR S 56 R A 25 P A ) R R 4T
ST,

41 EBRBEREBRINERN S

ASCE AR K MR o R RS E AR
HIEE T 3 b R IR AIE 5 R ARRR e 3o A 25k, fEA
SEge AN Sun ST EdlE AR FR A 80 1 M 15
s EURST 9 5 x 5 BT, 6 TR — AN R,
PE B RAE MR 2R o N AEALEIR R, B R R 1
a S BIREE N4/3 .\ 5/3 2, BERAE BRI R 4
SNIER 075, 0.6 A1 0.5 £, KK 1%2 (Mean
squared difference, MSD) F& & K5 3 2 8] ¥ AH 2L
P, MSD HUE N, 2 B BR8] AR AL 1 B

Visual comparisons with some state-of-the-art methods on another real blurred-noisy image

. WIE M ER o h i BRI Qe TEHFF
KEEEE o PR G Rz, i = 1, -+, m,
D75 I PR 5 RS B AR A 35 7 iR 22 FE B T 3%
A
MSD(xz, z°

b ZHQJ

Hrp, NoREG AT, m AR A EE R
AN E. R TR — N B & S A 2R o S AR
EIG e, SRIGTHE m N AAL G I E . R s
X (8) THE BIERIBME, Hdr, ¥l Ry EBOK,
BB 0 7B K, 326 T2 200 7 B 1 A 0L PR e A Hi
Z, REREHUSERANIEN TR A =1, B[R
Ap =5 Mm R 1 <m <5 BT %EEG @
AW B 5 A0 T AN O [E] [RL, X TR

Z Riz®|3 (23)
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KGR AT R Z R B ARE. [AEE, MSD(x, v)
JE B E I BRSO R AR, MSD(, y*)
JEEIHEMT EHR 5 BRI BRI A A, MSD(y,
y?) BE RO R 1 5 R EAHALE. X T Sun #&
Pa e b e EUR & B R TR Z, RIE ST
AEE (80 MEEIR) 13577 1R 2 2 .

16 s T BERFEE T a N 4/3 . 5/3 F2, 1%
Hl ZEy A 1. 1.5, 2 A1 2.5 B 80 1 K& K38 77 iR
FEZ R, B BEARKR AR R ALy, AR NI TT
. K 16(a) HEL 7B EUR y SO FE R
BIE v 5T EUR o BARRE, 1B SEL R TE T
KU 5 R AOR) R 2 TR AR BA T, B 2R
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Fig.16  Analysis of cross-scale self-similarity of images
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