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Single Image Blind Deconvolution Using Sparse Representation and

Structural Self-similarity

CHANG Zhen-Chun' YU Jing? XIAO Chuang-Bai? SUN Wei-Dong'

Abstract Blind image deconvolution aims to recover the latent sharp image from a blurry image when the blur kernel
is unknown. Since blind deconvolution is an underdetermined problem, existing methods take advantage of various prior
knowledge directly or indirectly. In this article, we propose a single image blind deconvolution method based on sparse
representation and structural self-similarity. In our method, we add the image sparsity prior and structural self-similarity
prior to the blind deconvolution objective function as regularization constraints, and we utilize the structural self-similarity
between different image scales by taking the down-sampled version of observed blurry image as the sparse representation
dictionary training set so that the sparsity of the latent sharp image under this dictionary can be ensured. Finally, we
estimate the blur kernel and sharp image alternately. Experimental results on both simulated and real blurry images
demonstrate that the blur kernels estimated by our method are accurate and robust, and that the restored images have

high visual quality with sharp edges.
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# NI ER (Error ratio) BT PRI AZ Y
fliiteh

[l — 2513

ER = (26)

[l — 23
ER {EB/NR BT RBRIZOE T, BARNE O
N ER {604 1, SO I IR A E) TR
SR I 2 JERCR KT Levin 200 R I Rfgi -k
HBRBUTES ARG 2, B &, IFHEH YR TZ
IR E G AURIAR, 2R ER EAKT 3 WnfPUA

thttp://www.wisdom.weizmann.ac.il/~levina/

2http://cs.brown.edu/~1bsun/deblur2013/deblur2013iccp.html

3http://www.wisdom.weizmann.ac.il/~levina/
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2B Levin 200 | P-errone 28 L Perrone (2]
SRR R G By ER 207l 4
(RP 32 g &% ER {E/NT— & BUE I EIE L)
e 4 iR, H, Fergus 201, Cho %P 1 Levin
0] A R YRR B A LIRS RS I
Levin A F 0%, Xu 6] Fri 5k i se i 45 5
M SR AR P 217153, Perrone 4515230 fi
REERLIEE RS WAEE A NE . 4 7]
WASCEENE R ER H/NTST 3 /) He il
i, BIASSCRYE A om0 R kB T AR S
IR SR AT SR, Hoh, Levin 25| Perrone
418,23 AR O R S5 A T B B RN, Rk
TSRO AZ I RST, SR, SXbr b B SE B 1Y
ROT @ AR A

1F

03t #/ —%— Xy &0
—%— Peerrone 23

0.2 Levin &5l
—v— Fergus 51

0.1} Cho %P1
—*— Perrone 2518

1 1.5 2 2.5 3 35 4 4.5 5
ER (Error ratio)
4 BYIPAE Levin %1 fnte iy ER SR
Fig.4 Cumulative distribution of error ratios on

Levin et al.l¥ dataset

KL EYH Cho B, Xu 4Bl Levin
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R A EPLL #3547 IEE 2 . Michaeli 20 f5

*http://www.cse.cuhk.edu.hk/~leojia/projects/robust_deblur/index.html

Shttps://danieleperrone.com/publications

Shttp://www.wisdom.weizmann.ac.il/~ vision/BlindDeblur.html
"http://cs.brown.edu/~1bsun/deblur2013/deblur2013iccp.html
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Fig.5 Cumulative distribution of error ratios on

Sun et al."¥! dataset
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(a) Blurry image (b) Ground truth
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E1 AR NIRRT KV ER (H

Table 1 “Success rate” and average error rate of
different methods

(2NN “BE” (%) ¥ ER {H
AR 96.88 2.2181
Michaeli %] 95.94 2.5662
Sun %[19] 93.44 2.3764
Xu %3] 85.63 3.6293
Levin %6 46.72 6.5577
Cho %2 65.47 8.6901
Krishnan (25 24.49 11.5212
Cho %24 11.74 24.7020

P T 2% SCR R A B0 Mg P MR IR A B, AT T
IR PUR A BE AR R R . N T RS A
RN MRS BB AR, AT T (a) s i
VRl A2 AT ASEAR A% 2 180 14 080 Il 18 0 ot O A s 4 22 Ay
0.02. 0.04. 0.06. 0.08 A1 0.1 f¥yEdbrmgers, J-i i
SE PR B S 0 LB LR R R 7K 1 e U i s 1
WK RIRE G HER. K8 EAy ) 11
S [e] 5 B B R U S T T A SRR AT BB B
Y9g5 iRz, Mo, BOARARO I RS AR E S, AR
PR SR IR MR 5 T W R B3 7 iR 22 W DA B,

m.,l‘\ 1 |

(d) Michaeli %5
(d) Michaeli et al.!

(e) &35
(e) Our method

K6 Sun %09 Michaeli %% DA A< O33R S UG E5 9 LA

Fig.6 Visual comparisons with methods of Sun et al.'¥!, Michaeli et al.

' and ours
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(g) Michaeli &
(g) Michaeli et al ¥

(f) Sun 209!
(f) Sun et al.l"*
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(e) Krishnan %523
(e) Krishnan et al.1*!

(i) Perrone 51
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Fig.7 Visual comparisons with some methods on noisy blurry image
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AT H G R. R 7 AT, A0 R
M7 7K T4 e, A5 R AL TH BRI AZ B A EE HE A,
SHE R EGR R EA LR ZE. SR, A SCEIERE
TRV, 26 2 450 T4 BT 7 (b) Ui &
MO R BT B B GRS R Y. MR 2 1]
PAF H, AR SCEE a7 I AR T Xu 2660 DA,
Krishnan %) $rykigizfrtal. 5 Xu 406 g
YEF L, FEAAMEFS KPR A SO R R 1 3

K2 KPR TR LR

Table 2 Comparison of different methods’ running time
RS ST AT ]
Xu (3] C/C++ 14s
Krishnan %:[25] Matlab 61s
Levin %[6] Matlab 1270s
Sun Z019] Matlab 1700s
Michaeli %&09] Matlab 49825
Perrone %8 Matlab 1431s
Perrone %:(23] Matlab 4071s
ARSI Matlab 546 s

JriRZR /)N 5 Krishnan 252 g3k e, A3

SIRAEARMR R 7K T B S AR, i =
MR KPS AR Y. R, A SCRIAAEARIIE

ORI, X s B BT SR
T —o— RIWEE

0.08 [ | ¢ Sun M

’ —%— Michaeli Z£)
Perrone 251231

0.07 [ | —— Perrone Zxi1s)

Levin %6
0.06 | | —#*— Krishnna %12
—%— Xy 20
414 0.05 -
K _
R 004 S
=5 0.04

=

P8 NI B e TR S T A SR H RS ARG R I O iR
Fig.8 Mean squared error of some methods under

different noise levels
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IR B SEIRECR A BEAE. 181 9 FI 10 J#oR
T AR SRR VA S A — BE SRR L SRR [ Rt E AT
HGRIER. 7l T 5 OR A Y
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(f) Michaeli 25

(e) Sun &0
(f) Michaeli et al.”!

(e) Sun et al.™!
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Fig.9 Visual comparisons with some state-of-the-art methods on real-world photos with unknown kernel
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Fig.10 Visual comparisons with some state-of-the-art methods on real-world photos with unknown kernel
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