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Abstract: An improved regularization blind restoration method based on 1.0 sparse prior was proposed
to overcome the image blue from camera shake. A new optimization mode on the basis of inherent
property which the gradient distribution of the blurred image is denser than that of the clear image and
the sparse of the dark channel is relatively smaller. Aiming at the highly non-convex of LLO norm and
nonlinear minimization problem in the dark channel sparse optimization process, an approximate linear
map matrix based on look-up tables was proposed, and the linearized 1.0 minimization problem was
solved by half-quadratic splitting methods. Finally, the fast Fourier transform was used to do iterative
operation alternately for the fuzzy kernel and the clear image in frequency domain to obtain the
restored image. Through experiments on several different types of blurred images, the results show
that average gray level gradient is up to 11. 411, the image entropy is up to 7. 304, and it only takes

8. 07s to process 365X 285 images. The improved regularization algorithm effectively suppresses the
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ringing effect near the edge of the image, retains the integrity of clear details, improves the speed of

operation significantly. The algorithm is suitable for all kinds of image restoration.

Key words: blurred image; blind image restoration; LO regularization; gradient distribution; dark

channel prior; ringing effect
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Fig. 1 Gradient properties of text images

100 150

(O E 5
(c¢)Blurred image

A LAF AR 1 5 10 32 AR 2 (AR ] 8 3 2
FU T PRTAR 00 20 A BE R B . ST AR SOl ]
— Rl Lo IEMALSE s GOV D X EZ 6 B 17
i i 29 o R A XAF

GVD=pllVI|,, (D
Horb g HIEMAL AL S %, & ITIR G(VD HE
X 1 57 DX I — BB SCAS RR AT 200 JiE ok R B
Xl S B8 2% R T 5 A 3 0 S ORI AT SR AT K
2.2 BESRBBEHEREERIER
XF TG T HE T GE AT O TR
D(I)(r)—mm( r{nn I'Cy)., (2

yE N

H. o fly BRBENAME, NCoO T LTE «
B RAG e, I AR IE . B 1K AR, )
A minl Cy) =1Cy) . AMER B, #5628
FH T 38 Pl AR B 1) e /N 2 B, ol L B2 45 N
kf)ﬁ)ﬂ%iﬁ;@@%%ﬁ%@umﬂjb? AR ST

— A K ZH A SRR A W B B TR
m%%ﬁ%%'éﬁa(ﬁnlz] 2Ca)) . BRI, B G0 i
WIEITCRMAAAEEFZ AT, FH LR
K 2(b) iR,

(b) B
(b)Blurred

P2 3 NG -5 AR P 45 9% A L 5 5

Fig. 2 Dark channels of clear and blurred images

() i Wi
(a)Clear

P TASA) P 152 3 AT &1 45 15 7 0 e 0t
& RRERAE T IE B i . [N it 3B 1 PR AR ot Ll
Je—HE WG S 785 5 — A e 180° 1Y B
PLE S B AR AR IT .

B(x) = 21
2€Q,

Horr . Q s 43 A% 2 BAG Ak A 8 AR 4% k B9
Rt [ IR e fABME, k(=0, > k(2 =

€0,
Lo 2220 C3) Al gl o AR T8 J) 3 hn AL 46 1 4
B o AT DL W R H 48 508 R 5 B
TIASORI 8 T 40 358 P 1) i /0N 5 B A 3 2 45 AR
BAERIN TR TR e, BT ARG S
1) 4 1 %XT’@I%L—IVE&HWT?’EE‘
B(x) = :GEQI [x+ [7\}— z]k(z) =

Z mm Iy k() =

«€q, YN

l+[ﬂ— z]mz), (3)

renm I(y)Zk(z) = mm I(y), €Y)

€0,

B NCo RS 'ﬂ‘%*ﬁﬁ%ﬁd\*ﬁlﬁ]sﬂﬁ:
B(x)= min I(y), 5

yE€ N(0)

Horir, o EABIM NI REIR R, I(2) = mln ICy),

B(o=1(0), Hit, T%%RE%FEH% I E’Jﬂﬁf%
FoEEAESAER WA 2 Pios,

HR A LA 1 HE W, AT DAAS AR A5 1 1 4% [
AHRE LR DB R DCD 43 51 36 8 58 5 375 bl 151
50 5 TEE L A

D(B) (x)=D(D (). 6)



9 ]

Pu FL A R T L0 b S B A AR BIL A S O PR R A2 )5 2493

W QNER T R & L MR E € Q
i ICx)=0,0NF .
| D(B) () || o= || D(D (2 |, (D
Hef Lo WHHE DD R EZELEN K. N
TiE— 2B 560 L 43 T, 78 SUNY AR 42 43t 11
HA 3 000 i B4R A9 KOG 4 Lk AT T 308,
W&l 3 fT 7 CR e W3 P HL R0 » 175 0B LA 1) I 30
18 SR AR R A R I 2 BT R,
I H XA JE A )RR 35 T Al A % S A, dn e
A% N DA B A FR R PR A% . BRI 5 A T A A I
A AR A XA AR 5 175 B L4 1 — b 1 4% 1k

4
10210 : :

9 B Clear image ||
m Blurred image
5 B
o
B 7
t6
=
u 5
ch
§ 4
<3
2
1
U Iy .
(

50 100 150 200 250 300
Intensity value

PR3 it AT 5 RSHT PRI (¥ I 5 5 B T A
Fig. 3 Intensity histograms for dark channels of clear and
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Tab.1 Evaluation results of image gray mean grads

Low
Natural Text  Face Average

Image . o
illumination

Fergus  8.824 L7570 12.762 9.874  9.305

Levin 9. 265 .167 12,245 11.268 9.737

Krishnan 9. 784 .643  11.784 11.761 9.493

Hu 10. 284 .324  12.754 12.876 10.810

Cho 10. 358 .687  14.625 10.678 10.587

Guo 9.968

5
6
4
Xu 8. 765 5.435  10.687 12.421 9.327
7
6
6.347  10.256 13.341 9.978
7

Ours  10. 987 L3655 14.249 13.042 11.411

1 12 M AN (] 28 0 0 AR 11 5 o0 S 5 L
PR bR MR R R 1 AR 2 R, ASE
BB R AT LUE W 7R R ZHUE 0T A SCR R ZAR

T Al X L BE OR B S R R A 5 R IR L
VLR

x2 BEBRBEMER

Tab. 2 Evaluation results of image entropies

Low
Natural Text  Face Average

Image o
illumination

Fergus 7.768 6. 648 6.646 7.448 7.128
Levin  7.787 6.728 6.559 7.524 7.149
Krishnan 7. 806 6.611 6.525 7.479 7.105
Xu 7.683 6. 714 6.481 7.561 7.110
Hu 7.851 6.826 6.686 7.643 7.252
Cho 7.836 6. 784 6.821 7.537 7.246
Guo 7.825 6.732 6.678 7.723 7.239

Ours 7.912 6.916 6.715 7.674 7.304
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Tab. 3 Comparison of computing speeds (s)
Low
Image Natural o Text Face
illumination

Size 760900 533X800 702X346 365X285

Fergus 453.62 267.98 136. 48 63.05

Levin 427.25 228.65 117.56 55.06

Krishnan  104. 37 62. 04 32.72 10. 29
Xu 35. 26 26.78 14. 87 3.61
Hu 48. 64 30. 42 17. 34 4.76

Ours 85.76 52.75 27.21 8. 07
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