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Defocus blur detection based on LBP and saliency

LI Haowei, LIU Hong, LIANG Jianjuan, LIU Benyong

(College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] Aiming at the problem that the current defocus blurred region detection methods are easy to misjudge homogeneous—

sharp regions, and can’t locate the edge accurately enough, a defocus blurred region detection method based on LBP and saliency is

proposed. Firstly, LBP feature and SLIC algorithm are used to obtain SLBP blur map, DRFI saliency detection algorithm is used to

obtain DRFI saliency map. Secondly, the trimap is obtained using SLBP blur map and DRFI saliency map, and then KNN matting

algorithm is used to obtain a blur map. Finally, the blur map is refined with the help of morphological operations and smoothing

filter. The experimental results on the public blur dataset show that the method can effectively detect homogeneous—sharp regions,

retain the edge details of an image, and perform well in detection accuracy and recall.
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Fig. 1 LBP distribution in blurred and sharp regions

IETLh AT, 5 SCRBISAE O, .0 M -
1 & .
Qup =1 - n(LBP{)
N i=6
P-1
) S -n.) U(LBP <2

P+1

(2)

otherwise

Hr, UCLBP, ) WX ERER T 0
B i BORCH sV R EER E e S R B8

FIFHBRIREAE Q0 X0 A S HEAT 40 B AT LA
25 LBP BOMIE , SR1T, LBP OB & rP AR IR K 2
[ B 2R AR 5 55, BRIV R AR AR ARG 145 2, FLBR
WA T REA RS, 0 T AR X s N H
BZ BB A SOR LA BAANMG K A BOR 1



54 3

ZEWEAS, S LT LBP SRR G 35 PR 0 B AR X S 153

DRy B T L — DXl PR T A 5 A1 e )7 ) 2
(ELAE S 32 DI T A 15 3R I BRI B2 i, I SLIC
(Simple Linear Iterative Clustering ) 592" X4 A &
AT o) WA I FI 25RO X LBP BOR P i 47 4k
B b5 2] SLBP BRI, SLBP B &1 Hy,p 3T
BT .

Hgpp =mean[H,,(A) ] 1sisM  (3)

Hrb, H,p, i LBP BRI 5 A, 2 SLIC 55553
SRR EAIR R M OPBIR R SEH

K2 41 T — SLBP B 4R BUR 1, K
2 AT LIE W, A BGTE 4ot SLIC #R E s,
HARE RN A5 BR8] T B PR R o #1145
SREHTTHA LBP BORI R rh 8 3R BB B2, D145 3]
SLBP H K &

(a) SLIC A%

(b) LBP

(¢) SLBP 4

B2 SLBP #H#E i+
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Fig. 4 Saliency in different focal regions
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Fig. 6 Example of generating a trimap
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