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Image inpainting based on feature clustering and locality-sensitive

sparse representation

Xue Juntao, Ni Chenyang, Yang Sixue

(School of Electrical and Information Engineering, Tianjin University, Tianjin 300072, China)

Abstract: A novel image inpainting method based on sparse representation which combined image
clustering and dictionary learning was proposed to solve the problems of long iteration time, bad
adaptation and non—ideal results when using one single dictionary. Firstly, the broken image was divided
into blocks and generated index matrix. Then Steering Kernel Regression Weight (SKRW) algorithm was
used for image clustering. By exploring the inner structures of image and the information of intact area,
blocks were sorted into categories based on their similarities of SKRW. Then each category had their own
overcomplete dictionary by self —adaptive locality —sensitive dictionary learning. By building a self —
adaptive local adaptor, the rate of convergence and the adaptability of sparse dictionary were improved.
Multi —dictionaries were matched with different image structures, so the image would have a more
accurate sparse representation. The dictionaries were updated until convergence, along with sparse
coefficients as well. The image was finally restored after replacing patches back. Experimental results
show that the proposed algorithm can repair the damaged images better than the state —of —the —art

algorithms in both visual effect and objective evaluations. In addition, the time consumption is greatly
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reduced in comparison with the other algorithms.
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Fig.1 Effects of the symmetric gradient covariance matrix and its

components on the shape of the regression kernel
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Fig.3 Denoising results of various algorithms
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Fig.4 Result of removing scratches
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Fig.5 Result of restoring image of lumpy damages
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Fig.6 Images for objective evaluation
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Tab.1 Image quality evaluations of denoising experiment

PSNR/dB FSIM
Image
Median filter vV Ref.[17] Proposed Median filter TV Ref.[17] Proposed
Fig.3(b) 27.41 25.37 25.57 28.21 0.8298 0.6457 0.848 0.892 7
Fig.6(a) 22.19 21.78 22.66 24.36 0.8019 0.665 5 0.8478 0.901 6
Fig.6(b) 25.73 23.86 26.14 26.45 0.755 4 0.6151 0.779 6 0.795 4
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Tab.2 Image quality evaluations of restoring image damaged by scratches
PSNR/dB FSIM
Image
TV Criminisi Ref.[17] Proposed TV Criminisi Ref.[17] Proposed
Fig.4(b) 23.67 26.15 28.15 28.63 0.988 8 0.972 1 0.984 6 0.990 4
Fig.6(c) 27.62 29.12 32.53 32.89 0.890 9 0.927 4 0.930 12 0.938 4
Fig.6(d) 24.31 28.54 33.58 35.42 0.868 9 0.899 1 0.913 4 0.9186
KW EE LB EGRRE TN
x3IBRRKWMEES
ab.3 Image quality evaluations of restoring image of lum amages
Tab.3 Image quality luat f restoring ge of lumpy d g
PSNR/dB FSIM
Image
TV Criminisi Ref.[17] Proposed TV Criminisi Ref.[17] Proposed
Fig.5(b) 27.66 28.23 30.57 31.02 0.9258 0.942 0 0.947 4 0.949 1
Fig.6(e) 17.79 20.42 22.46 24.67 0.908 4 0.923 5 0.936 4 0.940 3
Fig.6(f) 15.35 17.02 26.57 28.58 0.9310 0.9328 0.9498 0.9512
SIS TE] b JE o TR, 3 A4 JR) A B e sy o) o A 18 AR 5
. N o 4 I [E) B 2% B N
R4 EEEETFHI AL (EA ) HIT 52 28 P /<
Tab.4 Comparison of algorithms’ average time
) - , 5% 3k
in restoring image(Unit:s)
Damace Pro- [1] Elad M, Figueiredo M A T, Ma Y. On the role of sparse
Image Size g TV ~ Criminisi Ref.[17] . . . .
rate posed and redundant representations in image processing [J].
Fig.4(b) 512x512 1.05% 18 397 357 304 Proceedings of the IEEE, 2010, 98(6): 972-982.
Flg6(C) 512x512 1.12% 19 425 367 302 [2] Michal Aharon, Michael Elad, Alfred Bruckstein. K -SVD:
Fig.6(d) 512x512 1.67% 19 717 385 314 An algorithm for designing overcomplete dictionaries for
Fig.5(b) 512x512 3.90% 68 541 404 305 sparse representation [J]. IEEE Transactions on Signal
Processing, 2006, 54(11): 4311-4322.
Fig.6(e) 512x512 8.58% 96 972 501 425
[3] Beckouche J, Starck J L, Fadili J. Astronomical image
Fig.6(f) 512x512 8.58% 101 975 505 418
denoising using dictionary learning [J]. Astronomy &
Astrophysics, 2013, 556(7): 132.
4 Q:n!: -L/I,: [4] Hu  Gaolong, Xiong Ling. Criminisi-based sparse

S BB REM T M) R T — PR A 2

representation for image inpainting [C]//2017 IEEE Third

International Conference on Multimedia Big Data, 2017:

TR 2 m i EBAE 2 07 o AE R 2K b 4R il % 380-303.

[ U R RCOR bR ol e T LA o] EOR AR FUE (5] Huang Linjiang, Liu Hong, Tao Shaojie. An improved
P 1 - B2 ST WOk T N C 2, DA T 2 1 inpainting algorithm based on K-SVD dictionary[J]. Journal
L JFT (0] ) 56 I0C P B S B T A R BH . S 5 & of Anhui University(Natural Science Edition), 2013, 37(3):
UE WY 32 580 12 7 45 S e Pt TR AR B 340 8 %) 3l g 1k 69-74. (in Chinese)

Lk, BEME EAFEHHWER R LS A, (6] Han  Yulan, Zhao Yongping, Wang Qisong, et al.
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