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Self-adaptive Group Sparse Representation Method for Image Inpainting
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Abstract This paper proposed an image inpainting algorithm based on self-adaptive group sparse representation to
solve the problem that the texture and structure clarity are poor in the repair results. Due to the difference of texture
and structure information in the natural images.in order to distinguish the group structure with the fixed image block
size in original algorithm, firstly,a method is proposed to adaptively select the size of sample image patch to construct an
adaptive group structure. Secondly, singular value decomposition is conducted in groups to obtain an adaptive learning
dictionary of the image patch group,and the Split Bregman Iteration algorithm is used to solve the objective cost func-
tion. Finally, the adaptive dictionary and the sparse coding coefficient of each group are updated by adjusting the number

of image patches and iterations in the group to get a better restoration effect. The experimental results show that this

method not only improves the peak signal to noise ratio and feature similarity index of image,but also improves the re-

pair efficiency.
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Table 1 Comparison of parameter settings
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Table 4 Comparison of experimental results of local text missing

-_ X k(8% # X kL9 % Xk[10]77 % R TT *
PSNR/dB FSIM PSNR/dB FSIM PSNR/dB FSIM PSNR/dB FSIM
Barbara 39.027 0.9803 40.367 0.9398 40. 740 0.9896 41.762 0.9908
House 41.210 0. 9894 40.971 0.9817 42.451 0.9903 42.804 0.9934
Parrots 37.983 0.9921 37.903 0. 9589 37.8244 0.9956 38.111 0.9907
Bike 32.371 0.9819 31.938 0.9682 32.589 0.9875 32.742 0.9894
Lena 40. 341 0.9843 40.209 0.9791 40. 548 0.9831 40.558 0.9964

BERAE  BF X B RN R AE S Ty i e ) Al 2 45 I
SR T8 2 TR/ H P 45 e i 0 A 465 5 285 SRt wp A7 1 30 B R 465 4 3
AT A1 5 2 4 TR AT, 4 1Y T — Rl O e TR O /N Y R AR
PG B ofe ey sl 201 495 4 1) 5 3%, O 7 4B Sk b 48 R IR DT TIE HY
B Pl 45 o 2 T 20 ) — A~ A L PR AR Bk /N 2 5 AR X 4 4

B A S i ERCR .
2 % X #

[1] WANG G H.Geometry-aware Image Completion[ D]. Hefei:

University of Science and Technology of China,2015. (in Chi-

HEAT AR S B3 L AR AT AL 8 B 7 5 38 ) o A A% nese)
S ARSI O A LAY B I T A B R IR AT R E BB FETILAAE B0 E G s = DT A AL oh A2 Bk R
L WSO 5 A i R e 2 S AR e A K ok I A 18 A A %:,2015.

AR B AL . SO BT 4R B A R AIE W 15 MR L R AR ) 1
JER A FTRTHRE O T AR T T 1B = RO H% r s AT
ARWEOR 2 X 105 TG IR A3 14 JAT {5 468 52 28050 O £ 1 o
Voo ARSRIE R HE— 0 28 . 45 A B A0 D5 ik M0 B T 22 Y A

[2] MARCELO B.GUILLERMO S.VICENT C,et al. Image in-
painting[ C] / The 27th Internationl Conference on Computer
Graphics and Interactive Techniques. New Orleans, USA,2000:

417-424.



276 it BB 2018 4
[3] CHAN T F,SHEN ]. Mathematical Models for Local Nontex- sentation[ ] ]. IEEE Transactions on Signal Processing, 2006, 54

[4]

[5]

[6]

(7]

turelnpaintings [ ] ]. Siam Journal on Applied Mathematics,
2002,62(3):1019-1043.

VESE L. A,OSHER S J. Modeling Textures with Total Varia-
tion Minimization and Oscillating Patterns in Image Processing
[JJ. Journal of Scientific Computing.2003,19(1):553-572.
GROSSAUER H. A Combined PDE and Texture Synthesis Ap-
proach to Inpainting[ C] // Computer Vision-ECCV 2004, Euro-
pean Conference on Computer Vision, Prague, Czech Republic,
2004. DBLP,2004:214-224.

JI H L,.YANG Q W.Image inpainting algorithm based on
group-structured sparse representation[ J]. Computer Enginee-
ring and Applications»2016,52(18) : 14-17. (in Chinese)

TR B SC R T R R R i EEREEL) . i HL T
5 R ,2016,52(18) : 14-17.

AHARON M,ELAD M,BRUCKSTEIN A.K-SVD:An algo-

rithm for designing overcomplete dictionaries for sparse repre-

(8]

[9]

[10]

[11]

[12]

(11):4311-4322.

DONG W,SHI G, LI X. Nonlocal image restoration with bilateral
variance estimation:a low-rank approach[]]. IEEE Transactions
on Image Processing,2013,22(2):700-711.

DONG W,ZHANG L,SHI G M,et al. Nonlocally centralized
sparse representation for image restoration [ J]. IEEE Transac-
tions on Image Processing,2013,22(4):1620-1630.

ZHANG J.ZHAO D,GAO W. Group-based sparse representa-
tion for image restoration [ J ]. IEEE Transactions on Image Pro-
cessing,2014,23(8) :3336-3351.

XU Z,SUN ].Image inpainting by patch propagation using
patch sparsity [ ] ]. IEEE Transactions on Image Processing,
2010,19(5):1153-1165.

ZHANG L,ZHANG D.MOU X Q,et al. FSIM: A Feature Simi-
larity Index for Image Quality Assessment[]]. IEEE Transac-
tions on Image Processing,2011,20(8) :2378-2386.

(8% 257 7)

[1]

(2]

[3]

[4]

(6]

(7]

(8]

(9]

[10]

£ % X W

REN S,HE K,GIRSHICK R,et al. Faster R-CNN:towards real
time object detection with region proposal networks[ C]// Inter-
national Conference on Neural Information Processing Systems.
MIT Press,2015:91-99.

HE K,ZHANG X,REN S, et al. Deep Residual Learning for Ima-
ge Recognition[ C]// Computer Vision and Pattern Recognition.
1IEEE.2016.770-778.

HOFMANN M,WOLF D,RIGOLL G. Hypergraphs for Joint
Multi-view Reconstruction and Multi-object Tracking [ C] //
Computer Vision and Pattern Recognition. IEEE,2013:3650-3657.
DICLE C,CAMPS O I,SZNAIER M. The Way They Move:
Tracking Multiple Targets with Similar Appearance[ C]//IEEE
International Conference on Computer Vision. IEEE, 2014 .
2304-2311.

KIM C,LI F,CIPTADI A, et al. Multiple Hypothesis Tracking
Revisited[C]//IEEE International Conference on Computer Vi-
sion. IEEE,2015:4696-4704.

REZATOFIGHI S H.MILAN A.ZHANG Z,et al. Joint Proba-
bilistic Data Association Revisited [ C] // IEEE International
Conference on Computer Vision. IEEE,2015:3047-3055.

BAE S H,YOON K J.Robust Online Multi-object Tracking
Based on Tracklet Confidence and Online Discriminative Ap-
pearance Learning[ C] // IEEE Conference on Computer Vision
and Pattern Recognition. IEEE Computer Society, 2014 : 1218~
1225.

XIANG Y. ALAHI A,SAVARESE S. Learning to Track: On-
line Multi-object Tracking by Decision Making[ C] / TEEE In-
ternational Conference on Computer Vision. IEEE, 2015:4705-
4713.

BEWLEY A,GE Z,OTT L,et al. Simple online and realtime
tracking[ C] / IEEE International Conference on Image Proces-
sing. IEEE,2016:3464-3468.

CHEN J G,QIN X S,MA L L. Fast GM-PHD Filter for Multi-
target Tracking[ J]. Computer Science,2016,43(3):317-321. (in
Chinese)

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

MR 22 e, S . B 22 H bR B ER GM-PHD 8 5 7 3%
(1. 5PN, 2016,43(3) . 317-321.

JU H Y,YANG M H,LIM J,et al.Bayesian Multi-object
Tracking Using Motion Context from Multiple Objects[C] //
Applications of Computer Vision. IEEE,2015:33-40.

YANG M,JIA Y. Temporal Dynamic Appearance Modeling for
Online Multi-Person Tracking[]]. Computer Vision &. Image
Understanding,2015,31(9) :626-633.

BENFOLD B,REID 1. Stable multi-target tracking in real-time
surveillance video[ C]J // Computer Vision and Pattern Recogni-
tion. IEEE,2011.:3457-3464.

KUHN H W. The Hungarian method for the assignment prob-
lem[J]. Naval Research Logistics,2005,52(1):7-21.
BREITENSTEIN M D,REICHLIN F,LEIBE B,et al. Online
Multiperson Tracking-by-Detection from a Single, Uncalibrated
Cameral J]. IEEE Transactions on Pattern Analysis & Machine
Intelligence,2011,33(9) :1820-1833.

YUAN D L, ]JI Q G. Multiple Object Tracking Algorithm via
Collaborative Motion Status Estimation[ ]J]. Computer Science,
2017,44(Z11) :154-159. (in Chinese)

R, @ B PR gk A AR 2 B AR B ] R
PR, 2017,44(Z11) :154-159.

BIRCHFIELD S T,RANGARAJAN S. Spatiograms versus His-
tograms for Region-Based Tracking[ C]//IEEE Computer Socie-
ty Conference on Computer Vision and Pattern Recognition.
IEEE,2005:1158-1163.

CONAIRE C O,0”CONNOR N E,SMEATON A F. An Im-
proved Spatiogram Similarity Measure for Robust Object Loca-
lisation[ J]. IEEE International Conference on Acoustics,2007,1
(4):1069-1072.

YANG B,NEVATIA R. Online Learned Discriminative Part-
Based Appearance Models for Multi-human Tracking[ C]// Eu-
ropean Conference on Computer Vision. Springer-Verlag,2012:
484-498.

LEMENAGER E,BOUET T,BRAIBANT V. Kalman filterm-
ing:a new approach for building global approximations. Applica-
tion to the inverse optimization of an explosively formed pene-
tractor( EEP)[J]. Structural Optimization, 1997,14(2/3);:158-
164.





