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Mural inpainting based on RPCA decomposition of block nuclear norm
and entropy weighted clustering sparse representation
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Abstract; In the process of image restoration, in order to solve the problems of incomplete separation of color and
texture optical properties and single dictionary design in image inpainting of sparse representation, which leads to
the structural incoherence and blurring effect of mural image inpainting results, a mural inpainting method based on
robust principal component analysis (RPCA) decomposition of block nuclear norm and entropy weighted clustering
sparse representation was proposed. First, the proposed RPCA image decomposition algorithm based on block
nuclear norm was used to decompose the mural image into a structure layer and a texture layer, and the block
nuclear norm was used to perform texture correction operations, which could overcome the problem of incomplete
separation of structure and texture by RPCA. Then, the entropy weighted £-means method was proposed to cluster
the structure layer image and construct sparse sub-cluster dictionaries, and the reconstruction of the structure layer
image was completed by sparse value decomposition and split Bregman iterative optimization method. Finally, the
image of texture layer was repaired by using the bicubic interpolation algorithm, and the repaired structure layer and
texture layer were fused to complete the repair of the damaged murals. Experimental results of digital restoration on
the real Dunhuang murals show that the proposed method could effectively protect the edges, textures, and other
important features in the mural image. In terms of visual quality and quantitative evaluation such as peak signal-to-
noise ratio ( PSNR), the proposed method had better performance than the comparison algorithms, and the
restoration efficiency was higher.
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Fig.2  Schematic of local similarity and global dissimilarity of
texture
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Fig.3  Schematic of block nuclear norm
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Fig.4 Comparison of RPCA decomposition results with block nuclear norm
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Fig.5 Clustering results of entropy weighted k-means algorithm
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Fig.7 Comparison of mural inpainting results of artificial damages by different algorithms

% FH PSNR 1 SSIM #f47 b, W3 1, PSNR I
SSIM Je: iy it [ 45 5 Bt () B B8 B PPANR 1 B, Hevp
PSNR {EBE A, fQR ¢ HB A B8 2280 R il 4
SSIM e — il 8 5 P 1 L A5 A DL ) 45 A , 2% (L

KRB S IR BB BN ™ 1 o
AL, A SR A PSNR i SSIM_E X415 T HoAty
XA, RWIA SO A 5 B 4, TS E 1
ARSI EERS TN RS AR RE 488 5 A ke



- 78 LS S D A N = 4 55 53 &
#x1 AEEEESL R PSNR 1 SSIM 3t Lk
Tab.1 Comparison of PSNR and SSIM results of different algorithms
i CDD Criminisi SCHk([ 7] CHk[9] AL

PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM

1 28.493 0.956 28.414 0.935 28.684 0.936 35.855 0.977 39.728 0.983

2 25.569 0.972 33.286 0.976 34.378 0.977 39.263 0.987 41.024 0.991

3 28.433 0.953 25.174 0.929 25.535 0.930 32.797 0.965 33.599 0.971

T T R [ 3 6] 2 B AT L3R 40T L A
T BEm [E 4 /N R x W ol fil, CDD 459k 1@
SR AL B A R B A L
SERRAEREA n Y, W) S 44 O(R x W xn) |
PRI LE 6 1) 52 23 3 37 B — s 3 8 W, itk — 8
LR, I 420 O(n) . Criminisi B3 — ol
TR 5 PGB AR BBy 9 x 9 | SR J5 17 521 X 8k
VRIS 21652 e /IR TR 9 - A UG I B 578 3o 5
F . 5 015 ) B DG P b, T 52 A 5 165 5 it
BEAR Pk, L ] 2245 O (R x W x r x n® x
9%) =O(rxn®) . SCHKL7 ] FIREA ML FILE B
Wit R AR B A, I R TSRO A5k 4%
B VLTIE He , LR 1 AR YR SE L, TS
BR[7TTAFMaI S 24 BN O (R x W xr xn® x9” xj) =
O(rxjxn®) . SCHRLO )R PR B 52 77 s, 44 I
15155 K B, x B, K/ %8, i 17 n® UK PR (e
SRIGHE L x L (AR AR B G520, IFHEAT n 1K
SR M0 AR T, W00 Sk [ 9 ] e 1) A 2
o<n2x§sxgxixﬁxn> =0(n), ARSCK L
WG58 B, x B, K/ RS, R RTRAL k-
means S} I 0> YR, RIS b KSEIE S
U S 48 9 e ] AL 24 O (n xg XZ;K k) =
O(k xn®) 25 F AR 2 I B L3 2
%2 AEEZEERBEREILL

Tab.2  Comparison of inpainting time complexity of different
algorithms
CDD Criminisi SCHRL7 ] k9] AL
O(n) O(rxn®) O(rxjxn®) o(n) 0(kxn?)

W 2 W AR B : CDD Bk i) ] &2 44 4 o
%, {0 CDD BB R AR, GIEMIR e B & 5
SCHRTO T 24 i s 18] 52 2% i€ i i , M1 52 I [6] FE I i
s Criminisi 53 F1SCHR [ 7 ] A (] 2 2% 8 2R F 3C
BRLO ], L i FA SOk a0 PR O SCRRL 7 A 2
WAL AR (A K Criminisi 339k AP UC R HUE R (5
P IR TATCIRN 32 b (R AR SO I ] 52 2% B2 AR
T CDD B0k /N T HiAfth 3 Ff BRI B AR
SCTEIR B B 18 52 BCR B[R] I, B30 AT 3R
3.2 EXWinEEEE

N T BB B UEAR SCRA B A R R 4 4l
FLSR AR BE I KR AT B A S0, UL 8, Hivh,
Pl 8 (a) oy LS BE i P 5, N AEAE A7 20 ) O 545 263
B NTHE - BOREERT U 61 i - ARBEYEEE TS
S8 - BN UE 285 - ALBEDUSEAE - BLIRE
BRI 5E 220 T - WK BB AREE M, (5] 8 (b)
PR . B8 (c) iy CDD B 450, N5 — IR A6
=R AT LA 2 BT 4 R R Y ) R
P 8(d) g Criminisi B3 Z54L , 55 M A1 = 07 BE )
AR TEAE N B ERE ORI B T S5 H e 7
DR DR, o DU BE B T BRDCACES DR . 151 8 (e)
N SCHRLT T 52 45 58 TRIA: 7 2 = W A6 285 1L g B o
HAFAEHIE BE SR 5 P 8 () D9 SCRRL 9 | A A 52
BEIR, NEF— I BE 0] PR {51 545 DU S o FEC A PN
S T DX AT AEAG S IR, 5% MR AR 245 = i B o 1
BT RIS . B 8 (g) AASCER, W LIA
M TELR AR RSN T 7 AR SCAE S RO A
Pk




5 8 ) B Kk, S BUZIER0 RPCA J)0 S R A IS g ) BE i 2 52 =79 -

B8 ARHEEMELHBREENIEEHRIIL
Fig.8 Comparison of mural inpainting results of real damages by different algorithms
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