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Abstract: Sparse representation has been highly successful in various tasks related to image processing and computer vision. For ancient
mural image inpainting, traditional group sparse representation models usually lead to structure blur and line discontinuity due to the
construction of similarity group solely based on the Euclidean distance and the randomness of dictionary initialization. To address the
aforementioned issues, an improved curvature Gabor transform and group sparse representation (CGabor-GSR) model for ancient
Dunhuang mural inpainting is proposed. To begin with, mutual information is introduced to weight the Euclidean distance, and then the
weighted Euclidean distance acts as a new standard of similarity group. Subsequently, to mitigate the randomness of dictionary
initialization, a curvature Gabor wavelet transform is proposed to extract the features and initialize the feature dictionary with dimension
reduction based on principal component analysis (PCA). Ultimately, singular value decomposition (SVD) and split Bregman iteration
(SBI) can be used to resolve the CGabor-GSR model to reconstruct the mural images. Experimental results on Dunhuang mural inpainting
demonstrate tha the proposed CGabor-GSR achieves a better performance than compared algorithms in both objective and visual
evaluation.
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0 Introduction

The murals in the Dunhuang Mogao Grottoes are
typical representatives of artistic and cultural heritage,
which show the color painting techniques of ancient
Chinese artists spanning the 4th to the 14th centuries,
and have high artistic research value and archaeological
value. Centuries of exposure to harsh environmental
conditions have induced progressive deterioration in
murals, and corrosion and aging problems urgently need
to be addressed, including mold, cracks, smoke, and
large-scale peeling. In the process of repairing damaged
murals, manual restoration relying solely on painting
experience may easily give rise to restorative damage
such as color differences and comprehension errors.
Therefore, the usage of digital image processing
technology for automatic restoration of ancient murals
via data-driven methods has become a research hotspot
in the field of image processing.

Traditional inpainting methods can usually be divided

[1-6]

into geometry based repair methods and sparse

"9 Among them,

representation based repair methods'
geometry based repair methods include pixel diffusion based
energy equation method"?, and sample matching method
based on similar block texture synthesis”*. The former
performs diffusion repair by transitioning edge prior pixels
towards the missing center, but it is applicable to only small
damaged areas such as cracks. For the situations with
complex structures and large defects, incomplete repair and
over smoothing may occur. The main repair algorithms
include Bertalmio Sapiro Caselles Bellester (BSCB)
model, total variation (TV), and curvature driven
diffusion (CDD) """, The latter guides the repair order by
defining block priority, copies the information of source
area sample blocks to the corresponding target area, and
determines the priority of the isolines. It prioritizes the
propagation of known parts at the boundary between
textures into the area to be repaired, completing the repair.
This method can repair large damaged images, but has

problems of incorrect sample block matching and structural
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distortion caused by improper repair sequence'*'”,

represented by the Criminisi algorithm™®.

The sparse representation based repair algorithm
calculates the sparse encoding of damaged blocks on an
overcomplete dictionary, thereby transforming dense
samples into sparse expressions and reconstructing
damaged areas using sparse encoding and overcomplete
dictionaries. The training dictionary for sparse models can
be divided into fixed base dictionaries with low

17,18] and

computational cost but poor adaptive ability'
learning dictionaries with high flexibility and fast

Qin™”

representation method using a model-based pulse wavelet

convergence speed"”, proposed a sparse

dictionary, and sparsely represented it using pulse wavelet

basis. Zhang et al.”"

proposed a group sparse representation
(GSR) algorithm considering the similarity between image
blocks. However, this method only groups similar image
blocks based on the Euclidean distance, resulting in
discontinuous lines and poor texture clarity when repairing
complex mural images. Zha et al.”” proposed a method of
joint patch-group based sparse representation (JPG-SR)
for image repair, but it applies K-singular value
decomposition (K-SVD) dictionary and grouped sparse
principal component analysis (PCA) dictionary to image
patches for combination of block groups, and utilizes
alternating direction method of multipliers (ADMM) for

iterative solution, resulting in high computational

complexity. Kong et al.

proposed a group sparse
representation model based on multiple color channels,
which simultaneously processes three primary color
channels and combines the repair results of each channel in
the repaired image. Since it does not simultaneously
consider the texture structure features of the image, texture

blurs occur. Wang et al.”"

completed the filling of damaged
areas by linearly weighting global and local features.
However, this method obtains global and local features by
constructing a sparse repair model and estimating domain
similar features respectively, algorithmic complexity
becomes high.

In summary, in response to the problems of structural
ambiguity and discontinuous lines caused by traditional
group sparse representation models using the Euclidean
distance to construct similar groups, we propose a model
for mural inpainting based on curvature Gabor transform
and group sparse representation (CGabor-GSR) .

The main contributions of this study are as follows:

1) To overcome the drawback of constructing
similarity groups solely based on the Euclidean distance,
we weight the Euclidean distance by introducing mutual
information, and then use the weighted Euclidean

distance to partition similar groups, thus taking full
advantage of the image features when computing the
similarity between sample blocks and matching blocks.

2) Due to the random initialization of dictionary, it is
easy to fall into local optimum, which leads to blurred
structure and incoherent lines. To solve this problem,
we propose a curvature Gabor (CGabor) wavelet
transform to extract the features of structure groups, and
initiate the feature dictionary of the structure groups with
PCA dimension reduction.

3) The CGabor-GSR can be solved by using SVD
(SBID)
algorithm to reconstruct the damaged mural images.

and split Bregman iteration optimization

1 Sparse representation model

Sparse representation, also known as sparse coding,
1s to express a given signal using as few atoms as possible
in a linear combination from an overcomplete dictionary,
thereby simplifying the expression of the signal®’. Since
the dictionary D is overcomplete and full-rank, the
essence of sparse representation is to find the best sparse
coefficient a that satisfies sparsity and guarantees the
reconstruction of signal S within the given dictionary D.

The mathematical definition of optimization problem is

arg min | &

a

0’
s.t. S=Da, (1)
where | a HO is the /,-norm, standing for the number of

non-zero elements in the vector to measure the sparsity
of the coefficient.

Donoho”” and Candes et al.””” have proven that under
the condition of signal sparsity, the convex optimization
approximation problem can be solved using /,-norm

instead of /,-norm as

arg min|| &

a

s.t. S=Da. )

1’

Generally, natural images tend to corrupt by noise or
have certain reconstruction error . When the parameter A
is used to balance the sparsity and reconstruction errors,

Eq.(2) can be rewritten as

1
argminEHS*Da HZJrAHa

o
st | S — Dal,<e. (3)

Image inpainting is the inverse problem of using the prior
information of image to reconstruct degraded image.
Assuming that an original mural image X is degraded by a
noninvertible linear operator J and an additive Gaussian
white noise 7, for certain image inpainting problems®, the

observed image Y can be mathematically modeled by
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Y=JX+n. 4

From Eq. (3), in the case of a given dictionary, the
image inpainting process can be transformed into a
problem of solving the sparse coefficient @, and the

mathematical definition is
1
a:argminEHY*JDaHZJrAHa||l. (5)

After obtaining the sparsity coefficient, the image can

be reconstructed.
2 Proposed model

2.1 Group construction based on weighted
mutual information

In information theory, mutual information measures
the correlation between sample features and categories
based on the probability of co-occurrence of them. The
greater the mutual information, the higher the degree of
correlation between categories. We introduce the mutual
information to weight the FEuclidean distance as a
standard to measure the similarity of image blocks and
construct the structure group. The mutual information
between image blocks is calculated by

I(A,B,)=H(A)+ H(B;)—H(A,B,), (6)
where H( A) is the information entropy of sample block
A; H(B;) is the information entropy of the jth matching
block Bj; and H( A, B;) is the joint entropy between the
sample block A and the matching block B;. The
information entropy and joint entropy of the image block

are respectively calculated by

255

H(A)=—> P, (i)log.[ P.(i)]/3, (7)

255

H(B))=—> P, (i)log| Py (i)]/3, (8)

255

H(A.B,)=—> P (i)log Pu()]/3. (9

where P, (7)and Py (i) are the ratios of pixels at the ith
level of the three RGB color channels in image blocks A
and B;, respectively; P, (7) is the joint proportion of
pixels at the 7th level of image blocks A and Bj; and ¢
represents the pixel level, with values from 0 to 255.
Thus, the weight is calculated by
I(A,B))

N4
ji=1

w;

(10)

where ¢ 1s the number of matching blocks, and w; is the

weight of the jth matching block, satisfying E w; = 1.
j=1

The weighted Euclidean distance between sample
block A and the jth matching block B is calculated by

d(A.B)= Jw,(A—B,) . (11)

According to the weighted Euclidean distance, the
similarity between sample blocks and matching blocks is
calculated, which not only utilizes the features of the
image well, but also avoids insufficiently considering
signal source attributes when segmenting image blocks
only by the Euclidean distance.

The construction of a group can be divided into three
stages: extracting, matching and stacking, as shown in
Fig.1.

1) Dividing the mural image X into patches, each with
a size of /B, X /B, , and extracting the sample patch
X, eR".

2) For each patch X, in the L X L searching windows,
the weighted Euclidean distance is calculated as the
similarity criterion between different patches and its ¢ best
matched patches are searched to comprise the set Sy,.

3) All the patches in Sy, are stacked into a matrix with a
size of B, X ¢, which contains every patch in Sy,, that is,
XGkG{ X@@L,X(;A@z:
the patches with similar structure is referred to as a structure

group.

, X0}, where X, containing all

Fig. 1 Construction of structure group

We define
Xo,=R;(X), (12)
where R, (+) is actually an operator that extracts the

group X, from X, and its transpose is denoted by R¢, (),

which puts back a group into the kth position in the
reconstructed image, padded with zeros elsewhere.
By averaging all the groups, the inpainting of the

whole image X from X, becomes
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X=> R (Xs). /D IRE(1,.0), (13)

k=1 k=1
where ./ stands for the element-wise division of two
vectors, and 1z ., 1s a matrix with a size of B, X ¢ and all

the elements being 1.

(14)

a;, = argﬂmin %H X, — Dy aq, Hi -+ /IH ag,

As shown in Eq. (14) , the core of sparse representation
model lies in the initialization of dictionary D, which plays
a crucial role in the image inpainting process and determines
the solution quality of the image inverse problem™". If the
dictionary is initialized by randomly selected samples, the
learning of the dictionary may easily fall into local optimum,
resulting in poor image inpainting effects. Therefore, to
overcome the blindness of initial dictionary construction and
extract the feature information of murals well, we propose
to use curvature Gabor wavelet transform to extract the
and perform PCA

dimensionality reduction on high-dimensional features to

features of similar structure groups X

)
i

obtain the feature dictionary within the group Dy;,.

2.2 Curvature Gabor-PCA dictionary

The traditional Gabor filters™*" perform multi-scale and
multi-directional feature extraction on the image, without
considering the curvature information of images. To solve
this problem, we propose a CGabor filter to extract more
abundant information, which has good curvature effect and
stronger robustness.

The Gabor wavelet transform of the image is to
convolve the image with the Gabor kernel function.
Based on the constructed structure group Xg,, the kernel

function of the Gabor filter is defined as

2 2
Glx,y)= 27362 exp(—xz?})exp[Zni(ux' + uy')]
(15)
where 2" and y' are defined as
I’Zxcos<9+ysin¢9,
(16)

y' =y cos @ — xsind.
Then, Eq. (15) is transformed into
Glx,y)=

1 at -ty , .
" exp(zg2 exp[Zm( ux cos 0+ uysin 0 )},

(17)
where (x,y) is the pixel coordinates of the structure

group Xg,; 0 1s the direction angle of the sine wave;u 1s

approximately defined as u=—; and o is the standard
o

deviation of the Gaussian function, reflecting the scale
characteristics of the filter.

Then, each image block in the structure group image
is convolved with Gabor kernel function to extract Gabor
features, and the mathematical definition is

O,.(x,y)=X;(x,y)*G(x,y), (18)
where * is the convolution operation, X, (x,y) is the
pixel coordinates of the structure group, G(a,y) is the
Gabor kernel function, and O,,(x,y) is the Gabor
feature maps at different scales and directions.

The Gabor filter is used to extract the features from the
image blocks of the mural image as an example. Fig. 2
shows the features extracted by the Gabor filter through five
scales and eight directions. It can be seen that the structure

of feature mapping and texture details are blurred.
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Fig. 2 Image blocks after feature extraction by Gabor filter

The images of Dunhuang murals are composed of a large
number of curves. From a biological point of view, the
cerebral cortex has a strong stimulus response to the curled
image components. Based on this, we introduce curvature
into the Gabor filter. Therefore, while maintaining the
multi-scale and multi-direction of the Gabor filter, the
curvature of the image is utilized to further improve the
feature extraction performance.

Based on the traditional filter, the coordinates are

improved as

x'=xcosf+ ysind+t(ycosd — xsind ),

y' =ycosf—xsind, (19
where ¢ is a parameter that represents the curvature of the
local area of the image. The multiple sets of experiments
show that the filtering effect is better when #1s 0.1.

To further explain the effect of CGabor filter, a
comparison between the traditional Gabor filter and the
CGabor filter 1s made, and the results are shown in
Fig.3. It can be observed that the traditional Gabor filter
does not take into account the degree of curvature of the
image lines, while the CGabor filter has good curvature
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response characteristics to the local bending areas,
which means its filtering performance is better.

(b) CGabor filter
Fig.3 Comparison of traditional Gabor filter and urvature
CGabor filter

(a) Traditional Gabor filter

To verify the effectiveness of the proposed CGabor
filter, experiments were conducted on the same image
blocks shown in Fig.2, and experimental results are shown
in Fig.4. Compared to the results by the traditional filter,
the filtered images by the CGabor filter have richer
structural and textural information, and the curvature

responses are better in curved regions of the image.

N~

Fig.4 Image blocks after feature extraction by CGabor filter

To achieve lossless representation of images, Gabor
transform requires eight discrete equidistant directions
and five equidistant scales at each discrete position™,
thereby producing a 40-dimensional feature dictionary.
Since some feature maps of the dictionary have
redundancy or less feature information, it is necessary to
reduce the dimensionality of the feature maps. Therein,
we adopt PCA dimensionality reduction method to
obtain the initial feature dictionary D, of each structure
group X;,.

When performing PCA dimensionality reduction,
first, the feature map of each structure group X, 18
expressed in the form of a vector, that is, H=
[hihy - hy - hy] . which is subsequently arranged
in rows to form a P-dimensional column vector, finally
obtaining a P X M dimensional matrix. Thus, the
average vector of the feature map in each structure group
is calculated by

1 M
V’G“_Mzh“ (20)

i=1

where h, stands for the Gabor feature map, and M is the
total number of feature maps in each structure group.
Next, by performing the deviation of the average column
vectors from the column vectors of the feature map, the
feature map is decentralized. The calculation of covariance

between subsequent features is simplified as
A(}k:[hl - V/(;Ayhz Yo, Jhy— '/’G(:|:
[517527'“7§P7”"§M:|- (21)

To de-centralize the eigenvalue column vectors, the
covariance matrix is further calculated by

Com St =
G, M & PSP

— A, AL 22
a7 Ao (22)

Finally, after calculating the feature vectors of
Ag AL, it is arranged according to the size of the
corresponding feature value, thus reducing the
dimensionality and obtaining the feature subspace. When
projecting the feature maps onto the feature subspace,
we obtain the feature dictionary within the structure

group D, via PCA dimensiona reduction.

2.3 Dictionary learning and sparse coding

In this section, we will show how to adopt SVD and
SBI ¥#I to learn the adaptive dictionary D, and solve
the sparse coefficient a;, for each group X;,.

First, the bilinear interpolation algorithm is used to
obtain the estimated value r, of the structure group X,

and then we apply SVD to it, thatis,

m

re,— UGAVEGA,V: - 2 re.oi ( Ug.e i‘v;[;,(g)i ), (23)

i=1
where U, and V, are the left and right singular orthogonal
matrices of the structure group X, respectively; X is a
diagonal matrix with the elements of r g, on its main
diagonal; and ¢, and v, s, are the columns of U, and
V., respectively. Each atom i D, for group X, is

expressed as
d(;wzum@iv};l@i, 1= 1,2,"',&. (24)

Therefore, the adaptive dictionary corresponding to

structure group is defined as

D(;A:[d(;myd(;wzy"' ’d(ﬂw] (25)

The advantage of SVD dictionary learning for each
group is to ensure that all the patches in each group use
the same dictionary and share the same dictionary
atoms, which is more effective and robust.

After obtaining D, of the structure group, we adopt
the framework of SBI to solve the sparse coefficient ag;,.

By introducing variable 8, Eq. (14) is transformed into
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an equivalent constraint form as

= argmme JB—Y H —Q—AH ag,

ag, [

t. f=Dgaq,. (26)
Finally, image reconstruction is completed with the
dictionary D, and the sparse coefficient ag;,.

The overall algorithm is summarized in Algorithm 1.

Algorithm 1: CGabor-GSR algorithm
Input: An original mural image X and the degraded operator J.
Output: The final inpainted image.

: Initialization: A, ¢, B, L,

: For k=1 to iterNum do

Calculate weighted Euclidean distance d(A,B)= [w;(A — B)’

1

2

3

4:  Find similar patches to form structure group X,

5: Initialize dictionary D ; with curvature Gabor-PCA
6

Update dictionary via SVD:

m

_ T_ T
re,— U(;KZG;V(,, - 2 r(;,@i( ”(;L®1’v<;1®;’>

i=1

7:  Solve sparse coefficients by SBI:
1 2
@, = argmin EH JB—=Y HZ + AH ag, H1
@B

s.t. f=Dgaq,
8: Update image:
X=Da=>"_ R (Dgas)./> R;(1y..)

9:  Iterative regularization
10: k=k+1
11: End for

3 Experiments and analysis

In this section, to demonstrate the performance of our
method, the experiments were carried out under
Windows 10 and Matlab R2016a systems, running on a
laptop with an Inter (R) Core i7-9700K CPU@3.6GHz,
16.0GB RAM, NVIDIA GeForce GTX 1660.

To quantify the inpainting results, we use the peak
signal-to-noise ratio (PSNR) and structural similarity
(SSIM)  for

comparison, and the same variable method to ensure the

index  measurement performance
rigor of the experimental results. The size of each patch
is set as 8 X 8, each structure group contains 60 blocks,
and the size of the searching window is 40X40.
Experiments were carried out for the damaged images
induced

with randomly missing pixels, artificially

damaged images, and really damaged mural images.

3.1 Damaged images with randomly missing
pixels

To validate the effectiveness of the CGabor-GSR, we
first conducted a restoration experiment on Dunhuang
murals with randomly missing pixels and compared it
with representative methods including CDD"?, GSR™®",
and JPG-SR™

missing pixels is obtained via the binary mask which has

The damaged image with randomly
only 40% pixels, that is to say, 60% pixels are
randomly discarded. The experimental results are shown
in Fig. 5. Fig. 5(a) is the original Dunhuang mural
image, and Fig.5(b) is the observed image with 60%
pixels missing. The inpainting results of CDD, GSR,
JPG-SR and CGabor-GSR are presented in Fig.5(c) —
(f) , respectively. Visually, we can easily observe that
the inpainting results of CGabor-GSR are much clearer
than that of CDD. The CDD is a thermal diffusion image
inpainting model, using the gradient and curvature
information of the image for diffusion of the pixels to
complete the inpainting. However, due to intensive and
obvious repair traces on the damaged area will be left,
for example, the overall image is blurred and the contour
edge information is seriously lost in Fig.5(c). GSR and
JPG-SR have more robust repair effects on mural images
with randomly missing pixels, but the repair effect of
CGabor-GSR is clearer than that of GSR and JPG-SR,
such as the eyes and mouths of mural images in Fig.5 () .

To further illustrate the effectiveness of the CGabor-
GSR, PSNR and SSIM are used for objectively
quantitative comparison. Table 1 shows the quantitative
comparison results of the PSNR and SSIM values of the
four different algorithms in the mural restoration
experiment in Fig.5. It can be concluded that CGabor-
GSR is superior to three comparison algorithms of
CDD, GSR, and JPG-SR in terms of PSNR and SSIM.
The results demonstrate that CGabor-GSR exhibits
outstanding performance in inpainting mural images with
randomly missing pixels, and the inpainted images have
minimal distortion.

Table 1 Comparison of PSNR and SSIM values of four algorithms when inpainting the images with randomly missing pixels
Image CDD GSR JPG-SR CGabor-GSR

No. PSNR /dB SSIM PSNR /dB SSIM PSNR /dB SSIM PSNR /dB SSIM

1 19.542 3 0.715 3 22.526 4 0.805 1 23.1294 0.809 4 24.3989 0.868 7

2 21.024 6 0.769 8 25.5291 0.837 2 25.8177 0.8311 26.832 6 0.8751

3 22.328 2 0.800 1 28.1758 0.893 4 28.232°5 0.879 2 30.254 9 0.928 4

4 26.510 5 0.923 1 34.5715 0.957 8 27.018 5 0.828 6 37.175 4 09757

5 22.4194 0.792 6 27.1874 0.868 8 27.2317 0.8518 29.1513 0.912 2
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Image 1

Image 2

Image 3

Image 4

Image 5

(a) Original images (b) Observed images
with 60% pixels missing

(f) CGabor-GSR

() JPG-SR

Fig. 5 Comparison of inpainting results of murals with randomly missing pixels

3.2 Artificially induced damaged images

The experiments of repairing the artificially induced
damaged images were carried out by using CDD, GSR,
JPG-SR, Criminisi™, and CGabor-GSR,
respectively, and the damaged images were obtained via
the binary mask with artificial marker. The experimental
results are shown in Fig.6. Fig.6 (a) shows the original
Dunhuang mural images, and Fig. 6(b) shows the
damaged images. The inpainting results of CDD,
GSR, JPG-SR and CGabor-GSR are
presented in Fig. 6(c)—(g), respectively. It can be
observed that the repair results of the CDD are

incomplete, and this diffusion repair method has obvious

Criminisi,

repair residues at the scratches. Since the Criminisi
algorithm based on matching sample blocks for repair
does not take into account the structural information of
the murals, it is determined only by the color Euclidean
distance when selecting the matching block to repair it,
followed by structure propagation errors and pixel errors
matching phenomena, as shown in Fig.6 (d) . Both GSR

and JPG-SR produce incoherent lines and unclear
structures, as shown in Fig. 6(e) and (f), where the
lines within the rectangular frames are discontinuous and
fuzzy. CGabor-GSR has better visual effects on the
continuity and texture clarity of the damaged mural
lines, which is more in line with the subjectively visual
experience.

3.3 Really damaged mural images

To further verify the effectiveness of CGabor-GSR,
four groups of really damaged mural images are used for
repair experiments. The really damaged mural images
are obtained with the binary masks generated according
to the characteristics of the really damaged shapes. The
experimental results are shown in Fig. 7, in which
Fig. 7(a) is the real mural image and Fig.7(b) is the
mask image. Fig.7 (c) shows the repair results of CDD
algorithm. From the rectangular boxes of the repair
results of the first and fourth murals, it can be seen that
the repair of the algorithm is not complete and the
structure is fuzzy.
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(¢) CDD

(a) Original image (b) Damaged image

(d) Criminisi

Fig. 6 Comparison of inpainting results of artificially damaged mural images

Fig.7(d) shows the problem of pixel matching errors in
the repair results of Criminisi algorithm, such as structure
propagation error in the rectangular box of the repair result
of the first mural, and block matching error in the fourth
mural. Fig. 7 (e) shows the results of GSR restoration.
From the rectangular box of the fourth mural, it can be
found that there are obvious traces of restoration. Fig.7 (f)
shows the results of JPG-SR restoration. From the
rectangle boxes of the first mural and the third mural, it can
be found that the restoration has not been complete.

Fig.7 (g) is the results of CGabor-GSR. It can be seen that
the restoration results have been improved in the continuity
and clarity of lines.

In order to further quantitatively evaluate the repair
results in Fig. 7, PSNR, SSIM and time are used for
quantitative comparison and analysis.

Table 2 shows the PSNR and SSIM of the repair
results in Fig. 5 by different algorithms. Table 3 is the
repair time of different algorithms to the repair results in
Fig.6.

Table 2 Comparison of PSNR and SSIM values of four algorithms when inpainting the images with randomly missing pixels

Image CDD Criminisi GSR JPG-SR CGaborGSR
No. pPSNR /dB  SSIM PSNR /dB SSIM  PSNR/dB  SSIM  PSNR/dB  SSIM  PSNR/dB SSIM
1 30.9058  0.9671  32.8366 0.972 6 37.8021  0.9826  37.8995  0.9792  38.9465 0.986 1
2 27.2794  0.9732 322283 0.977 8 347643 09851 345907  0.9817  39.6887 0.992 1
3 259833  0.9491  25.3485 0.944 1 29.522  0.9623  29.6043  0.9584  37.8678 0.989 9
4 30.2221  0.9708  29.3384 0.970 5 31.8988 09783  32.3514  0.9756  39.0829 0.990 1
5 26.7357 09315  28.7361 0.956 1 28.9408  0.9611  29.3776  0.9587  37.5481 0.9817

It can be found that the CGabor-GSR is superior to
other comparison algorithms in terms of PSNR and
SSIM. It can also be seen from Table 3 that although the
CDD and Criminisi algorithm spend shorter repair time,
the repair effect of CDD algorithm is poor and the

damaged image cannot be completely repaired, and the
Criminisi algorithm has pixel matching errors. The GSR
and JPG-SR spend much longer repair time than
CGabor-GSR. Comparatively, CGabor-GSR has high
efficiency in case of good repair effect.
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Image 1

Image 2 Image 3

(a) Original image

(d) Criminisi

(g) CGabor-GSR

Fig. 7 Comparison of inpainting results of really damaged mural images
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Table 3 Comparison of time values of four algorithms when
inpainting damaged images

Image Time/s
No. CDD  Criminisi GSR JPG-SR CGabor-GSR
1 44921 1455708 844.8618 428.7542 192.998 2
2 27422 98.2951 756.4213 647.4572 139.003 5
3 3.2259 180.766 5 757.5054 2801.256 0 302.972 2
4 29755 121.5488 765.0347 1078.170 1 198.687 5
5 4.4781 2314567 752.2034 1959.6420 351.026 1

4 Conclusions

This paper presents the CGabor-GSR method to inpaint
the Dunhuang murals. It has two significant merits: firstly,
it uses mutual information to weight the Euclidean distance,,
overcoming the shortcomings of only relying on the color
Euclidean distance for group division; secondly, it proposes
the curvature Gabor wavelet transform to form multi-scale
and multi-directional curvature feature information on the
similar structure group, and then combines with PCA
dimensionality reduction to get the initial structure group
feature dictionary, avoiding the drawback of random
selection of dictionary initialization. Experimental results
have shown that CGabor-GSR model achieves significant
performance improvements on the ancient mural image
inpainting over compared algorithms in both objective
values and visual evaluation. Although CGabor-GSR can
produce good restoration results, it pays relatively less
attention to the semantic factors of mural images. In the
future, religious and cultural factors of ancient murals can
be included, and deep learning methods can be applied for

further research in mural restoration.
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