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Abstract

Exemplar-based image inpainting, as proposed by Criminisi et al. (IEEE Trans Image Process 13(9):1200–1212, 2004),
fills missing regions by using a similar exemplar. However, when the missing region is a unique texture patch, an
incorrect texture is filled in the missing region because a similar exemplar of damaged patch could not be found. A
new image inpainting method based on an eight-direction or arbitrary direction symmetrical exemplar is proposed,
suitable for damaged images containing local symmetry. The following three steps are the keys of this method. (1)
According to certain similarity criteria, the symmetrical exemplars of damaged regions in eight directions or
arbitrary directions are found. (2) The most similar symmetrical exemplar is selected from eight-direction or
arbitrary-direction symmetrical exemplars. (3) Finally, the damaged region is filled using the most similar
symmetrical exemplar. It is shown that the results of image inpainting are good when missing image regions have
similar symmetry. Image inpainting is a single, efficient method. In addition, a new evaluation method of image
restoration results based on similar exemplars is proposed for the inpainting effect, which is closely related to the
repair algorithm. Therefore, the methods can more objectively measure the inpainting effect.
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1 Introduction
Image inpainting is an important research field in image
restoration that can be used to retouch damaged images
and videos, remove text, and conceal errors in videos.
Image inpainting has a very high application value and
has received increasing attention.
Bertalmio et al. [1] presented a PDE-based image

inpainting method through which holes in an image
were filled by propagating image Laplacians in the
isophote direction continuously from the exterior. This
method achieves a good inpainting effect for small dam-
aged regions, yet the image is blurred for larger areas,
with the larger the damaged patch, the more obvious the
blurring becomes. Levin et al. [2] approached a repair
method based on probability, which has a good repair
effect on the corners of the target. Criminisi et al. [3]
employed an exemplar-based texture synthesis technique

modulated by a unified scheme to determine the fill
order of the target region. This technique is able to fill a
complex texture, especially for linear structures, while
being applicable in exemplar-based texture synthesis to
generate an unnatural texture. The latest research in
image inpainting includes the proposition of a distrib-
uted algorithm to train the RBM (Restricted Boltzmann
Machine) model based on the MapReduce framework
and Hadoop distributed file systems, the evaluations of
the proposed learning algorithm are carried out on
image inpainting [4]; a transform domain inpainting
method [5]; a video inpainting algorithm targeted at
achieving a better tradeoff between visual quality and
computational complexity [6]; a depth map inpainting
algorithm based on a sparse distortion model [7]; and a
robust image-based modeling system to create high-
quality 3D models of complex objects from a sequence
of unconstrained photographs to improve patch search
[8]. To overcome the two main limitations of the Crimi-
nisi algorithm, namely inaccurate completion order and
the inefficiency in searching matching patches, we
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propose an improved inpainting method for the
exemplar-based image inpainting and only use adjacent
information of missing regions in Thangka image
inpainting. This method reduces the search range suffi-
ciently and finds the best matching patch extremely fast
compared with previous research [9]. Exemplar-based
filling is capable of propagating both texture and struc-
ture information, with the quality of the output image
synthesis being highly influenced by the order in which
the filling process. Object removal is also an important
application of the exemplar-based inpainting method.
Many scholars have studied these aspects and the results
demonstrate the effectiveness of the approach [10–14].
However, the abovementioned techniques are not effi-

cient with the high symmetry of Thangka images. Few
studies have assessed inpainting for symmetrical images,
yet with good symmetry features in the extraction
methods [15–18]. Kawai et al. [19] developed an energy
minimization function to solve the inpainting problem
to integrate similarity and symmetry of images. The
results have a certain reference for symmetry Thangka
repair. A novel image inpainting method based on an
eight-direction symmetrical exemplar [20] was proposed
by an inspiration from both Pereira et al. [21] and
Musialski et al. [22]. Pereira et al. [21] suggested an
inpainting method that finds the boundaries and axes of
symmetry of objects in an image and fills the damaged
areas with symmetry. Musialski et al. [22] use the sym-
metry of the building in the image, effectively removing
a shield from the image. Nevertheless, the algorithm is
not universal due to the arbitrary direction symmetries
in an actually damaged image, so an image inpainting al-
gorithms based on arbitrary direction symmetrical exem-
plars are proposed in this paper, the method fills missing
regions by using similar symmetrical exemplar. More-
over, we also improved the eight-direction symmetrical
exemplar-based inpainting method. The experimental
results show that, as long as there is symmetry between
the damaged patch and the sample patch, the method is
simple as well as more efficient than the methods previ-
ously described [9, 21, 22] to image inpainting of com-
plex patterns.
In addition, the assessment of image restoration

results are mostly through subjective evaluation, which
can directly reflect the visual features of image restor-
ation, is inconvenient, time-consuming and expensive,
and lacks quantitative analysis. To overcome the short-
comings of Criminisi’s algorithm, an image inpainting
algorithm based on TV model and an evolutionary algo-
rithm is proposed [23]. We also propose a new evalu-
ation method of image inpainting results based on
similar exemplars. The similar distance samples between
the damaged patch and the best exemplar in every
inpainting cycle are obtained. The new method uses the

mean, variance, and histogram of similarity distance
samples measuring the image restoration effect. Since
the evaluation method is closely related to the repair
algorithm, it is suitable for an inpainting algorithm based
on exemplars. Experimental results show that the
smaller the mean and variance of similarity distances,
the better the repair effect.
In Section 2, a flow chart about damaged region filling

and evaluation by symmetrical exemplar-based image
inpainting (SEII) for Thangka are proposed. In Section
3, we introduce a novel SEII algorithm method and an
effect evaluation, including two important inpainting
algorithms and effect evaluation in eight directions and
arbitrary directions. In Section 4, we present and ana-
lysis of the restoration results for the damaged Thangka
images and other images. Finally, we conclude our work
in Section 5.

2 Methods
A new image inpainting method based on eight direc-
tions or arbitrary directions symmetrical exemplars is
proposed, including inpainting and effect evaluation, for
a typical exemplar-based method insoluble problem. The
flow chart shown in Fig. 1 proposes the inpainting
models which is SEII, include ESEII and ASEII. The
damaged image region preprocessing and segmentation
are complete following related research [24, 25]. Several
reference and research publications are available [26,
27], yet this is not addressed herein. In order to achieve
a clear and consecutive narrative, only some simple
methods are given for image preprocessing and damaged
region segmentation. The key issues in this paper are
image inpainting algorithms of damaged region filling and
symmetrical exemplar-based evaluation.

3 The detailed
3.1 Damaged image pre-processing
First, the image is smoothed by Gaussian smoothing,
which is better for the edges of an image. Gaussian
smoothing of 5 × 5 or 3 × 3 mask images is as follows:
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Then, the image is grayed. A gray image was generated
by calculation of the average value of the R, G, B compo-
nent in every pixel.

3.2 Damaged region segmentation
Damaged regions can be segmented by region growing
method. This method is described below.
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(1)To select an arbitrary point in the missing region
as the seed-point (xr, yr) by human-computer
interaction, record the pixel value pr(xr, yr) in the
gray image;

(2)To create a binary image mask of the same size as
the original image, set the pixel value pr(xr, yr) = 1,
the remaining pixel values are 0 in mask;

(3)To get the set of points with pixel value of 1, gray
the image by Algorithm 1, which corresponds to the
damaged region of original image that is to be
segmented.

3.2.1 Algorithm 1: Segmentation algorithm of damaged region
Step 1. To create a stack;
Step 2. To get seed-point (xr, yr) and its pixel

value pr(xr, yr);

Step 3. Take this seed-point (xr, yr) as center, compute
the difference between the pixel value pr(xr, yr) and the
eight neighborhood pixel value pi(xi, yi). If |pr(xr, yr) ‐
pi(xi, yi)| <M(i = 0, 1, 2, …, 7), where the value of M is
determined also by experiment and usually to be 10, and
when pixel value in the corresponding position in mask
is 0, then push-down point (xi, yi) to stack and set the
pixel value in the corresponding position in mask to 1;
Step 4. Check if stack is empty, take a pixel as point

(xr, yr) from the stack, if the stack is not empty, then go
to Step 3, otherwise, go to Step 5;
Step 5. End.

3.3 The most similar symmetrical exemplar in eight
directions
Figure 2a, b shows an example of an image with only an
object missing as well as its inpainting. Figure 2a is a

Fig. 1 Flow chart for SEII
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Thangka image of Dipamkara, in which the right ear and
surrounding area were damaged. The inpainting result
by the exemplar-based method is shown in Fig. 2b. It is
seen that the inpainting is not satisfied and the left ear is
still intact.
We considered that it is possible to repair the white

damaged region by the left-right symmetry of the head.
It was firstly noticed that a reasonable assumption can
be made from the image, that is, the original image of
the damaged region should be left-right symmetric to
the right part of the head. The left-right symmetry of the
head can be observed in Fig. 2c, in which the highest
priority points and the patch to be repaired in the
boundary of the damaged region is marked by a black
box (damaged patch), and the right symmetric exemplar
is also marked by a black box. The most similar exem-
plar patch, which is symmetrical to the damaged region
in 0 direction is also marked by a black box (exemplar
patch). Then, the damaged patch on the left side is to be
filled using the exemplar patch on the right side. Based
on this idea, we proposed an image inpainting algorithm
based on eight-direction symmetrical exemplars [9]. As
shown Fig. 3, the eight directions were designated to be
0, 1, 2, 3, 4, 5, 6, and 7, respectively, and taken as an ex-
ample of a 3 × 3 window at the center, whose symmetric
patch is one of the eight directions as shown by the eight
windows around the central window in Fig. 4. Thus,
the numbers 1, 2, …, 8, 9 in all 3 × 3 windows are sym-
metric pixel positions of the corresponding position of
the central window.

3.3.1 Algorithm 2: Eight-direction symmetrical exemplar-
based image inpainting (ESEII)
A detailed description of each of these steps is as
follows:
Step 1. Create and get boundary points of the dam-

aged region to create a queue to store boundary points
of the damaged region. To get a boundary point of the

damaged region, pixel value is 1 in the damaged region
in the binary template image mask. For each pixel point
of image mask, if the pixel value is 1, and its eight-
neighborhood pixels value at least one is 0, then store
the pixel to created the queue. Eventually, the queue is
boundary points of damaged region.
Step 2. Get highest priority point in the boundary of

the damaged region.
Figure 5 shows the point p with highest priority and

the first is filled patch in the damaged region edge,
where the damaged region is indicated by Ω, and its
contour is denoted δΩ. The non-damaged part of the
image is denoted Φ, and np is the normal to the contour
δΩ of the damaged region Ω. ∇I⊥p is the isophote (direc-

tion and intensity) at point p. Suppose that the square

Fig. 2 The only object missing and inpainting. a Damage in one of Dipamkara’s ears. b Inpainting result by exemplar-based method. c Sample
patch diagram of left and right

Fig. 3 Diagram of eight directions
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template Ψp ∈ Ω centred at the point p is to be filled.
The source image I should be clearly marked.
The priority D(p) is computed by (1) for every border

patch, with distinct patches for each pixel on the bound-
ary of the damaged region.

P pð Þ ¼ C pð ÞD pð Þ ð1Þ

Where C(p) is the confidence term and D(p) is the
data term, and they can be computed as follows in
(2) and (3):

C pð Þ ¼
X

q∈Ψ p∩ I−Ωð ÞC qð Þ
Ψ p

�� �� ð2Þ

D pð Þ ¼
∇I⊥p⋅np
��� ���

α
ð3Þ

Where α is a normalization factor that has the most
value of image gray levels and |Ψp| is the area of Ψp.
The confidence term of all points in the image can be
initialized by (4):

C kð Þ ¼ 0∀k∈Ω
1∀k∈I−Ω

�
ð4Þ

A highest priority point shall be designated by p0,
which compares the priority size of each pixel on the
boundary of the damaged region.
Step 3. Get patch with highest priority to be inpainting.
Find the patch with highest priority around the point

p0, and the size of the patch Ψp0 can be selected according
to the texture of the damaged region as determined by
human-machine interaction.
The window size ranges from 3 × 3 to 99 × 99 pixels

and is usually selected as 9 × 9, 11 × 11, …, 33 × 33, etc.
Step 4 can then be started if the parts or the whole
image is only symmetrical in one of the eight directions,
for example, left and right, or up-down, or the top-right
and the left-down, or the upper-left and the lower-right.
Then, select Algorithm 2, otherwise, select Algorithm 3.
Of note, Algorithm 3 can accomplish the tasks of Algo-
rithm 2, albeit faster.
Step 4. Search similar symmetrical exemplar in eight

directions.
A similar symmetrical exemplar Ψ q̂ i (i = 0,1,2,3,4,5,6,7)

in eight directions can be computed by (5):

Ψ q̂ i
¼ arg min

Ψp∈Φ
di Ψ p;Ψ qi

� �
i ¼ 0; 1; 2; 3; 4; 5; 6; 7ð Þ ð5Þ

Where Ψqi from the source patch Ψqi ∈ Φ, the dis-
tance di(Ψp, Ψqi) is a similarity measure between two
patches Ψp and Ψqi, and subscript i (0, 1, 2, 3, 4, 5, 6,
and 7) denotes the directions left and right, up-down,
the top right and the left-down, the upper left and the
lower right, respectively. Symmetrical similar measure of
the four directions 0, 1, 2, and 3 are calculated by Eq.
(6), whereas that of the remaining four directions 4, 5, 6,
and 7 are calculated by Eq. (7).

Fig. 4 Symmetric patch in eight directions

Fig. 5 Priority compute at the point p

Table 1 Scanning sequence of the most similar symmetrical
exemplar

Direction of the most similar
symmetrical exemplar

Scanning sequence of the most
similar symmetrical exemplar

0 or 4 Right to left, top to bottom

1 or 5 Bottom to top, right to left

2 or 6 Left to right, bottom to top

3 or 7 Top to bottom, left to right
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d0 Ψp;Ψq0ð Þ ¼
Xm
i¼1

Xm
j¼1

xij−yi m−jþ1ð Þ
��� ���

d1 Ψp;Ψq1ð Þ ¼
Xm
i¼1

Xm
j¼1

jxij−y m−jþ1ð Þ m−iþ1ð Þj

d2 Ψp;Ψq2ð Þ ¼
Xm
i¼1

Xm
j¼1

xij−y m−iþ1ð Þj
��� ���

d3 Ψp;Ψq3ð Þ ¼
Xm
i¼1

Xm
j¼1

xij−yji
��� ���

8>>>>>>>>>>>>>><
>>>>>>>>>>>>>>:

ð6Þ

d4 Ψp;Ψq4ð Þ ¼
Xm
i¼1

Xm
j¼1

xij−yi m−jþ1ð Þ
��� ���

d5 Ψp;Ψq5ð Þ ¼
Xm
i¼1

Xm
j¼1

xij−y m−jþ1ð Þ m−iþ1ð Þ
��� ���

d6 Ψp;Ψq6ð Þ ¼
Xm
i¼1

Xm
j¼1

xij−y m−iþ1ð Þj
��� ���

d7 Ψp;Ψq7ð Þ ¼
Xm
i¼1

Xm
j¼1

xij−yji
��� ���

8>>>>>>>>>>>>>><
>>>>>>>>>>>>>>:

ð7Þ

Where xij represents pixel values in Ψp, yij indicates
pixel values in Ψqi (i = 0, 1, 2, 3, 4, 5, 6, 7), and m is the
template window size, for example, 3 × 3, 9 × 9, etc.

Step 5. Calculate the most similar symmetrical exem-
plar in eight directions for the damaged patch.
The most similar symmetrical exemplar in eight direc-

tions is computed by Eq. (8).

Ψq ¼ argmindi Ψp;Ψ q̂ ið Þ; i ¼ 0; 1; 2; 3; 4; 5; 6; 7ð Þ
ð8Þ

Meanwhile, every time, recode the minimal distances
of the most similar exemplar by Eq. (9):

Fig. 7 A diagram of symmetrical exemplar in arbitrary directions

Fig. 9 Left ear damage of Dipamkara and inpainting results based
on eight-direction symmetrical exemplars and patch’s different sizes.
a Damaged image. b 3 × 3. c 15 × 15. d 17 × 17. e 19 × 19. f 21 × 21.
g 25 × 25. h 27 × 27. i 31 × 31. j 35 × 35. k 37 × 37. l 39 × 39. m 41 ×
41. n 43 × 43. o 45 × 45. p 47 × 47

Fig. 8 3 × 3 exemplar patch and damaged patch. a Exemplar patch
Ψp2 center on P2. b Damaged patch Ψp0 center on P0

Fig. 6 Filling of the most similar symmetrical exemplar of 3 × 3 in
the 0 direction. a Target patch. b Most similar symmetrical exemplar
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xk ¼ mindi Ψp;Ψ q̂ ið Þ; i ¼ 0; 1; 2; 3; 4; 5; 6; 7ð Þ
ð9Þ

Where k is a loop control variable.
Step 6. Update pixels value in patch Ψp and confi-

dence term.
Firstly, according to the following rules, copy the pixel

value of the most similar symmetrical patch Ψq to patch
Ψp by the symmetrical pixel position. The scanning
order in the Ψq is shown in Table 1, damaged pixels are
filled in Ψp by symmetrical pixel position in Ψq.
For example, Fig. 6 shows the process of filling pixels.

The window size is 3 × 3 and the most similar symmet-
rical exemplar is in the 0 direction. The same number
represents the scanning sequence from the most similar
symmetrical exemplar Ψq (Fig. 6b) to the target patches
Ψp (Fig. 6a). The scanning sequence of the most simi-
lar symmetrical exemplar is “right to left, top to bot-
tom”. If the pixel of Ψp in position 4 is a damaged
pixel, then it will be filled by the pixel corresponding
to position 4 in Ψq.
Secondly, update the confidence term using Eq. (10):

C pð Þ ¼ C p̂ð Þ ∀p∈Ψ p̂ ∩Ω ð10Þ
Meanwhile, update the pixel values to 0 about corres-

pondence positions in image mask.
Step 7. Update area of damaged region.
If the damaged region area is 0 after filling, then turn

to Step 8, otherwise turn to Step 1.
Step 8. Iteration is stopped.

3.4 The most similar symmetrical exemplar in arbitrary
directions
It’s not generic of eight-direction symmetrical exemplar-
based image inpainting looks for a symmetrical exemplar
from eight directions, so a more universal approach from
arbitrary directions to find a symmetrical exemplar is pro-
posed by Algorithm 3. Algorithm 3 would be a good
enough substitute for Algorithm 2, yet if an image has bi-
lateral symmetry and left side with a damaged region, Al-
gorithm 2 is quicker than Algorithm 3. Thus, only one
method have selected that eight directions symmetrical
exemplar-based or arbitrary directions symmetrical
exemplar-based will cycle to the end of the inpainting,
from the fourth step, the two algorithms are different.

3.4.1 Algorithm 3: Arbitrary-direction symmetrical exemplar-
based image inpainting (ASEII)
A detailed description of each of these steps is as follows:
Steps 1–3 are the same as Steps 1–3 in Algorithm 2.
Step 4. Search similar symmetrical exemplar in arbi-

trary directions.
As shown in Fig. 7, point P0 is the central point of the

patch with highest priority to be filled in the damaged
region edge. P1 is the central point of exemplar patch
Ψp1 in Φ-Ω to be found. θ is the angle between the line
of P1P0 in the horizontal direction. Rotating P1 to P2 by
θ, the coordinate of P2 can be computed by Eq. (11):

x2 ¼ x1−x0
� �

cosθ þ y1−y0ð Þsinθ þ x0
y2 ¼ − x1−x0

� �
sinθ þ y1−y0ð Þ cosθ þ y0

�
ð11Þ

Where (x0, y0) and (x1, y1) are the coordinate values of
P0 and P1, respectively.
Take a 3 × 3 damaged patch, for example, as shown in

Fig. 7. Find the exemplar patch Ψp2 center on p2, whose

Fig. 11 a Original image; b The damaged image of (a); c Repaired result by exemplar-based image inpainting

Fig. 10 Head crown damage of Tara and inpainting results by three
algorithms. a Damaged image. b Repaired result by exemplar-based
image inpainting. c Repaired result by ESEII. d Repaired result by ASEII
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size is the same and is horizontally symmetrical to the
damaged patch Ψp0. Figure 8 shows the corresponding
relations between the exemplar patch and the damaged
patch and the digital indicates the symmetrical position
between the damaged patch and exemplar patch. The
position of the exemplar patch Ψp2 rotates θ in the
opposite direction and can be calculated by Eq. (12).

x0 ¼ x−x0
� �

cosθ− y−y0ð Þsinθ þ x0
y0 ¼ x−x0

� �
sinθ þ y−y0ð Þ cosθ þ y0

�
ð12Þ

Where (x, y) denotes the coordinates of an arbitrary
point before the negative spin and (x ', y ') presents the
associated point coordinates at patch Ψp1 after Ψp2 rota-
tion θ. The correspondence of the points between Ψp1
and Ψp0 are just the same as the correspondence
between Ψp2 and Ψp0, that is, the centered symmetrical
exemplar patch Ψp1 and P1.
Step 5. Find the most similar symmetrical exemplar in

arbitrary directions for the damaged patch.
The best-match source symmetrical exemplar patch of

Ψp0 is searched at I −Ω by Eq. (13).

Ψ p̂ ¼ arg min
p1∈I−Ω

d Ψp0;Ψp1ð Þ ð13Þ

Where Ψ p̂ denotes the best-match source symmetrical
exemplar patch, Ψp1 refers to the exemplar patch cen-
tered at the point P1, and d(Ψp0, Ψp1) is the similar
measure between the first filled Ψp0 and symmetrical
exemplar patch Ψp1,which can be computed by Eq. (14).

d Ψp0;Ψp1ð Þ ¼
Xm
i¼1

Xm
j¼1

jxij−yi m−jþ1ð Þ ð14Þ

Where xij denotes pixel values in Ψp0,and yij expresses
pixel values in Ψp1. The size of the patch determines the
value of m, for example, if the selected patch size is 3 × 3
in Step 3, then m = 3.
At the same time, the smallest distance between the

similar symmetrical exemplar patch and the damaged
patch is xk ¼ minp1∈I−Ω

d Ψp0;Ψp1ð Þ , where k denotes
the iteration count recorded for each iteration.
Step 6. Update pixel values in the damaged patch and

confidence term.
Damaged pixel values in the target patch Ψp0 are

replaced with the corresponding position most similar to
the symmetrical exemplar patch Ψ p̂.
The confidence term of filled pixels in Step 5 are

updated by Eq. (15).

Fig. 13 Simple texture image inpainting results. a Original input image, missing region is marked in white. b Exemplar-based image inpainting result

Fig. 12 Inpainting results by Algorithms 2 and 3 of different
sized patches
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C pð Þ ¼ C p̂ð Þ ∀p∈Ψ p̂ ∩Ω ð15Þ

Meanwhile, update the pixel values to 0 for the corres-
pondence positions in image mask.
Step 7. Update area of damaged region.
If the damaged region area is 0 after filling, then turn

to Step 8, otherwise turn to Step 1.
Step 8. Iteration is stopped.

3.5 Effect evaluation of exemplar-based image inpainting
The evaluation method proposed by us is divided into
two steps. (1) Data acquisition. The similar distances of
the best exemplars in each restoration cycle are re-
corded: xk(k = 1, 2, …, n). In order to facilitate compari-
son, perform the similar distances normalization
processing and the formation of a statistical analysis of
the sample X(x ' 1, x ' 2 ⋅ ⋅ ⋅ x ' n). (2) Statistical analysis
of the data: the μ represents mean of central tendency,
which is calculated by Eq. (16).

μ ¼
Xn
k¼1

x
0
k=n ð16Þ

Where n is the number of samples. This data shows,
the smaller the mean, the more similar the exemplars to

be found, the better the restoration results can be ob-
tained. The variance can be calculated by Eq. (17).

σ2 ¼
Xn
k¼1

x
0
k−μ

� �
=n ð17Þ

Analyze the degree of dispersion of the data, the
smaller the variance the more concentrated the data.
The histograms show the visual distribution of data.

4 Results and discussion
4.1 Symmetrical exemplar-based image inpainting
Experiment 1. Damaged Thangka image with symmetry
in one of the eight directions.
The size of the Ψp0 patch depends on the texture

structure of the damaged region surrounded by human–
computer interaction; the side length of the patch can
select an odd number between 3 to 99, namely the patch
size between 3 × 3 to 99 × 99. Figure 9 shows left ear
damage of Dipamkara and the inpainting results by
using Algorithm 2. Figure 9a is the damaged image; in
Fig. 9b–p, the patches sizes Ψp0 selected are 3 × 3, 15 ×
15, 17 × 17, 19 × 19, 21 × 21, 25 × 25, 27 × 27, 31 × 31,
35 × 35, 37 × 37, 39 × 39, 41 × 41, 43 × 43, 45 × 45, and
47 × 47 respectively. This example shows that the
inpainting effect gradually becomes better when the
patches size increases from 3 × 3 to 25 × 25. However,
the inpainting results of Dipamkara’s head contour is
not very smooth while the size of patch from 27 × 27 to
35 × 35, and the good effect while the size of patch from
37 × 37 to 41 × 41. In Fig. 9n, 43 × 43 is not good and in
Fig. 9o 45 × 45 is worse, but the effect in Fig. 9p for 43 ×
43 is gradually better.
For this example, the damage can also be repaired by

human–computer interaction using Algorithm 3 with

Fig. 14 The similar distance histogram

Table 2 Normalized similarity distance statistics

Interval 0.00–0.02 0.02–0.04 0.04–0.06 0.06–0.08 0.08–0.10

Frequency 1 4 12 7 4

Interval 0.10–0.12 0.12–0.14 0.14–0.16 0.16–0.18 0.18–1

Frequency 2 0 0 0 0
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similar patch sizes, although the process is slower than
in Algorithm 2. Additionally, it also shows that Algo-
rithm 2 is a special case of Algorithm 3.
Experiment 2. Comparisons of three algorithms for

damaged Thangka image inpainting.
Figure 10 shows a head crown-damaged image of Tara

(local image) and inpainting results by three algorithms:
exemplar-based image inpainting, ESEII, and ASEII.
Figure 10a shows the damaged image, with Tara’s head

crown showing a bilateral symmetry with a slight lean.
Figure 10b is the result by exemplar-based image
inpainting method by an 11 × 11 window. When the dif-
ferent patch sizes are selected, the inpainting effect is
similar to the results where it is not symmetrical. The
inpainting result of ESEII (Fig. 10c) is much better than in
Fig. 10b, but it has a whiff flaw. Conversely, the inpainting
result is almost perfect for the ASEII (Fig. 10d).
This example further confirms that the SEII method is

different from exemplar-based image inpainting method,
and the key here is a symmetrical exemplar.
Experiment 3. Damaged image inpainting result com-

parison by Algorithms 2 and 3 with symmetry.
In order to compare the effect of Algorithms 2 and 3,

and the wide application of the algorithms, we give an
inpainting experiment as shown Fig. 11. Figure 11a is
the original image with symmetry. Figure 11b shows the
damaged image, and the area of the damaged region is
6564 pixels. However, first, we will show that the
method of exemplar-based image inpainting cannot

solve this problem. Figure 11c shows the repaired result
by exemplar-based image inpainting.
Figure 12 shows inpainting results by Algorithms 2

and 3 of different sized patches. Up and down the corre-
sponding images, the first, third, and fifth lines are the
inpainting result with Algorithm 1, and the second,
fourth and sixth line, are the inpainting result with Algo-
rithm 2. And we select the patch sizes Ψp0 to be 3 × 3,
9 × 9, 11 × 11, 13 × 13, 15 × 15, 31 × 31, 51 × 51, 81 × 81,
91 × 91, 95 × 95, 97 × 97, and 99 × 99 in Fig. 12, respect-
ively, at the same time, the icon identifies the repair re-
sult with the size of the patch selected in the
corresponding algorithm. The experiment shows that
the repair effect gradually becomes better when the
patch size is increased from 3 × 3 to 13 × 13, and the
patch Ψp0 of 15 × 15 leads to the best results. At some
time, we can find that up and down two inpainting re-
sults are not good enough. For example, the results are
worse for patch sizes from 31 × 31 to 81 × 81. Although
the patches Ψp0 from 91 × 91 to 97 × 97 and 99 × 99, the
restoration results well, but not the best.
This example also illustrates that (1) the SEII method

can solve the problem that the algorithm of exemplar-
based image inpainting could not solve, and is therefore

Table 4 Similar distance frequency

Interval 0.00–0.02 0.02–0.04 0.04–0.06 0.06–0.08 0.08–0.10

b 0 3 6 4 4

c 2 6 10 4 2

e 0 0 0 0 0

f 4 4 5 4 3

Interval 0.10–0.12 0.12–0.14 0.14–0.16 0.16–0.18 0.18–1

b 3 4 0 0 0

c 0 0 0 0 0

e 6 6 1 3 10

f 1 2 1 1 1

Table 3 Comparison of different results

Results Mean Variance

b 0.787 0.001047

c 0.457 0.000432

e 0.1573 0.0023

f 0.0699 0.0013

Fig. 15 Image restoration results using the different algorithms. a, d Original input image, missing region is marked in white. b, e Repaired result
of exemplar-based image inpainting. c, f Repaired result of SEII
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an irreplaceable method; (2) that Algorithm 3 is more uni-
versal than Algorithm 2; and (3) that our algorithm also
works well on other images having any type of symmetry.

4.2 Results evaluation of exemplar-based image inpainting
Figure 13 shows very good image restoration results which
use the restoration algorithm based on exemplars. Similar
statistical sample distance average: 0.05817, variance:
0.000658, these two values are relatively small, which show
the better exemplars to find, reflecting the repair results ra-
ther well. The similarity distance divided ten intervals, each
interval relative frequency statistics like the best exemplars
in Table 2. Figure 14 shows the similar distance histogram
of similar exemplars for simple texture image inpaiting in
Fig. 13, each vertical bar expresses frequency in different
intervals, it can be seen from the histogram the highest fre-
quency in the similarity distance between 0.04 to 0.06.
Figure 15 shows the results of different algorithms to re-

pair. The exemplar-based image inpainting did not gener-
ate a plausible symmetrical texture (Fig. 15b, e). The letters
b, c, e, and f in Tables 3 and 4 correspond to Fig. 15b, c, e,
and f, respectively. Figure 15c, f shows the repaired results
using our algorithm of SEII, with excellent results. Table 3
shows the similar distance samples from the mean and
variance used in the different algorithms. The mean and
variance in Fig. 15c should be smaller than in Fig. 15b,
showing that good and stable restoration exemplars are
obtained. The mean of e is about twice that of f in
Table 3, also indicating the effect of Fig. 15f.
Table 4 shows the data in Fig. 15a, d using different

algorithms with a similar distance from each interval fre-
quency. From the histogram in Fig. 16b, c, e, f indicate Fig.
15b, c, e, f, respectively, it can be seen that, for the similar
distances, they are concentrated before 0.08, and the corre-
sponding restoration results by ESII algorithm are better;
they are relatively dispersed or concentrated after 0.12, the
repaired corresponding results are poor by exemplar-based
image inpainting algorithm. Figure 17 shows the different
algorithms to repair a similar distance from the sample dia-
gram in Fig. 15a, d line chart, and in this figure, b, c, e, f in-
dicate similar distance line chart of Fig. 15b, c, e, f,
respectively. The similar distance sample focuses on the

0.02 to 0.07 range, and a good effect of restoration is ob-
tained. If the most similar distance samples are greater than
0.1, the repair effect is relatively poor.

4.3 Discussion
Algorithm 2 is a special case of Algorithm 3 in the SEII
method. If there is a damaged region in the direction of
symmetry, it can be repaired by Algorithms 2 or 3 for an
image with a global or local symmetry, and the original
exemplar-based image inpainting method cannot be
used or leads to poor repair results. Therefore, our
approach is an extension of exemplar-based image
inpainting. Thangka is painting art, and images often
have local symmetry; therefore, our algorithms can be
used to solve the digital protection of ancient Thangka
and the digital inpainting of partially damaged images. At
the same time, how to repair the effect, the repair process
to record the relevant data, and the repair effect can also
be evaluated, reflecting the integrity of the method.

5 Conclusions
Two image inpainting algorithms based on eight-
direction or arbitrary direction symmetrical exemplars
are proposed in this paper. The two key steps are (1)
finding a symmetrical exemplar and the most similar
symmetrical exemplar of the damaged patch in eight
directions or arbitrary directions, and (2) using the pixel
value of the most similar symmetrical exemplar to create
the symmetrical pixel value in the damaged patch. Our

Fig. 16 Histogram of similar distance. a Histogram of results Fig. 15b, c. b Histogram of results Fig. 15e, f

Fig. 17 Similar distance line chart
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research motivation comes from actual Thangka images,
which is the Tibetan art of painting on silk or cloth and
has a long history. A large number of damaged Thangka
images need repair. If only an object or part is missing
from an image that has local symmetry, the damaged
region can be filled. Additionally, a new objective evalu-
ation method of image inpainting results based on simi-
lar exemplars is also proposed. A similar distance
between the damaged patch and the best exemplar in
every filling are obtained, the mean and variance of simi-
lar distance samples may be evaluated after completion
of a filling operating cycle, and the two statistics can
measure the effectiveness of image inpainting. Because
this method is closely related to the inpainting algorithm
based on exemplars, the experimental results also show
that the smaller the mean and variance of similarity dis-
tances are, the better for the repair effect. A number of
examples on Thangka images and other images demon-
strate the effectiveness of our methods in inpainting
large damaged regions as well as thin scratches and
spots with the asymmetric structure image.
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