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This paper proposes a novel exemplar-based inpianting algorithm based upon the color distribution 

analysis. A novel priority scheme is designed to assign priority and guide the filling-in order, which is a 
crucial step for the performance of the inpainted results. Color distribution is proposed to determine the 
confidence of the target patches situated on the boundary of the missing region by measuring the variation of 
variances of neighboring source patches. Our experiments on the natural images and the comparisons with the 
representative existing approaches show that our proposed scheme can more robustly assign high priority to 
the structures and enables the salient structures, to which human visual system is sensitive, to be consistent 
with the surrounding regions. 
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1. INTRODUCTION 
 

Image inpainting, also known as image completion, is such a kind of art that modifies an image or 
video with the available information outside the region to be inpainted in an undetectable way by the 
ordinary observers. This problem, which is under-constrained, inherently, belongs to the areas of image 
estimation and interpolation. Due to its wide applications of image editing and transmission [1], special 
effects such as object removal from a scene, text removal and restoring old photos, etc., image 
inpainting has been drawing considerable attention in recent years. 

Generally, the methods of image inpainting can be classified into two categories: diffusion-based 
and exemplar-based. The Diffusion-based approach [2-5] is fundamental. This approach models the 
degraded image in a variational framework based on certain prior knowledge and then uses the high 
order nonlinear partial differential equations (PDEs) to solve the variational formulations. Bertalmio [2] 
first introduced the terminology “inpainting” and proposed to fill in the missing region by continuously 
propagating the isophote into the missing region. Chan and Shen [3] introduced total variation (TV) to 
address the inpainting problem. Later, they developed curvature driven diffusions (CCD) [4] which 
modified the TV model based on the diffusion mechanism because of the defect of TV method in 
violating the connectivity principle of human visual system. These diffusion-based approaches using 
the local known information achieve satisfactory results in recovering the thin and long regions. 
However, due to the intrinsic diffusion characteristics of PDEs, diffusion-based approaches fail to 
recover the textures and large regions. Recently, Arias [6] and Bugeau [7] proposed to make use of the 
global information in the variational framework and formulated inpainting as a global optimization 
function, which is efficient but quite time-consuming.  

Another category of inpainting algorithms is exemplar-based. It consists of two basic steps: the 
priority assignment and the selection of the best matching patch. The exemplar-based approach samples 
best matching patches in the known region, whose similarity is measured by certain metrics, and pastes 
into the target patches in the missing region. This idea stems from the texture synthesis techniques [8]. 
Jia [9] segmented an image into several regions based on its color texture features and then inpainted 
each region individually. Drori [10] proposed a fragment-based image inpainting algorithm that 
iteratively approximated, searched, and added detail by compositing adaptive fragments. However, the 
computation time of this algorithm is intolerable. Bertalmio [11] presented a hybrid algorithm to 
combine the diffusion-based scheme [2] and texture synthesis [8]. It works well in recovering not only 
the geometrical structures but also the small texture regions. Criminisi [12] developed an efficient and 
simple approach to encourage filling-in from the boundary of the missing region where the strength of 
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isophote nearby was strong, and then used the sum of squared difference (SSD) to select a best 
matching patch among the candidate source patches. Cheng [13] generalized the priority function for 
the family of algorithms given in [12] to provide a more robust performance. Wong [14] introduced a 
weighted similarity function using several source patches to reconstruct the target patch instead of 
using a single source patch. Wu [15] proposed a cross isophotes exemplar-based model using the 
cross-isophote diffusion data and the local texture information which decided the dynamic size of 
exemplars. Komodakis [17] minimized a defined global objective function, which is efficient but 
computationally expensive. Sun [16] drew main curves manually to inpaint the missing structure first 
and then filled the unknown information using texture propagation. Hung [18] used the structure 
generation and Bezier curves to construct the missing edge information. Using the structure 
information and reconnecting contours by curve filling process, the damaged regions will be inpainted. 
Fang [19] developed a rapid image inpainting system consisting of a multi-resolution training process 
and a patch-based image systhesis process. Xu [20] proposed two novel concepts of sparsity at the 
patch level for modeling the patch priority and patch representation. Compared with the 
diffusion-based approaches, the exemplar-based approaches achieve impressive results in recovering 
textures and repetitive structures no matter whether they are applied into the large regions or not. 
Sparse representation was also introduced into the image inpainting [21-24, 25]. The basic idea of this 
method is to represent image patches as a sparse linear combination of atoms from a learned dictionary 
which consists of a single or a combined set of transforms (e.g. contourlet, DCT, DWT, etc.). This 
approach can efficiently fill in the region with composite textures and structures, especially in the 
application of recovering the missing blocks. 

Most of the current exemplar-based algorithms adopt the greedy strategy, so these algorithms 
suffer from the common problems of the greedy algorithm, being the filling order (namely priority) is 
very critical [7, 12]. The human visual system is sensitive to the high frequency component, so the 
inpainting quality of the edge structures is quite important. A good priority definition would be one that 
gives higher priorities of synthesis to those target patches on the continuation of image structures [12]. 
The filling-in order proposed in [8] is a onion-peel method which is a concentric filling. However, it 
can not preserve the linear structures. Jia [9] proposed to recover the degraded images using the 
texture-segmentation and tensor-voting technique for the smooth linking of structures across the holes. 
However, it needs an expensive segmentation step. The isophote-driven priority proposed by Criminisi 
[12] encouraged inpainting to start from the boundary of the missing region where the isophote strength 
is strong. However, the regions with high isophote strength, which may be certain high components 
such as noises and complex textures, are not equavilent to the structures (e.g., edges and corners); 
therefore, the isophote-driven priority may assign high priority to the textures rather than the structures, 
thereby distorting the inpainted results. Cheng [13] presented the addition of weights to different 
components in the definition of the priority term, which is a modified isophote-driven priority. 

In this paper, we mainly focus on the design of a different priority scheme to realize the inpainting 
based upon the exemplar-based approach. To better address the problems of priority assignment 
discussed above, we propose a novel priority scheme based on the color distribution analysis for 
distinguishing the structures and the textures and assigning high priority to the structures (e.g., the 
edges and corners). It would be robust to the orientation of the boundary of the missing region which is 
pointed out by the users, and achieve the visually pleasant results. 

The paper is organized as follows. In section II, we explain our priority definition in detail. In 
section III, more details of our implementation are presented. The experimental results and 
comparisons with the existing relative algorithms are performed in section IV. Finally, the conclusions 
are drawn in section V. 

2. FILLING PRIORITY AND COLOR DISTRIBUTION ANALYSIS 

2.1 The isophote-driven priority 

 

Most inpainting algorithms, which use the greedy strategy, employ the isophote-driven priority 
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proposed by Criminisi [12]. Given an image I  with a missing region  , the inpainting priority 
value of a target patch p  on the fill-front, which is presented in [12], is: 

 

                            ( ) ( ) ( )P p C p D p                                   (1) 

 
where )( pP  is the priority value of the target patch p  with the center p , )( pC  is the confidence 
term, and )( pD  is the data term. They are defined as follows: 
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where || p  is the number of the pixels of the target patch p ,  is a normalization factor (e.g., 
 =255 for a grey-level image), pn  is a unit vector orthogonal to the missing region boundary   
in the point p ,  denotes the orthogonal operator,   is the known region, and ( )c q  stands for the 
confidence of the known pixels in the target patch.  

In the confidence term, the confidence of the newly filled pixel q  in the target patch p  is 
updated as follows instead of the fixed value 1: 
 

                               ( ) tc q a                                       (3) 

 
where ta  is a decaying function and t  denotes the current iteration number. This definition shows 
that the later the pixel is filled, the lower confidence it has.   

Cheng [13] discovered that the confidence term in [12] decreased exponentially and proposed an 
additive form of priority which used weights to maintain a balance between the confidence term and 
the data term. The modified priority can be represented as 
 
                  ( ) ((1 ) ( ) ) ( ), 0 , 1P p C p D p                               (4) 
 
where and  are the weights for the confidence term and the data term, 1   , and   is the 
regularizing factor for controlling the curve smoothness. 
 
2.2 Priority assignment using color distribution analysis 
 

For the greedy algorithms, a confirmed decision could not be changed anymore, and therefore, this 
would cause the error to accumulate. Hence, the priority is critical [7, 12]. The data term of 
isophote-driven priority is defined based on the inner product between the isophote direction and the 
normal direction of the missing region boundary. For the ( )D p  in (2), pn  is not determined by the 
linear structure in the known region and |||| II   . Thus, when the gradient in the point p is large, 
its ( )D p  is comparatively large, and thus the priority of the target patch with the center p  is high. 
In other words, when the gradient values of the texture components are greater than those of structure 
components, the patches on the textures would have higher priorities than those on the structures if the 
numbers of their known pixels are the same. Therefore, the isophote-driven priority method may 
violate the requirement of a good priority in [12], and distort the inpainted results. As for the modified 
isophote-driven scheme in [13], it still uses the isophote strength as the data term; thus it also may start 
from the fill-front where the isohopte strength is strong, as well as the isophote-driven scheme. 
Therefore, both of these two priority approaches suffer from the problem that the priority may be 
misled by the textures whose gradient values are high. In this work, we propose a novel scheme to meet 
the requirement of a good priority defined in [12] that is to assign high priorities to the target patches 
on the structures. 
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Fig. 1. Original image with the missing region  , its boundary   and the source region  . p  is a target 

patch centered at p  whose neighborhood window is )( pN . 

 
The variation of variances of neighboring source patches is defined as the data term to measure the 

priority of a target patch located on the structures instead of the textures. The priority is also defined by 
multiplying the proposed data term and the confidence term which follows [12]. This design of the 
novel data term is inspired by the following observations: 1) The natural image consists of structures 
and textures. Usually, the structure components are not in a massive distribution but exit as 1-D curves 
or 0-D points in the natural 2-D images, while the texture components distribute as 2-D sub-regions in 
the images. In other words, in the 2-D sub-patch of natural image, the structure component cannot exist 
alone, and the textures are separated by structures (e.g., edges and corners). 2) For the similar patches, 
their variances of the pixel values are proximal. Given a target patch located on the texture region, its 
neighboring patches are similar, and thus, the variances of its neighboring patches are proximal; 
therefore, the variation of variances of its neighboring patches is steady. When a target patch contains 
the edge or corner structure that is separating two completely uniform regions, the variances of its 
neighboring source patches on the two uniform regions are proximal, while they are different from 
those of neighboring source patches on the edge or corner structure. Thus, its variation of variances of 
neighboring patches is greater than that of a target patch whose neighborhood window contains no edge 
or corner structure. When a target patch on the edge or corner which is separating into several different 
areas, the number of its similar neighboring patches is the least; therefore its variation of variances is 
comparatively severer. Summarily, the more different regions the edge or corner is separating into, the 
less similar neighboring patches the target patch has; and the more different regions the neighborhood 
window of the target patch has, the lower priority the target patch gains. We use the standard deviation 
to measure the variation. By calculating the standard deviations of the variances of the neighboring 
source patches, the target patches situated in the structures would be identified and assigned high 
priority in a more robustly way. 

Note that if necessary, a preprocessing step would be taken before our proposed priority scheme is 
applied to determine the filling-in order. This step eliminates the influence of noises as the variance is 
very sensitive to noises. 

Suppose the known region is   and p  is a target patch with the center p  on the fill-front 
 , its neighboring patches 

jp  are defined as the patches that are in the source region and with the 
center jp  in the neighborhood window of patch p . The center pixels of neighboring patches 
belong to the set: 
 
                         ( ) { : ( ) }

js j j pN p p p N p and                          (5) 
 
where )( pN is a neighborhood window centered at p , which is set to be larger than the size of 
patch p (see Fig.1).  
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(a)                (b)                (c)                 (d) 

Fig. 2. Target patches p in four different regions. (a) p on the corner structure. (b) p on the edge structure. (c) 

p on the regular texture. (d) p on the flat region.  

Table 1. The priority of target patch in different regions using the isophote-driven method and our 

proposed method 

 isophote-driven priority proposed priority 

Patch on corner 3.719 0.080 

Patch on edge 0.518 0.064 

Patch on regular texture 3.530 0.011 

Patch on flat region 0.330 0.002 

 
For the target patch p , the standard deviation of variances of its neighboring source patches, 

namely the proposed data term based on its color distribution, is defined as 
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where | ( ) |sN p is the number of neighboring source patches, ( )

jpR  , ( )
jpG  , ( )

jpB   are the 
variances of the pixel values at the neighboring patch 

jp in R, G, B channels, and 

( )( )
sN pR  , ( )( )

sN pG  , ( )( )
sN pB   are the mean variances of | ( ) |sN p  neighboring patches in R, G, B 

channels, respectively. 
We now investigate how our proposed priority scheme and the isophote-driven scheme assign 

priority for different types of patches in the images. Fig.2 includes four sub-images from the same 
image. The patches within the rectangles are located on four different regions: corner structure (see Fig. 
2(a)), edge structure (see Fig. 2(b)), regular texture (see Fig. 2(c)), and flat region (see Fig. 2(d)). Fig. 
2(a) and Fig. 2(b) stand for the structures; Fig. 2(c) and Fig. 2(d) denote the textures. Using the 
isophote-driven priority, the algorithm in [12] inpaints the target patches on the corner structure, on the 
regular texture, on the edge structure, and on the flat region in order (see Table 1). Obviously, the edge 
structure has a lower priority than the regular texture. The reason might be that the gradient value of the 
regular texture is higher than that of the edge structure. In contrast, through calculating the standard 
deviation of variances of neighboring source patches, our proposed approach inpaints the target patches 
on the corner structure, on the edge structure, on the regular texture region and on the flat region in 
order (see Table 1). For the patch on the 0-D corner, its neighborhood window contains three different 
regions. It means that the number of its similar neighboring source patches is comparatively the least 
and its standard deviation of variances is the largest; therefore, it has the highest priority under the 
consideration that the values of the confidence terms of target patches in the four sub-images are the 
same. As for the patch that is situated on the 1-D edge, its neighboring window contains two different 
regions and it has more similar neighboring source patches; therefore it has a higher priority. However, 
due to the reason the target patches located on the flat region and the texture region have the most 
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similar neighboring patches, they have comparatively lower priorities. Hence, our proposed priority 
method can identify the structures and assign high priorities to the structures in a better way. 
 

       

                                    (a)               (b)  

         

(c) 

         

(d) 

         

(e) 
Fig. 3. Comparisons of the results using different priority schemes. (a) Original image. (b) Degraded image. (c) 
Process of inpainting using the isophote-driven priority scheme in [12]. (d) Process of inpainting using the 
modified isophote-driven priority method in [13]. (e) Process of inpainting using our proposed scheme. 
 

We now discuss the influence of the priority assignment on the inpainted results. Fig. 3 presents 
an example of inpainting for an image with composite textures and illusory edge. Fig. 3(c), 3(d) and 3(e) 
are the inpainting process using the iophote-driven priority in [12], the modified isophote-driven 
priority in [13], and our proposed priority, respectively. For all of them, the best matching patch 
method uses the texture synthesis approach presented in [12]; thus, the performances of inpainted 
results are only relative to the priority methods. Using the isophote-driven priority, the bottom-left 
patch, marked with a rectangle in Figure 3(c), on the texture region has higher priority because its 
vertical direction of the pixel gradient is nearly the same to the vector direction orthogonal to the 
fill-front at the central pixel. As inpainting proceeds, the isophote-driven priority produces the 
inconsistent structure, the broken edge, and the improper extension of the texture component into the 
flat region, such as the result in the last column of Fig. 3(c). Using the modified isophote-driven 
priority, the bottom-left patch, marked with a rectangle in Fig. 3(d), on the texture region has higher 
priority. It is because that the priority assignment method in [13] is also based upon the isophote 
strength. However, due to the reason that the modified priority is able to resist the “dropping effect” 
[13], the unwanted artifacts in the results of the modified priority method are alleviated as the result in 
the last column of Fig. 3(d). Using our proposed priority, the top-left patch, marked with a rectangle in 
Fig. 3(e), on the edge structure has higher priority because the similarity of the source patches in its 
neighboring window is the lowest and its standard deviation of variances is the greatest. Fig. 3(e) 
shows that our proposed priority can assign higher priority to the structure than the texture, and thus 
achieves the final inpainted result for a good visual quality. Therefore, our proposed priority scheme 
more robustly identifies the structure than the isophote-driven priority methods. 
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3. THE SELECTION OF BEST MATCH PATCH 

Once the priority map of all pixels in the fill-front is produced, then the target patch with the 
highest priority is to be filled with the available information in the source region first. Similar to [8, 12], 
we use the SSD to measure self-similarity [6] between the target patch and the source patches. 
Formally, 

 

                          


arg min ( , )
p

p pp
d



 
                                  (7) 

 
where d measures the distance between the known pixels in two patches using SSD. Having found the 
best matching patch p



  in the source region, the value of each pixel-to-be-filled,  { | }pq q  , is 
copied from its corresponding position inside p



 . Considering that the closer one pixel in the patch is 
to the center point, the more important it is, a Gaussian function as weighting function could be applied 
when we calculate the distances.  

4. EXPERIMENTS AND COMPARISONS 

In this section, we test the proposed algorithm on a variety of natural images. We apply our 
algorithm to the applications of scratch/text removal, object removal. In these examples, we compare 
our algorithm with four representative existing exemplar-based algorithms. In the following examples, 
unless otherwise stated, the size of patch is set to 77 , the size of neighboring window is 3131 , the 
search area is 40 40 -pixel band around the missing region. As for the other parameters in the related 
algorithms, we adopt their values from the source papers. All experiments were run on a 3.01GHz 
AMD Processor with 2GB of RAM. 

 
4.1 Comparisons with the simultaneous structure and texture algorithm 
 

We select the simultaneous structure and texture inpainting algorithm [11] for comparisons. The 
algorithm in [11] decomposes the image into a smooth structure, ideal for the diffusion-based method 
[2], and a texture layer, ideal for the exemplar-based method [8]. The decomposition follows [26]. 
However, in this experiment, the texture layer is inpainted by Criminisi’s algorithm [12] instead of the 
texture synthesis method [8] used in the original paper [11]. It is because that Criminisi’s algorithm, 
which introduces the concept of priority to guide the filling-in order, works better in texture synthesis 
than the onion-peel approach in [8]. 

Fig. 4 presents the inpainted results of the improved [11] algorithm and our proposed algorithm in 
the applications of scratch restoration and text removal. We do not compare these two algorithms in the 
application of object removal because the improved [11] cannot produce pleasant results in recovering 
the large missing regions [12, 19, 22, 24]. The first column of Fig. 4 is the original images. The second 
column is the degraded images whose missing regions are 5.6% and 4.0% respectively. The third to 
fourth columns are inpainted results of the improved version of [11] and our proposed algorithm. As 
shown in Fig. 4(b), the hybrid algorithm of structure and texture produces an impressive result in the 
geometrical structure regions and the small texture regions. However, it introduces the blurring effect 
on the sharp edge structures as the result in the third column of Fig. 4(a). In contrast, our proposed 
approach performs better in the sharp edge structure as the result in the fourth column of Fig. 4(a). 
Wang [27] pointed out that the peak signal-to-noise ration (PSNR) had clear physical meanings but it 
was not very well matched to the perceived visual quality, and proposed structural similarity (SSIM) to 
measure the image quality. We use two quantitative measures, PSNR and SSIM, to compare the 
performance of these two algorithms as a supplementary means. It is also shown that the results of our 
proposed priority scheme achieve inpainted results with better PSNR values. 
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                                                PSNR=30.226     PSNR=34.3980 
                                                SSIM=0.9977     SSIM=0.9995 

(a) 

    

                                             PSNR=33.160         PSNR=33.331 
SSIM=0.9996         SSIM=0.9998 

(b) 
Fig. 4 Typical inpainting results. (a) Scratch removal. (b) Text removal. The first to fourth columns are the original 
images, the degraded images and the inpainted results of the improved version of [11] and our proposed algorithm. 
 
4.2 Comparisons with the exemplar-based algorithms using isophote-driven priority 
 

We also compare our algorithm with the exemplar-based algorithms proposed by Criminisi [12] 
and Wong [14] in the applications of scratch restoration, text removal and object removal from a scene, 
and the results are shown in Fig. 5. The first row is the original images. In the remaining rows, the first 
to the fourth columns are the degraded images, and the inpainted results of Crminisi’s algorithm [12], 
Wong’s algorithm [14] and our proposed algorithm. The missing regions of degraded images occupy 
5.3%, 3.9%, 13.8% and 13.6%, respectively. Criminisi’s algorithm [12] introduces inconsistent edge 
structures as the results within the rectangles in the second columns of Fig 5(b) and 5(e). Moreover, 
some unpleasant artifacts are introduced. For example, the texture of grass appears in the texture of the 
sky in the third example. The reason might be that the isophote-driven priority assigns high priority to 
the textures rather than the structures and the best matching patch merely utilizes the information of a 
single patch in the source region. Wong [14] selects several top similar source patches and uses a 
weighted similarity function to generate the best matching patch so it produces more pleasant results. 
For example, the unwanted artifacts are alleviated, which is shown in the result within the smaller 
rectangle in the third column of Fig. 5(b). However, it may produce blurring effects on some sharp 
edge structures, such as the results in the third columns of Fig. 5(c) and 5(e). Our proposed approach, 
which employs the standard deviation of variances as the data term in the priority definition, more 
robustly identifies the structures; and thus, it achieves the pleasant results in the texture consistency and 
the edge continuity. 

We also compare our algorithm with Cheng’s approach [13] and the results are shown in Fig. 6. 
Cheng presented that the priority function in [12] was not a well-defined function and may become 
unreliable after a number of iterations. Therefore Cheng modified the priority function in [12] through 
the linear weighted combination of the confidence and data term. Cheng’s algorithm, which employs 
the modified isohote-driven priority, is able to resist the “dropping effect”. However, due to the reason 
that its priority function also uses isophote strength as the data term, it cannot robustly identify the 
structures, as well as the isophote-driven priority. In other words, Cheng’s algorithm also may be 
misled by the high-frequency components and start from the texture regions where the isophote 
strength is strong. As a result, the results produced by Cheng’s algorithm which uses the modified 
priority are not visually pleasant. For example, the unwanted artifacts appear within the rectangle of 
Cheng’s result in the third column of Fig. 6(a). In the second example, the texture of planks appears in 
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the texture of water. As for the last example, Cheng’s algorithm cannot preserve the edge continuity, 
which is pointed out with the rectangles. In contrast, our proposed priority, which utilizes the standard 
deviation of variances to measure the similarity of neighboring source patches, assigns priority to the 
structures in a more robustly way, preserves the edge continuity and the texture consistency, and 
achieves more pleasant results that align with the human visual perception. 

 

    

(a)  

    
PSNR=34.260           PSNR=34.987           PSNR=36.115 
SSIM=0.9998           SSIM=0.9997            SSIM=0.9999 

(b) 

    
(c) 

    

PSNR=34.626         PSNR=35.307        PSNR=37.512 
SSIM=0.9987         SSIM=0.9985         SSIM=0.9995 

(d) 

    
(e) 

Fig. 5. More typical inpainted results. (a) Original images. (b)-(e) Degraded images and the inpainted results. The 
first to fourth columns of 5(b)-5(e) are the degraded images and the inpainted results of Criminisi’s algorithm [12], 
Wong’s algorithm [14] and our proposed algorithm. 



10 

    
(a) 

    
                                 PSNR=33.806      PSNR=38.709 

                                                SSIM=0.997       SSIM=0.9997 
(b) 

    

PSNR=37.085          PSNR=39.572 
SSIM=0.9993          SSIM=0.9994 

(c) 
Fig. 6. More typical inpainted results. The first to fourth columns are the original images, the degraded images and 
the inpainted results of Cheng [13] and our proposed algorithm. 
 
4.3 Implementation detail and computation cost 
 

In our implementation, the data term defined in (6) is incrementally computed only for the newly 
filling-in patches on the fill-front in each iteration. It takes 17 s to fill in the missing region with 543 
missing pixels in the degraded image of Figure 3(b) using Matlab (R2009).  

5. CONCLUSION 

This paper has presented a novel inpainting algorithm to recover the degraded images or remove 
unwanted objects from a scene. Different from the isophote-driven priority approach, we propose a 
priority method based upon the color distribution, which is able to assign priorities to the structures in a 
more robustly way. The experiments and comparisons show that our proposed scheme is capable of 
effectively maintaining the texture consistency and the edge continuity for a good visual quality. 
Moreover, our method is robust to the high-frequency components such as the noises in the priority 
assignment. 

Further improvements of the current scheme are still promising. Firstly, as [7] pointes out, the 
SSD metric is insufficient in measuring the self-similarity between patches. More metrics should be 
considered in the selection step of the best matching patch, such as coherence. Secondly, when the 
missing structure information cannot be sampled in the source region, it cannot be recovered in a better 
way. In other words, the current exemplar-based approaches cannot recreate the geometry without any 
example. This is also the common limitation of exemplar-based approaches. In the future, we will 
further incorporate the human-labeled structure and other possible methods into the inpainting 
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algorithms for recovering the totally removed structure.  
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