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Abstract: To solve the issue that it is difficult to maintain the consistency of linear structures
when filling large regions by the exemplar-based technique, a hierarchical guidance strategy and
exemplar-based image inpainting technique is proposed. The inpainting process is as follows:
(i) the multi-layer resolution images are firstly acquired through decomposing of the pyramid on
the target image; (ii) the top-layer inpainted image, the beginning of the inpainting from the top
layer, is generated by the exemplar-based technique; (iii) there is a combined result between the
next layer of the top image and the up-sampling output on the top-layer inpainted image, and the
target regions are filled with information as guidance data; (iv) this process is repeated until the
inpainting of all layers have been completed. Our results were compared to those obtained by existing
techniques, and our proposed technique maintained the consistency of linear structures in a visually
plausible way. Objectively, we choose SSIM (structural similarity index measurement) and PSNR
(peak signal-to-noise ratio) as the measurement indices. Since the values of SSIM are well reflected
when compared with other techniques, our technique clearly demonstrated that our approach is
better able to maintain the consistency of linear structures. The core of our algorithm is to fill large
regions whether they are synthesis images or real-scene photographs. It is easy to apply in practice,
with the goal of having plausible inpainted image.
Keywords: pyramid decomposition; hierarchical guidance strategy; exemplar-based technique

1. Introduction
Image inpainting belongs to the field of image retouching; users who do not see the original image
accept the inpainting result on conditon that the restored image maintains visual consistency. Image
inpainting, which is mainly used for speckles, scratches, damaged regions, the removal of objects,
overlaid text or dates on the photo, etc., has a wide range of applications.
Since image inpainting was proposed by Bertalmio et al. [1], many scholars have begun to
study image inpainting in recent years, and the representative inpainting approaches fall into two
classes: The former is the technique based on variational partial differential. The typical methods
proposed by Chan et al. [2–4] are the TV model, the curvature-driven model, and Euler’s elastica
model, which efficiently fill small image regions but fill texture images poorly. The latter class is the
exemplar-based technique proposed by Criminisi et al. [5], which has the advantages of simultaneously
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filling textures and structures using similar patches in the process of inpainting target regions, and some
researchers have improved work in this area [6–8]. Xu et al. presented an exemplar-based sparse
representation inpainting technique [9] using a dictionary composed of similar patches. In addition,
the image is decomposed into two components that included a texture component and a structure
component, and the output was the sum of the two components [10]. Exemplar-based wavelet
decomposition and redefinition of the priority is also proposed by Padmavathi in [11]. Wavelet-based
inpainting methods are further proposed in [12,13]. Pyramid decomposition inpainting is proposed
in [14–16]; however, it was not well suited for recovering textures with large areas.
Liu et al. [17] proposed a method of multiscale graph cuts that uses minimum energy optimization.
The alternating direction method for image inpainting in wavelet domains is proposed in [18]. These
methods are based on multi-resolution inpainting. There are some researchers who have adopted
deep neural networks for image inpainting. Xie et al. presented image denoising and inpainting with
deep neural networks [19]. Additional methods with deep learning are proposed in [20–23], but they
require a long training times when using for inpainting.
The image is decomposed into different image resolutions, as human beings observe the image
from different distances. For example, we see the overall appearance from a long distance and observe
local details from a near distance.
In our experiment we observed such a fact that the images of some level layer by pyramid
decomposing are repaired with satisfaction, so in this case we think out outgrowth that well-pleasing
filling result of some layer guide inpainting of next layer, until the original image is retouched well.
As the target regions are reduced accordingly in a top layer decomposed by a pyramid, small regions are
filled more effectively. The inpainting in the top layer of a pyramid focuses on the global optimization
of the image, and the result of inpainting in the top layer then guides the next lower layer to fill target
regions, so it seeks optimization in the global with a physically plausible and visually pleasing result.
Experimental results showed that the exemplar-based technique can achieve better results in
different layers of the pyramid and that it could maintain the consistency of linear structures in the
global domain. Therefore, we present a hierarchical guidance strategy in this paper.
After decomposing the pyramid in the original image, the target regions of the top layer are
filled by the exemplar-based technique. The inpainted result is processed by up-sampling, and then
combined with the next layer of the pyramid. The sum image contained information located in the
target regions, which is considered as the guidance information when inpainting the next layer by the
exemplar-based technique. The process is carried out repeatedly until all layers are filled. Compared to
the results obtained by single inpainting, the proposed method in the paper can remarkably improve
the effectiveness of inpainting.
2. Related Work
Image inpainting refers to filling target regions manually selected by the user or automatically
marked by the algorithm (such as a segmentation algorithm). Pyramid decomposition means that
several images with different resolutions are generated; with the increase in layers, the image
resolutions become lower, and the area of target regions also become smaller. Therefore, filling small
target regions should be repaired well with a satisfactory result. The exemplar-based technique [5]
has two advantages of simultaneous filling texture and structure. Combining these two classes of
techniques, we propose an exemplar-based technique and hierarchical guidance strategy inpainting
algorithm in this paper.
2.1. Exemplar-Based Technique
The exemplar-based technique is also known as texture synthesis inpainting. The main steps are
as follows: (i) find a patch with the highest priority in the boundary between the target regions and
source regions; (ii) look for the best similar patch and fill the region; (iii) update the priority of the
boundary of the target regions, and (iv) repeat this process until the target regions are inpainted [5],
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as shown in Figure 1. Figure 1b shows the original image shown in Figure 1a filled once. The inpainting
processing is shown in Figure 2.

(a)

(b)

Figure 1. The image inpainting using exemplar-based technique. (a) The regions to be inpainted;
(b) The inpainted result.

Figure 2. The inpainting process of the exemplar-based technique.

2.2. Pyramid Decomposition
Pyramid decomposition is a kind of multi-scale representation of an image. In this paper,
the pyramid decomposition consists in down-sampling only; that is, pyramid down-sampling in
the K-layer image generates (K + 1) layer image. The cut-off frequency is gradually increased by a
factor of 2 from the upper layer to the next layer, so the Gaussian pyramid generates a large frequency
range [14].
Assuming that the 0th layer is the original image, denoted by G0 , the first layer is denoted by
G1 , and the k-th layer is denoted by Gk . Without a filtering operation in the pyramid decomposition
process for avoiding the ambiguity of image decomposition, the upper image is one-fourth the time of
the layer. The effectiveness maps are shown in Figure 3 using pyramid decomposing.

Figure 3. The pyramid decomposition of an image.
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3. Hierarchical Guidance Strategy Inpainting
3.1. The Process of the Hierarchical Guidance Strategy
Multi-layer images are generated by pyramid decomposing of the original image if there are k
layer images. First, the top layer Gk is filled by the exemplar-based approach, and the output is an
Rk image. Second, the up-sampling of Rk is carried out, and the output is an Sk−1 image. The target
regions in the Gk−1 image are replaced by the regions that are located in the Sk−1 image, and the output
is an Ak−1 image. Finally, the target regions in the Ak−1 image are filled. The filling information is
rough and easy to blur, but the filled information is regarded as guidance information for searching
the best patches. When looking for the best patches, the target regions will again be filled by the
exemplar-based approach and the output is the Rk−1 image. The up-sampling result of Rk−1 will
help the next layer fill the target regions, and this process is repeated until the target regions of the
original image have been completely filled. The process is shown in Figure 4, and the process of image
decomposition and inpainting is shown in Figure 5.
The top layer image, after pyramid decomposing, has a lower resolution, and the area of target
regions is smaller. The process of inpainting starts at the top layer image. As the exemplar-based
technique fills texture and structure simultaneously, we selected the exemplar-based approach to fill
the image, so that the inpainted image would maintain the consistency of linear structures and texture
and would have present plausible results.

Figure 4. The flow chart of inpainting using the pyramid layer guidance.
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Figure 5. Diagram of inpainting.

Assuming that there is a point p on the edge of target regions (∂Ω), the patch to be filled in which
a point p locates in the center has two regions: a known part (Ψ pa ) and an unknown part (Ψ pb ), which
are shown in Figure 1a. The exemplar-based technique searches for the best exemplar Ψq̂ in the image
using the known part Ψ pa of patch Ψ p , as illustrated in Figure 1. Ψq̂ is calculated by Equation (1).
Ψq̂ = arg min d(Ψ pa , Ψqa ), Ψq ∈ Φ

(1)

where Φ is the sample of the entire image; patch Ψq is similar to Ψ p , which has the lowest distance
to patch Ψq ; d(Ψ p , Ψq ) is the distance including color and gradient between patch Ψ p and patch Ψq ,
as shown in Equation (2).
d(Ψ p , Ψq ) =

3

∑ ((1 − λ)( Ipi − Iqi )

2

2

+ λ(∇ I pi − ∇ Iqi ) )

(2)

i =1

where I p and Iq are the vector of the RGB; ∇ I p and ∇ Iq are the vector of the gradient of the image; λ is
the weight representing the influence of the gradient. Both the pixel and the gradient are normalized.
The calculation of distance in [5] employs the color component, but we calculated the distance
using color and gradient, so the candidate patches were subjected to a certain constraint, and the
repaired image obtained was more aesthetically pleasing.
The weight λ needs to set a suitable value in Equation (2). This equation can constrain similar
patches if the value of λ is small or is zero, which leads to the result that the structures may be blurry
or missing. Otherwise, the large value generates mismatching. Hence, we calculate the PSNR (peak
signal-to-noise ratio) cumulative value from 30 images with the same size and mask (mark the target
regions). The PSNR cumulative values vary with different λ values as shown in Figure 6. The PSNR
cumulative value achieves the maximum value with λ = 0.6, so we fix the value of λ as 0.6 in all
experiments to achieve the stability of our method.

Figure 6. PSNR (peak signal-to-noise ratio) cumulative values vary with different λ values.
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3.2. Middle Layer Inpainting of Hierarchical Guidance
As the image resolution descends, the area of the target regions gradually diminishes from the
bottom layer to the top layer by pyramid decomposing. We executed the strategy whereby the image
was restored from the top layer to the bottom layer. The result of the inpainting in the top layer, once it
is finished, can guide inpainting of the next layer. Assuming that the top layer image ( Gk ) is restored,
it is subjected to up-sample to obtain an Sk−1 image, and an Ak−1 image is created by merging the Sk−1
image and the Gk−1 image. Meanwhile, the target regions Ω in Ak−1 are filled; however, by employing
the exemplar-based technique, filling the target regions Ω again will employ the pixels already filled
(the pixels in the patch part of Ψ pb ) as the guidance information. Assuming the target patch Ψ p is now
searching for the best similar patch, Ψq̂ is calculated by Equation (3).
Ψq̂ = arg min[d(Ψ pa , Ψqa ) + d(Ψ pb , Ψqb )], Ψq ∈ Φ

(3)

where Ψ pa represents the known pixels, and Ψ pb is the guidance information. The distance is calculated
by Equation (2). We extracted randomly 30 images for testing as shown in Figure 7, which denotes that
gradient information is not used with λ = 0, and comparison illustrates that the PSNR cumulative
values are obvious when the best patch in the middle layer with a gradient distance defined by
Equation (2) is being sought. The PSNR cumulative values are highest if λ = 0.4, so λ = 0.4 is set for
inpainting the middle layers for all experiments here.
To improve the visual effect of the inpainting result, we employ Possion blending [24] for
post-processing.
The number of pyramid decomposition layers is limited, as this number generally relates to the
size of the image and the area of the filling regions. Equation (4) is used to calculate the maximum
number of levels of decomposition. Generally speaking, we do not take the maximum number of
layers, and this number will be bound by the texture.

Figure 7. The influence of λ using gradient information on the middle layer inpainting.

l
m l
m
L( N ) = log2 [min( Iwidth , Iheight )] − log2 [min( patchwidth , patchheight ]

(4)

where Iwidth ,Iheight ,patchwidth , and patchheight are the target image width, image height, and the
exemplar-patch width and height. For example, the target image size is 547 × 454 in Figure 8,
and the patch size is 9 × 9, so we can calculate N = 5. In the process of decomposing, we pay attention
to the fact that the area of filling regions in the top layer cannot be zero, since we here cannot fill any
regions. Decomposing will stop when we detect that the filling region area is zero.
The hierarchical guidance strategy and exemplar-based image inpainting is expressed in
Algorithm 1.
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Algorithm 1 Hierarchical guidance strategy and exemplar-based image inpainting.
Input: The corrupted image I; The mask for identifying the target regions;
Output: The restored image;
1: Build the pyramid images with N layers
2: flag ← True
3: for (n ← N; n ≥ 0; n ← n − 1) do
4:
if flag is True then
5:
When inpainting the top layer of pyramid using exemplar-based method, we can acquire
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:

the Rn
flag ←False
end if
Obtain Sn−1 by up-sampling Rn
Merging the image Gn−1 and image Sn−1 into image An−1
The image Rn−1 is generated when restoring the image An−1 by exemplar-based technique and
hierarchical guidance
end for
Achieve the result of inpainting(R0 )
Output possion blending result of R0

4. Experimental Analysis
The patch size was set as 9 × 9 when employing the hierarchical guidance strategy and
exemplar-based image inpainting. The original image is the 1st layer.
Simulation experiments are shown in Figures 8–12 along with the existing methods for inpainting
various types of images. From Figure 8 to Figure 12, (a) is the original image; (b) is the mask image;
(c) is the inpainted image of our method; (d) is the inpainted image by the method proposed in [5];
(e) is the inpainted image by the method proposed in [25]; (f) is the inpainted image by the method
proposed in [26]; (g) is the inpainted image by the method proposed in [27].
Figure 8a is a circle image. We set the number layer N = 4. Figure 8d is substantially different from
Figure 8a, the arcs in Figure 8e,f are concaved, the boundary of the circle in Figure 8g shows a fuzzy
effect, and Figure 8c shows little convexity. Thus, these inpainting techniques are different.

Figure 8. The circle image inpainting. (a) The original image; (b) the mask image; (c) our method;
(d) literature [5]; (e) literature [25]; (f) literature [26]; (g) literature [27].
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Figure 9. The square image inpainting. (a) original image; (b) mask image; (c) our method; (d) the
method proposed in [5]; (e) the method proposed in [25]; (f) the method proposed in [26]; (g) the
method proposed in [27].

Figure 9a shows an image with certain structural rules. Here, the algorithm sets the layer number
as N = 3. Figure 9d,g do not maintain the consistency of the structure; there was a certain degree of
ambiguity near the boundary in Figure 9e,f; Figure 9c maintains the consistency of the structure where
the inpainted image was satisfactory.
Figure 10a shows a pyramid image, the number of pyramid levels (N) is fixed as two.
Inconsistency in the contours of the edges is apparent in Figure 10d,f, and there is no tower spire
in Figure 10e. The effect of inpainting is obviously poor for the tower spire, which is not filled in
Figure 10g. The image based on our method, as shown in Figure 10c, is very close to the original image,
as it retains the structure of the image. Figure 10b shows that the target regions containing corners
could not be easily repaired, so the many inpainting methods failed to repair the image.
Figure 11a shows an image of part of a zebra. Here, we set N = 3 (the number of the pyramid
level). The target regions simultaneously contained textures and structures as shown in Figure 11b
with a green label. It can be seen from Figure 11d that the inpainted image is not aesthetically pleasing.
The inpainted image has a certain degree of ambiguity. In Figure 11c,f, the inpainted image shows a
plausible result which is close to the original image for maintaining the structure and holding textural
coherence. In Figure 11g, the repair result shows a blurry effect, and in Figure 11e, the target region
with line structure is not well filled.
Figure 12a shows an image of a bird. We set N = 2 (the number of pyramid levels). The target
regions in Figure 12b has three kinds of textures, structures, and smooths. We can see a near-acceptable
inpainted image in Figure 12d with an extra twig and black spots in the bird’s chest. The inpainted
image in Figure 12e is ambiguous, but the inpainted images in Figure 12f,g are reasonable; the inpainted
image in Figure 12c, which is close to the original image, maintained consistency. From the
experimental results seen in Figures 8–12, we can conclude that the proposed method can maintain the
consistency of structures and achieve a well-pleasing texture.
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Figure 10. Pyramid image inpainting. (a) the original image; (b) the mask image; (c) our method;
(d) the method proposed in [5]; (e) the method proposed in [25]; (f) the method proposed in [26];
(g) the method proposed in [27].

Figure 11. Zebra image inpainting. (a) the original image; (b) the mask image; (c) our method; (d) the
method proposed in [5]; (e) the method proposed in [25]; (f) the method proposed in [26]; (g) the
method proposed in [27].

Figure 12. Bird image inpainting. (a) the original image; (b) the mask image; (c) our method; (d) the
method proposed in [5]; (e) the method proposed in [25]; (f) the method proposed in [26]; (g) the
method proposed in [27].
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Here, a qualitative comparison of inpainted images is performed by calculating the PSNR and the
SSIM, and it is demonstrated that, when the value of PSNR and SSIM is larger, the inpainted image
is more satisfactory. The fact is that the inpainted image equals the original image when SSIM = 1.
The PSNR is computed as
!
(2n − 1 )2
PSNR = 10 × log
MSE
(5)
1 m −1 n −1
2
MSE =
∑ k A(i, j) − B(i, j)k
mn i∑
=0 j =0
where the term MSE is the mean square error between the original image A and the processed image
B; the term n is the depth of the pixel value,and the term n = 8 denotes grayscale image. The SSIM is
defined as
(2µ x µy + C1 )(2σx y + C2 )
SSI M( x, y) = 2
(6)
(µ x + µ2y + C1 )(σx2 + σy2 + C2 )
where σx , σy , σx y , µ x , and µy are the standard deviations, the cross-covariance, and the local means for
images x and y. C1 and C2 are constant values. The PSNR and SSIM values of the inpainted image
from Figures 8–12, which is measured using our method and methods used in [5,25–27], respectively,
are listed in Tables 1 and 2. From Table 1, we can see that the PSNR value of our method is not always
the highest when compared with others, but the analysis of the inpainted image by the human eye is
well-pleasing. From Table 2, it is clear that the SSIM values of our method, in many circumstances,
are satisfactory when compared with the others.
Table 1. PSNR values.
Examples

Size

Ratio

Our Method

Criminisi [5]

Telea [25]

Barnes [26]

Getreuer [27]

Figure 8
Figure 9
Figure 10
Figure 11
Figure 12

547 × 454
200 × 200
333 × 221
138 × 115
269 × 241

1.05%
8.86%
10.53%
6.40%
3.65%

69.48
45.00
42.75
39.64
53.02

47.15
44.10
42.30
37.94
47.79

58.87
42.00
41.84
40.53
47.84

66.22
44.99
43.79
42.14
45.84

54.01
47.34
41.80
43.48
48.72

Table 2. SSIM values.
Examples

Our Method

Criminisi [5]

Telea [25]

Barnes [26]

Getreuer [27]

Figure 8
Figure 9
Figure 10
Figure 11
Figure 12

0.9993
0.9740
0.9724
0.9611
0.9967

0.9884
0.9721
0.9654
0.9404
0.9901

0.9875
0.9334
0.9708
0.9548
0.9936

0.9960
0.9660
0.9721
0.9566
0.9935

0.9955
0.9604
0.9765
0.9625
0.9954

The experiments show that the layer number of pyramid decomposition will partly influence the
inpainted image. The number of layers is generally related to the size of the image, the filling area, the
shape of the target regions, and the texture. The target regions fall into two cases: One case is that target
regions include texture, and target regions can be inpainted in a well-pleasing manner by decomposing
a small number of layers (Figures 10–12). Decomposing too many layers will increase the ambiguity
of the output image. The other case is that target regions are non-textural, and the image needs to
decompose more layers to acquire a satisfactorily inpainted image (Figures 8 and 9). Figures 13 and 14
show the relationship between the number of decomposed layers and both the PSNR values and the
SSIM values respectively. Figures 13 and 14 illustrate that the layer number of image decomposition
influences image restoration. Poor inpainting of the top layer will affect the next repair and so will lead
to unacceptable results of inpainting. However, small areas are much easier to repair than large areas,
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so the filling area of the top layer of the image is smaller. In general, it is easy to obtain satisfactory
repair results. In many cases, how the top layer guides the next layer is the key to repair.

Figure 13. The relationship between the hierarchical number of images and PSNR.

Figure 14. The relationship between the hierarchical number of images and SSIM.

5. Conclusions
Due to the difficulty of maintaining structure consistency when large regions are repaired using the
exemplar-based technique, a method that uses the hierarchical guidance strategy and exemplar-based
inpainting technique is proposed here. Pyramid decomposing was applied to the top layer of an image
for inpainting from a global view, and the inpainted image of the top layer then guided repair of the
next layer. In other words, an inpainted layer guides inpainting of the next layer. There are two benefits
to this: one is that the structures in the target regions are kept consistent with the global structure,
and the other is that it decreases the candidate patches when the best exemplar using the guidance
strategy for inpainting is sought. This demonstrates that the herein proposed method employing the
hierarchical guidance strategy, which was compared with other methods and measured by objective
evaluation of PSNR and SSIM, was applied successfully for inpainting. Our method needs to improve
its performance in reducing sample resources through pyramid decomposition. Considering multiple
resolutions, we can improve the inpainting effect by building a database and by further enriching the
sample resources.
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