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Abstract. A fast and robust edge-guide exemplar-based method of im-
age inpainting is proposed in this paper. Unlike traditional exemplar-
based methods, we introduce an edge-reconstruction procedure before
inpainting textures. The edge reconstruction procedure exploits differ-
ent properties of edges, such as the curvature similarity, color similarity,
and other estimate of how well two edges connect to each other. Guided
by the reconstructed edge lines, the improved exemplar-based method
is used to restore the textures and remaining structures. Moreover, we
redesign the random search strategy to make it more suitable for our
framework to solve the time-consuming problem caused by exhaustive
search in most exemplar-based methods. After the match patch is cho-
sen, color transfer is used to propagate the match patch information to
further improve the visual quality and perceptual reasonability. Com-
prehensive experiments are performed to compare the proposed method
with other well-known methods on synthetic images and natural images.
The results show the proposed method can not only greatly reduce the
computing time of exemplar-based methods, but also behave better on
visual plausibility and continuity.

Keywords: image inpainting, edge, exemplar-based, PatchMatch,
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1 Introduction

Image inpainting is this kind of technology whose goal is to remove some objects
or restore the missing information from the source image in a way the observer
can not notice the artificial trace.

In the literature, most inpainting methods can be categorized into two types,
exem-plar-based and diffusion-based. The diffusion-based method is often called
PDE (partial differential equation)-based method because the inpainting image
is often modeled as a PDE. These methods source from the heat diffusion, it
propagates the information of the known area into the missing area along some
direction. Bertalmio et al. [1] took the isophote direction as the propagating
direction, and iteratively propagated the Laplace smooth information into the
missing region until the image didn’t change. Chan et al. [2] developed the To-
tal Variation (TV) model for the image inpainting. To solve the discontinuity
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problem in the TV model, curvature-driven diffusion (CDD) [3] model was in-
troduced. These diffusion-based methods can deal the image of small damaged
area without texture very well, but when it comes to the image of large damaged
area or area with textures, they often result in some blurs.

On the contrary, the exemplar-based method can handle the image of large
dam-aged area with texture well. The exemplar-based method copies the in-
formation from the known region by finding the most similar patch. However,
directly copying and pasting the known information can’t get a plausible result.
Criminisi et al. [4] devel-oped the patch priority, which is determined by the flux
of the isophote flowing into the inpainting contour. Using the patch priority to
determine the filling order, the texture information and the linear structure in-
formation can be well reconstructed. Several variants were proposed after article
[4]. Cheng [5] reformed the priority func-tion of article [4] to get more robust
performance, Tae-o-sot et al. [6] introduced the patch shifting scheme. However,
most of these exemplar-methods still result in global structure inconsistency and
use exhaustive search to find the best match patch which is very time-consuming.
These two points are the main points we focus on in this paper.

As to the time cost, Kwok et al. [7] used the DCT to decompose the patches
into frequency coefficients to speed up the process of finding the best match
patch. Barnes et al. [8] developed the PatchMatch method, which can effec-
tively reduce the heavy time cost. Tae-o-sot et al. [9] redesigned the PatchMatch
method to make it suit to their framework. But these acceleration algorithms
don’t consider about the inconsistency problem of the global structures. As we
know, only article [10] did similar work as us, but they still use the method in
article [4] without any change to fill the texture, that leads huge time cost and
some visual discontinuity.

In this paper, we proposed a fast and robust edge-guided exemplar-based im-
age inpainting method. To solve the global structure inconsistency problem, we
introduce an edge-reconstruction procedure into the exemplar-based method.
Exploiting differ-ent properties of edges, the fractured global edge lines are well
connected. Guided by the reconstructed edge lines, the improved exemplar-based
method is used to restore the textures and remaining structures. Moreover, we re-
design the random search strategy to solve the time-consuming problems caused
by exhaustive search. To fur-ther improve the visual quality and perceptual rea-
sonability, we use color transfer to propagate the match patch information to the
target patch. Comprehensive experi-ments are performed to compare the pro-
posed method with other well-known meth-ods on synthetic images and natural
images. The results show the proposed method can gain promising improvements
both on visual plausibility and computation time.

The rest of the paper is organized as follows. In section 2, we introduce edge
re-construction procedure in detail. The redesigned exemplar-based method is
described in section 3. The comparison results over the typical inpainting method
are presented in the section 4. We conclude this paper in section 5.
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2 Edge Reconstruction Procedure

2.1 Overview of the Proposed Method

The proposed method mainly includes two important procedures, the global
structure restoration procedure and the texture inpainting procedure. Given an
image with a missing area, we first generate the edge line using the segmentation
and edge detec-tion algorithm. As shown in Fig. 1(b), L1L2...Lm are the gener-
ated interceptive edges. By analyzing the local and global features of these lines,
the missing lines in the miss-ing region are reconstructed by our edge reconstruc-
tion method. Then by using the restored lines as guideline, the information near
the restored lines is first inpainted by our improved exemplar-based method.
Finally, the left region is inpainted by the exemplar-based method. Figure 1
shows the procedure demonstration of the proposed algorithm. The following
will describe the first procedure-edge reconstruction in detail.

Fig. 1. Overview of the proposed algorithm. (a) The source image with white mask.
(b) Edge image after segmentation and edge detection. (c) Reconstructed edge-line
image. (d) Intermediate result of inpainting guided by edge image. (e) Final result of
the proposed method.

2.2 Edge Generation and Reconstruction

In Edge generationthe goal is to get the contour lines of the image, and item-
ize the lines into each segmented part. In this paper, Mean Shift algorithm
[11] is adopted to segment the source image because of its relatively fast speed
and efficiency. As to the edge detection, we adopt the canny edge detection
algorithm [12].

After getting the edge image, we extract all the edges hitting on the missing
region contour. All these edges are defined as lines L1L2...Lm(e.g. Fig. 1(b)).
Then we need to determine which two edge lines should connect to each other,
which is the most im-portant part of edge reconstruction procedure. We define
as the score to estimate how well two edge lines can connect to each other. The
score is calculated accord-ing to the following equation:

Ci,j = CSi,j + Si,j + Ii,j +Di,j (1)

Where CSi,j represents the average curvature similarity of the pair of lines, Si,j

repre-sents the direction consistency of the pair of lines, Ii,j represents the color
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similarity surrounding the edge lines, Di,j represents the distance of the pair of
lines. All the four parameters have values between 0 and 1.The better the two
lines match, the closer the variants are to 1. The calculation details are described
in the following.
1. The average curvature similarity CSi,j :

CSi,j =
∣
∣
min(average(ki1, ki2...kin), average(kj1, kj2...kjn))

max(average(ki1, ki2...kin), average(kj1, kj2...kjn))

∣
∣ (2)

Where kit represents the curvature t of point i on the edge line from the crossing
point with the boundary to the other direction. n is the number of points to
compute the average curvature on the edge line, we here set it as 5 to 10. When
the average curva-tures of edge i and edge j are equivalent, the value is 1. The
bigger difference the average curvatures have, the smaller the values is.
2. The color similarity surrounding the edge Ii,j :

Ii,j =
min(d1,2, d1,3...d2,3...dm−1,m)

di,j
with di,j =

m∑

t=1

(patchit − patchjt) (3)

Where the di,j means the color difference of edge i and edge j, m is the number
of the edges, patchit is the patch center on the point t on the edge i , its size is
set to be 5 to 9. patchit−patchjt is the sum of the corresponding color difference
of the two patches. The smaller the difference is, the surrounding pixels of the
edge are more alike, the bigger Ii,j is.
3. The spatial distance of the two edges Di,j

Di,j =
min(dis1,2, dis1,3, ...dis2,3, ...dism−1,m)

disi,j

with disi,j =
√

(pix − pjx)2 + (piy − pjy)2
(4)

Where disi,j is the coordinate distance of the cross point with the boundary of
the edge i and edge j. The smaller the distance is, the bigger is.

As shown in Fig. 2(a), L1L2L3L4 have similar curvatures, and if textures
surrounding these edges are also similar, then as the method in article [10] states,
the spatial distance would decide which two edges should connect. Finally, the
result of Fig. 2(b) is obtained. We can notice the unnaturalness very easily. So
we introduce a new feature-direction consistency to solve the problem in Fig.
2(a). We first compute the distance of the centers of curvature circles. As shown
in Fig. 2(c), the distance of R1 and R4 are much nearer, so we are more prone to
connect L1 and L4, and so do with L2 and L3. The detail definitions are given
in the following.
4. Direction Consistency Si,j :

cdisi,j = d(centeri, centerj), centeri = g(centeri1, centeri2...centerin)

Si,j =
min(cdis1,2, cdis1,3, ...cdis2,3, ...cdisn−1,n)

cdisi,j

(5)
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Fig. 2. (a) The situation method in article [10] can not deal with. (b) Unnatural result
from method in article [10]. (c) Centers of curvature circles. (d) Natural result from
the proposed method.

Where g returns the geometric center, centerik is the center of curvature circle
of kth points on the edge i, n is the number of points, n is usually set to be 3 to
7, cdisij is the coordinate distance of the two centers. The smaller the distance
is, the bigger Si,j is.

After computing all the scores of the every pair of edge lines, we choose the
pair with the highest score every time. Then we use NURBS curve [13] to fit
the two lines to connect the pair of edge lines. NURBS curve is a powerful
method to design curves. It is geometrically invariant and affine invariant. It is
very convenient to joint two curves. Taking into consideration these advantages,
we decide to use it to fit the broken edges.

Until all the lines are connected or all the pairs’ scores are less than a threshold
TH , we stop the connecting procedure. It would be appropriate to set the
threshold TH as values between 0.3 and 1.5, we here set it as 0.7.

3 Improved Edge-Guided Exemplar-Based Inpainting
Procedure

3.1 Redesigned Generalized Random Search Strategy

Here we first review the PatchMatch algorithm introduced by the Barnes [8],
which is a very efficient method to solve problems like this: given an image I ,
for every square patch center on the pixel of I , find out the approximate best
match patch in an image S, with SSD (sum-squared difference) between corre-
sponding pixels as the measure.

The original PatchMatch algorithm includes three steps, initialization, propa-
gation and random search. For patch T center on pixel (x, y), define f : I → R2

as the nearest neighbor function. Then f(x, y) returns the corresponding patch
offset of T (x, y).

In the initialization step, all the patches are assigned to their corresponding
patch randomly. Of course, you can adopt other strategies to initialize, such as
basing on the prior knowledge or up-sampling the corresponding patch of the
low resolution level.
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The propagation procedure tries to improve the best match using the known
best match above or the left. Let f(x, y) denotes the patch difference between
patch cen-ters on (x, y) and (x, y) + v. So the candidate best patch comes from
minD(f(x, y)), D(f(x − 1, y) + (1, 0)), D(f(x, y − 1) + (0, 1)), Through this
propagation, if (x, y) has a good match, then all the patches below and right
to (x, y) will have good matches. Besides, on the even iteration, scan the pixel
on the reverse order, propagate the good match of down and right.

The propagation procedure converges very fast, but it may trap in the local
mini-mal. So the random search strategy is used: candidate is sampled from an
window randomly, and f(x, y) is updated if any of the candidate has smaller dis-
tance. Let v0 be the current best offset of f(x, y). Then the candidate is randomly
chosen by search around v0 at an exponentially decrease radius: ui = v0+wαiRi

, where w is the maximum search radius, α is the ratio decreasing the window
size, Ri is a random in [1,-1]x[-1,1]. The index i increases from 1 to n until the
window size is less than 1.

Tae-o-sot et at. [9] changed the random search procedure. As the radius de-
creases, the search center no longer remains unchanged. Every time the radius
decrease, it lets the previous best patch be the search center: ui = ui−1+wαiRi.
Obviously, this change makes it more accurately to find the better patch. But it
brings another problem: if the final best patch is far from ui, this change may
end up with a local optimum, figure 3(a) demonstrates this situation. Suppose qi
is the match patch, and the smaller the index is, the better the patch matches.
When w=2(the red box), if q9 is not selected, for example, q8 is selected, then
the best match in the top right corner would be missed. But we here save k best
match patches, then q9 is very likely to be saved in the list, and the best match
patch will be also more likely to be selected. The following is the details.

We save k best match patches p0, p1, ...pk−1 in the search list. p0 is initialized
as v0, then act as the best patch match, and pk−1 is the kth best match patch.
Every time inserting one better patch into the list and delete the worst patch
from the list, we changed the random search strategy as follows:

ui = min(p0 + wαiRi, p1 + wαiRi, ...pk−1 + wαiRi) (6)

If ui is better than pk, we insert it into the list at appropriate position,
and delete pk from the list. That strategy makes the random search not be
trapped into local optimum. And because the k is a constant and the most time-
consuming procedure in the PatchMatch is not random search, so our redesigned
scheme almost behaves as fast as the original scheme, and gets more consistent
results than the original one. Figure 3(b) shows the running time of the original
PatchMatch [8], kd-tree [14] and our scheme on different images with different
number of pixels.

3.2 Color Transfer

In the typical exemplar-based methods, once the best match patch is selected,
the pixels of the patch are copied to the target patch without any change.
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(a) (b)

Fig. 3. (a) The situation the method in [9] fails. (b) Running time contrast of different
schemes.

Although the selected patch is the best match patch in the known region, it
is not always in the same distribution with the target patch, which may lead
some unnatural result in the end. Here we use some simple statistical feature to
transfer the selected patch to fit the target patch.

As shown in articles [15] [16], image color characteristics affects human vi-
sual sen-sibility heavily. So we use the skewness and the kurtosis to transfer
the selected patch to make it more similar with the target patch. Skewness is
to measure uniformity of data distribution. Its value is M3/σ

3, M3 is the third
moment of the distribution, σ is the standard deviation. We use the following
equation [17] to transfer the skewness:

Yi(λ) =

{
(xi+t)λ−1

λgλ
1

λ�=0

g1 ln(xi + t) λ = 0
(7)

g1 is the geometric mean of source data, we should ensure (xi + t) > 0, and
adjust λ to change the skewness.

We use the following equation [17] to transfer the kurtosis, which equals to
M4/σ

4, M4 is the fourth moment of the distribution:

Zi(λ) =

{

sign( (|xi−b|+1)λ|−1

λgλ−1
2

) λ�=0

sign(g2 ln(|xi − b|+ 1)) λ = 0

g2 = (

n∏

1

(|xi − b|+ 1))1/n, sign=sgn(xi − b)

(8)

Where b is the geometric or arithmetic mean, we also transfer the target through
ad-justing λ. When the difference of the skewness is bigger than that of kurtosis,
we mainly transfer the skewness, else transfer the kurtosis. After the transfer,
we copy the transferred data to the target patch. And that returns more robust
results.
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Fig. 4. Restore the synthesis image. (a) The source image with an ellipse missing
region. (b) Reconstructed sketch line image. (c) The result of the method in article
[4]. The method can only deal with linear structure, so the reconstructed curves are
obviously inconsistent. (d) The result of method in article [7] (e) Final result of the
proposed method. The curve of the ellipse and the truncated straight lines are well
recon-structed.

Fig. 5. Restore the natural scene image. (a) Source image with a man. (b) Image after
removing the man and his reflection in the water. (c) The result from the method in
article [4]. The grass lines have obvious artifact, the mountain lines are also not so well
reconstructed. (d) The result of method in article [7] (e) The result of the proposed
method. The structures and textures are well restored in a way human almost can’t
detect the artifact.

Fig. 6. Removing large object. (a) Source image. (b) Removing the man from source
image. (c)Result of method in article [4]. (d)Result of method in article [7]. (e) Result
of method in article [9]. (f) Result of the proposed method. Notice that the structures
of the roof are well restored.
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4 Experiment Results

The proposed method is experimented on many kinds of images, from the nat-
ural pictures to synthesis images. The final results show the robustness and the
effective-ness of the proposed method.

We first test the proposed algorithm on a synthetic image with two trian-
gles and one ellipse to show how the algorithm reconstructs the structure of the
synthetic im-age. As shown in Fig.4, the curve can be well reconstructed; the
texture also can be filled appropriately guided by the reconstructed edge lines.
However, the method in article [4] can only restore some linear structure and
may lead to some inconsistency. The method in article [7] also results in some
artifact.

Figure 5 demonstrates the results to inpaint the natural scene pictures using
our al-gorithm. There are a variety of textures and structures near the missing
region. As shown in (e), both the structures and the textures are restored in a
plausible way by our algorithm. By contrast, the method in article [4] behaves
not so well in reconstruct-ing the boundary of the different textures and re-
sults in some artifacts. The proposed method also behaves better in structures
restoration than the method in article [7] as shown in the red box.

The results of using different methods to remove large object are shown in Fig
6. Our method shows the superiority in restoring the structures and textures,
especially in the roof (as marked in the red box), and returns comparative even
better results over the typical and improved exemplar-based methods.

5 Conclusions

In this paper, we proposed a fast and robust edge-guided exemplar-based in-
painting method basing on the basic truth that an image is a variety of textures
organized by the global edge lines. Different from the method in article [4], we
not only use the local structures to guide our texture inpainting, but also use
the global structures restored by our algorithm, which makes both the struc-
tures and the textures be completed consistently. To solve the time-consuming
problem of most exemplar-based meth-ods, we redesign the random search strat-
egy to search the match patch. Besides, color transfer is used to further im-
prove the visual consistency. In the future, we consider continuing to perfect our
method of restoring edge lines, and test if we can apply the PDE method in our
framework.
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