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ABSTRACT. The traditional inpainting methods for object removal from image need to
traverse the entire source region and search for the exemplar patches, so it may take
a long time to recover the image. Furthermore, these methods simply use the Sum of
Squared Differences (SSD) to measure the degree of similarity, which may result in that
the target patch is replaced by the inappropriate exemplar patch, and thus there is a risk
of introducing undesired objects in recovered image. In view of this situation, we propose
a new inpainting method based on patch local feature and sparse representation. First of
all, we classify the patches according to their local feature. For smooth patch, we calculate
its sparse coefficient over a redundant dictionary, and then recover it using the dictionary
and the sparse coefficient. For texture patch, we recover it using the Criminisi method
so as to protect the image details. In this way, the sparse representation of the patch
can be skillfully used to remove objects from an image. A number of examples on real
images show that, the proposed method not only costs less running time, but also avoids
introducing undesired objects in recovered images.
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1. Introduction. Image inpainting technique remains a longstanding challenge in image
processing and computer vision [1,2], which aims to use undamaged image information
to restore the lost or damaged parts of image according to certain criteria, so that the
restored image can be as close as possible to the original visual effect [3]. It has been
widely used in real life [4-7]. For example, in the film and television production process,
we can use it to remove the unwanted objects in the scene, without the need to re-shoot,
which can save production costs to a large extent. In terms of heritage conservation, we
can scan the damaged cultural relics, use the technique to remove the damaged regions,
and recover the original cultural relics according to restored results, which can reduce the
risk of secondary damage to cultural relics.

The most fundamental inpainting methods are based on the Partial Differential Equa-
tion (PDE), in which the missing regions are filled by diffusing the image information
from the known regions into the missing regions [8,9]. Bertalmio et al. [10] presented the
PDE-based method and used it in image inpainting. Chan and Shen [11] presented To-
tal Variance (TV) model for inpainting problem and Curvature-Driven Diffusions (CDD)
[12] model used to fix connectivity problem in TV model. Although PDE-based methods
have achieved convincingly excellent results in recovering the small, non-textured region,
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they tend to induce over-smooth effect or stair-case effect in the larger, textured missing
region.

The second category of methods are based on the exemplar, which stem from texture
synthesis [13]. They aim to restore the large or textured missing regions in a visually
plausible manner [14], and they have received considerable attention in the past few
years [15,16]. Up to now, the famous exemplar-based inpainting method is proposed by
Criminisi et al. [17], it uses a predefined priority function to decide the filling order
and selects the target patch with the highest priority, then searches for a patch which
is the most similar to the target patch in the source region according to the similarity
criterion, and at last the value of each unknown pixel in the target patch is copied from
its corresponding position inside the found patch. Compared with PDE-based approach,
exemplar-based approach can obtain more visually reasonable results even in the large
missing region.

Recently, the sparse representation of signals has attracted more and more attention
of researchers [18,19]. Using an over-complete dictionary that contains prototype signal-
atoms, signals are described by sparse linear combinations of these atoms. Based on
sparse representation theory, the K-SVD algorithm [20] was used to design over-complete
dictionaries that could lead to the best representation for each signal, and it was applied to
filling the missing pixels in images. Elad et al. [21] introduced an image inpainting method
that is capable of filling in holes in overlapping texture and cartoon image layers. It is
a direct extension of the image decomposition method called Morphological Component
Analysis (MCA) [22,23]. These methods can obtain convincingly excellent results in
filling missing pixels and restoring scratches. However, some details of images obtained
from recovering the large missing region or removing large objects from images are not
satisfactory.

Removing object from the image means that we need to recover the large missing
region, and the most commonly used method is proposed by Criminisi et al. [17], but
it still suffers from some limitations. For each target patch, it must traverse the entire
source region of image to search for the most similar exemplar patch, which will cost much
time and reduce the efficiency of algorithm. Besides, it simply uses the Sum of Squared
Differences (SSD) of the already existing pixels in the two patches to measure the degree
of similarity, which may result in that the target patch is replaced by the inappropriate
exemplar patch, and this error may be accumulated as the inpainting progresses, and
finally some undesired objects may be introduced in recovered images.

However, what is exciting is that we find the sparse representation can solve these
problems. Based on the above analysis, we propose a new inpainting method for object
removal. We divide all the image patches into two categories, including smooth patch and
texture patch, and identify which category the target patch belongs to. If it is a smooth
patch, we calculate its sparse coefficient over a redundant dictionary, and then recover
the target patch using the dictionary and the sparse coefficient. If it is a texture patch,
we recover it using the famous Criminisi method in order to protect the details of image.

Compared with the traditional methods, the proposed method can skillfully combine
the sparse-representation-based method and the exemplar-based method. We can make
use of the respective advantages of these methods. The experimental results show that
the proposed method costs less running time and avoids introducing undesired objects in
recovered images.

The rest of this paper is organized as follows. In Section 2, we introduce the basic
theory of sparse representation, and describe how to use it to recover the damaged image
patch in our method. In Section 3, the details of the proposed algorithm are introduced.
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The experiments and comparisons are performed in Section 4. Finally, we conclude this
work in Section 5.

2. Sparse Representations.

2.1. Sparse representations of signals. At present, researchers are increasingly in-
terested in sparse representations of signals and gradually apply it to image processing.
Using an over-complete dictionary D € R™ ¥ that contains K prototype signal-atoms for
columns {dj}]f-(zl, a signal € R" can be represented as a sparse linear combination of
these atoms [20]. The representation of z may either be exact:

r = D« (1)

Or approximate:
r =~ Da s.t. |[vt —Dally <e¢ (2)
where, the vector o« € RF contains the representation coefficients of the signal .
For each image patch, which contains \/n x y/n pixels, ordered lexicographically as
column vector x € R", we assume that there is a corresponding redundant dictionary
D € R™¥ (K > n) which can represent the x very sparsely [24]:

& = argmin |||y s.t. & Da (3)
o

where, the solution of Formula (3) is indeed very sparse, i.e., ||&|lp < n, the notation
||&t||o is lp-norm, counting the nonzero entries in &. It means that the image patch can be
represented as a linear combination of few atoms from the redundant dictionary D.
Notice that the constraint can be turned into a penalty term, so the constrained op-
timization is replaced with unconstrained optimization, and the above optimization task
can be changed to:
& = argmin||Da — [} + Aoy (4)

where, the term ||«||g encourages the sparsity of the coefficient vector, and the parameter
A controls the tradeoff between the reconstruction error and the sparsity.

While this problem is, in general, very hard to solve, the matching and the basis
pursuit algorithms can be used quite effectively to get an approximated solution [25]. In
this paper, we use the orthonormal matching pursuit (OMP) [26] because of its simplicity
and efficiency.

2.2. Choice of the dictionary. As described above, in order to compute the sparse
coefficients of an image, we first have to choose a suitable over-complete dictionary, de-
pending on the problem to be solved. At present, the K-SVD algorithm is often used to
obtain an over-complete dictionary. Given a set of training signals, it seeks the dictionary
that leads to the best possible representations for each member in this set with strict
sparsity constraints [20]. It is flexible and can work with any pursuit method.

In our work, we adopt the DCT (Discrete Cosine Transform) dictionary which is also a
commonly used dictionary. There are two reasons: the first and the most important reason
is that it can obtain satisfactory results because we only use the redundant dictionary to
restore the smooth image patch in our work. The second is that it does not need to take
a lot of time to train a large number of samples and it can be easily obtained.
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2.3. Recovery of damaged patch. Here we describe in detail how to recover the dam-
aged patch in the proposed method. Suppose that there is a damaged image patch which
contains \/n X y/n pixels. For ease of computation, we turn it into a column vector x € R"
in the lexicographic order. From the inpainting point of view, removing objects from im-
age means that some pixels in x are corrupted and we need to recover these pixels, so
the first question is how do we know which pixels are damaged in patch. Fortunately,
this problem can easily be solved, because the corresponding mask image can indicate the
indexes of damaged pixels. Thus, we use a set R to record the indexes of corrupted pixels.
The new vector z’ which only contains undamaged pixels can be obtained by removing
the corrupted pixels from z. In the same way, the new dictionary D’ can be obtained
by removing the corresponding rows from dictionary D. The sparse coefficient &' can be
estimated as follows:

&' = argmin ||D'a — 2|3 4+ ||l (5)

o

Then, we use the OMP algorithm to obtain the sparse coefficient &'. Finally, we recover
the target patch according to the following formula:
. T, 1¢R
xi:{Dléy’ i€R (6)
where, 7 is the index of each pixel in x. In this way, the current target patch can be
recovered efficiently.

3. Inpainting Algorithm. For easy understanding, we adopt the same notations used
in [17]. As shown in Figure 1, Q is the target region (i.e., the missing region) which will
be removed and filled, ® is the source region (i.e., the known region), it may be defined as
the entire image I minus the target region Q (& = I — Q), and 99 denotes the boundary
of the target region 2. Suppose that the patch U, centered at the point p (p € 99) is to
be filled. Given the patch ¥, n, is the unit vector orthogonal to the boundary 92 and
VI is the isophote at point p.

P

i /P‘
P
- Y n])

N
VI

0

FiGUurE 1. Notation diagram

3.1. Classification of image patches. In our work, in order to recover different image
patches using different methods, we divide them into two categories: smooth patch and
texture patch. The local variance can reflect the structural characteristics of the image
patch, and the calculation is simple, so we use the local variance to classify image patches,
and we judge which category a patch belongs to. The local variance of the image patch
is defined as follows [27]:

=Y (o) )
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where, n is the number of pixels in the patch, &; is the mean of all pixels in the patch and

it is defined as follows:
n—1
1
Cj = — i 8
7= X_;x (8)

Thus we can set a threshold 3, and if v < 3, we think that it is a smooth patch, else it
is a texture patch. Figure 2 shows parts of the classification results of an image.

However, there is a question: how to determine the threshold? Next, we introduce the
determination of the threshold in our work. We use a simple yet very effective approach
to determine the threshold . First of all, calculate the variances of all image patches.
Then they are sorted in ascending order and saved in a matrix M € R**!. Finally, the
threshold g is set as follows:

8= Min x u] (9)

where, n is the number of image patches, w is set to different values according to the
distribution of the variances. In Figure 3 and Figure 4, we show two natural images and
their respective distribution of variances. If the majority of the variances is small, as
shown in Figure 4(a), it means the image contains a large amount of smooth patches, as
shown in Figure 3(a). Hence, w is set between 0.6 and 0.8. If the distribution is relatively
uniform, as shown in Figure 4(b), it means the texture region and smooth region in the

LJAREIN
FEE N

(a) Texture patches (b) Smooth patches

Ficure 2. Classification results of image patches

(a) (b)

FiGURrRE 3. Two natural images
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FIGURE 4. The different distribution of the variances

image are almost the same, as shown in Figure 3(b). In order to better protect the details,
w is set between 0.2 and 0.4. Later experiments prove the effectiveness of this approach.

3.2. Patch priority. We adopt the method proposed in [17] to compute the patch pri-
ority and determine the filling order, and it is biased toward those patches which are on
the continuation of strong edges and which are surrounded by high-confidence pixels, so
it can reserve the edge information efficiently.

For each patch ¥, centered at the point p (p € 092) having a patch priority, it is defined
as follows:

P(p) = C(p) x D(p) (10)

where, C'(p) is the confidence term and D(p) is the data term. The confidence term C(p)
indicates how many existing pixels there are in the patch W,. It is defined as follows:

ZqE\IIpﬂQ C(q)
V|

C(p) = (11)
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where, |, | is the area of patch ¥,. During the initialization, C'(p) is set as follows:

co={7 ey 12)

The data term D(p) indicates how strong the isophote hitting the boundary is. It is
especially important because it encourages the linear structure to be synthesized first. It
is defined as follows: N

VIi-en
D(p) = M (13)
where, « is a normalization factor. Once all priorities have been computed, we find the
target patch Wy with the highest priority.

3.3. Recovery of target patch. We identify which category the target patch belongs
to, and if it is a smooth patch, we calculate its sparse coefficients according to Formula
(5), and then recover the target patch using the dictionary and the sparse coefficients
according to Formula (6).

If it is a texture patch, we adopt the algorithm proposed in [17] to recover the patch.
We search in the source region for the exemplar patch which is the most similar to ¥
according to the following formula:

U, = arg min d (¥;, V) (14)

Waed

where, d (U5, ¥p) is defined as the SSD of the already existing pixels in the two patches:
d(Pa,¥p) = Z Wa(i,f) — Wa(i, )| (15)

i,JEANQ
After finding the most similar patch Wy, the target patch Wy can be replaced as follows:
Wi (i, j) = Wq(m, n) (16)
where, (i,7) € ¥5NQ, (m,n) is the corresponding position to (7, ) inside Wg.

3.4. Algorithm description. Here, the proposed algorithm steps are described as fol-
lows:

Step 1. Identify the target regions. The target regions are extracted manually, and use
the mask image to indicate the target regions.

Step 2. Compute the local variances of all the image patches, and determine the
threshold /8 according to Formula (9).

Step 3. Find the image patches which locate on the boundary of the target regions,
compute the patch priorities according to Formula (10), and select the target patch ¥,
with the highest priority.

Step 4. Calculate the local variance v of the target patch W;. According to the value
of v and 3, use different methods to recover the target patch 0.

Step 4.1. If v < 3, indicating that the target patch is a smooth patch, we recover it
according to Formula (6), i.e., we use the sparse representation to recover the current
patch.

Step 4.2. If v > 3, indicating that the target patch is a texture patch, we recover it
according to Formula (16), i.e., we use the Criminisi method to recover the current patch.

Step 5. After recovering the target patch, update the value of confidence term according
to the following formula:

Cla)=C(p) VYqe¥;NQ (17)

The algorithm iterates the above steps until all pixels in the target region have been
filled.
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4. Experimental Results. In this section, we demonstrate the experimental results
achieved by applying our method to some images. In these experiments, the size of each
image is 256 x 256, the size of image patch is 9 x 9, the size of redundant dictionary
is 81 x 256, and all the experiments are run on the computer with the configuration of
2.1GHz processor and 12GB RAM.

4.1. Application of the proposed method. In order to verify the practicality of the
proposed method, we apply it on a variety of natural images. We choose some objects in
these images, and then mark them as green, and finally, recover these regions using the
proposed method. Some experimental results are shown in Figure 5. In each row, the first
is the original image, the second is the green target region, and the third is the recovered
image.

FI1GURE 5. The original images and the recovered images
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As can be seen from Figure 5, the proposed method can remove these objects in a
visually reasonable way and obtain convincingly excellent results.

4.2. Comparison of inpainting effect. Compared with the traditional method for
object removal, our method has two main advantages. The first is that it can avoid
introducing undesired objects and inducing stair-case effect in the recovered image. To
better illustrate, we select some images, use our method and the classical Criminisi method
[17] to recover them respectively, and the results are shown in Figure 6. In each row, the
first is the original image, the second is the green target region, the third is the recovered
image using the Criminisi method, and the last one is the result of our method.

From Figure 6 we can see that, the results of our method are more natural, but some
unwanted objects have been introduced in the recovered images of Criminisi method. The
reason is that we use the sparse representation of image patch to recover the target patch,

N w 3 R w
9 - L A, Y = T \ - L A, Y

FIGURE 6. The results of Criminisi method and our method
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rather than blindly use exemplar patch found in the source region to replace the target
patch, so our method can avoid using unreasonable patch to replace the target patch.
However, Criminisi method simply uses the SSD to measure the degree of similarity,
which may result in that the target patch is replaced by the inappropriate exemplar
patch, and this error may be accumulated as the inpainting progresses, and finally some
undesired objects may be introduced in recovered images.

4.3. Comparison of running time. Another advantage of our method is that it is a fast
inpainting method for object removal. Compared with the classical method, it costs less
time when processing the same image. For ease of comparison, we record the respective
running time they cost when using the Criminisi method and our method to recover all
of the above images. The results are demonstrated in Table 1, where all of the above
images are numbered sequentially, the object size is the number of pixels in the object to
be removed, and the time is measured in seconds.

TABLE 1. The running time of Criminisi method and our method (uints: seconds)

Time of Criminisi ~ Time of proposed

Image Object size Reduction rate

method method

Image 1 910 10.21 8.48 16.94%
Image 2 1158 12.46 9.86 20.87%
Image 3 2582 29.93 23.66 20.95%
Image 4 751 9.73 8.70 10.59%
Image 5 2278 24.95 17.96 28.02%
Image 6 4165 38.29 23.14 39.57%
Image 7 3528 33.40 22.46 32.75%
Image 8 4950 45.21 34.95 22.69%

Average 25.52 18.65 26.92%

As can be seen from Table 1, compared with the Criminisi method, the average running
time of our method is reduced by 6.87 seconds, and the average reduction rate is 26.92%.
The reason is that we directly use sparse representation to recover the smooth patch,
however, the Criminisi method traverses the entire source region to search for the most
similar exemplar patch, which will cost much time. During all the images, the reduction
rates of image 6 and image 7 are relatively large, this is because in these images, the vast
majority of image patches are relatively smooth, and they are recovered based on sparse
representation, instead of traversing the entire image to search for the exemplar patch,
which can reduce a lot of running time. The reduction rate of the image 4 is relatively
small, the reason is that in these images, most of the image patches contain rich texture,
and thus the running time of two methods is almost the same.

5. Conclusions. In this paper, we propose a new image inpainting method for object
removal based on patch local feature and sparse representation. We classify image patches
according to their local variances, and use different methods to recover these patches.
In this way, we cleverly use the sparse representation of image to solve the inpainting
problem of removing objects from an image. The experimental results demonstrate the
effectiveness of our method. It not only costs less running time, but also avoids introducing
undesired objects in recovered images. Next, we will study how to classify the texture
patches in more detail according to the local structure characteristics of the image patch
so as to improve the inpainting effect.
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