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POCS-Based Texture Reconstruction Method
Using Clustering Scheme by Kernel PCA

Takahiro OGAWA†a), Student Member and Miki HASEYAMA†, Member

SUMMARY A new framework for reconstruction of missing textures
in digital images is introduced in this paper. The framework is based on a
projection onto convex sets (POCS) algorithm including a novel constraint.
In the proposed method, a nonlinear eigenspace of each cluster obtained
by classification of known textures within the target image is applied to
the constraint. The main advantage of this approach is that the eigenspace
can approximate the textures classified into the same cluster in the least-
squares sense. Furthermore, by monitoring the errors converged by the
POCS algorithm, a selection of the optimal cluster to reconstruct the target
texture including missing intensities can be achieved. This POCS-based
approach provides a solution to the problem in traditional methods of not
being able to perform the selection of the optimal cluster due to the missing
intensities within the target texture. Consequently, all of the missing tex-
tures are successfully reconstructed by the selected cluster’s eigenspaces
which correctly approximate the same kinds of textures. Experimental re-
sults show subjective and quantitative improvement of the proposed recon-
struction technique over previously reported reconstruction techniques.
key words: texture, reconstruction, kernel, PCA, POCS

1. Introduction

In the field of image restoration, reconstruction of missing
areas in digital images is a very important issue because it
has a number of fundamental applications. For example,
it is applied to removal of unnecessary objects such as su-
perimposed text, restoration of corrupted old films, and in-
terpolation of missing blocks transmitted in an error-prone
environment for video communications. Many methods for
achieving accurate reconstruction of important image fea-
tures, such as edges and textures, have been proposed for
these applications. Most algorithms reported in the literature
are based on structure inpainting techniques for accurate
reconstruction of missing edges [1]–[3]. These techniques
are effective for pure structure images. However, since or-
dinary images contain many textures, different techniques
work better for those parts. Thus, several texture synthesis
methods have also been proposed for accurate reconstruc-
tion of missing textures [4]–[5].

In recent work, the study of kernel methods has devel-
oped rapidly and its achievements have become a center of
attraction [6]. Kernel PCA (principal component analysis) is
also suitable for extraction of nonlinear features in observed
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data [7]. By utilizing projection schemes onto the nonlinear
subspace obtained in the kernel PCA, the missing textures
can be reconstructed from the known textures. However,
such approaches must be based on the assumption that the
squared distances between arbitrary local areas within the
target image are small enough. This means that the target
image must consist of only one type of texture. Thus, when
various kinds of textures exist in the target image, it is de-
sirable that the missing textures be reconstructed from only
the same kinds of textures. Unfortunately, these textures
cannot be selected by traditional methods since the distance
between the target area including the missing intensities and
the other areas cannot be calculated. The method proposed
in [8] selects sample subimages, and can reconstruct missing
textures by using the convex sets defined from the selected
subimages. However, since these subimages must be se-
lected manually, fully automatic texture reconstruction can-
not be realized.

In this paper, a novel texture reconstruction method
based on the theory of projections onto convex sets (POCS)
is proposed. The POCS algorithm has been applied to block-
ing artifact reduction in coded images as a nonlinear image
restoration method [9], [10]. In the proposed method, the
following two novel approaches have been introduced into
the POCS algorithm for achieving accurate restoration of the
target image that includes various textures. One approach is
the use of a new constraint in the POCS algorithm. Tex-
ture classification is performed for known local images, and
the nonlinear eigenspace of each cluster is applied to the
constraint of the POCS algorithm. The main advantage of
this approach is that each nonlinear eigenspace correctly ap-
proximates the local images classified into the same clus-
ter. Furthermore, by introducing the other approach into
the POCS algorithm, optimal cluster selection for the tar-
get local image including missing intensities can be per-
formed. Special attention is given to the errors converged
by the POCS algorithm. These values correspond to the
distances from the eigenspace of each cluster, and the op-
timal cluster can therefore be selected automatically even if
the target local image includes missing intensities. This is
the biggest advantage of the proposed method. Therefore,
the POCS algorithm, whose constraint utilizes the selected
cluster’s eigenspace, can successfully reconstruct the target
local image. Consequently, adaptive restoration of the miss-
ing textures can be achieved by using the proposed method,
and the performance of the proposed method is better than
the performances of traditional methods. Further, the pro-
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Fig. 1 An illustration of the recursion in Eq. (2) at work.

posed method realizes the fully automatic reconstruction.
This paper is organized as follows. The POCS algo-

rithm is explained in Sect. 2. In Sect. 3, a novel texture re-
construction method using the POCS algorithm is presented.
Experimental results that verify the good performance of the
proposed method are presented in Sect. 4.

2. POCS Algorithm

The POCS algorithm is explained in this section. The theory
of POCS was first introduced to the field of image restora-
tion by Youla and Webb. This algorithm estimates the orig-
inal image f in the Hilbert space H from its known prop-
erties. Given n properties of the original image f , these
properties generate n well-defined closed convex sets Ci

(i = 1, 2, · · · , n). The original image f should be included in
all of the Ci’s and also the intersection of all of the Ci’s C∗,
i.e.,

f ∈ C∗ =
n⋂

i=1

Ci. (1)

It is clear that the intersection C∗, which includes f ∗, is a
closed and convex set. Consequently, regardless of whether
C∗ includes elements other than f ∗, the problem of estimat-
ing f from its n properties is equivalent to finding at least
one point f ∗ belonging to C∗. Unfortunately, C∗ may be
nonlinear and complex in structure, making a direct estima-
tion of f ∗ is almost impossible. However, as shown in Fig. 1,
given the projection operator Pi onto Ci, the iteration

ft = PnPn−1 · · · P2P1 ft−1 t = 1, 2, · · · (2)

converges to a limiting point f ∗ of the intersection C∗ for an
arbitrary initial element f0 in H. Note that the operator Pi

satisfies

|| f − Pi f || = min
g∈Ci

|| f − g||, (3)

where || · || denotes the norm in H. Then we can calculate f ∗
from the n properties of the original image by using Eq. (2).

3. Our Reconstruction Algorithm

A POCS-based texture reconstruction method is presented
in this section. In order to successfully reconstruct a target
image containing several textures, it is necessary to know

Fig. 2 Outline of the proposed POCS-based texture reconstruction
algorithm.

which parts have the same kinds of textures. Therefore, a
texture classification is performed for local images within
the target image before restoring the missing textures.

Figure 2 shows an outline of our texture reconstruction
method. From the classification results, a target local im-
age including missing textures is reconstructed by using the
POCS algorithm. In this procedure, the following two novel
approaches are introduced into the POCS algorithm:

(i) Introduction of the nonlinear eigenspace of each cluster
obtained by the texture classification into the constraint
of the POCS algorithm.

(ii) Adaptive selection of the optimal cluster for the target
local image based on errors caused by the POCS algo-
rithm.

The first approach aims at accurate texture approximation
of the local images included in the same clusters. Further,
the second approach is necessary to restore the target local
image from only the images containing the same kinds of
textures. By utilizing the above approaches, adaptive recon-
struction of the missing textures can be achieved, so that
successful reconstruction of the target image including var-
ious kinds of textures can be expected.

In order to perform the two approaches, we need to
classify local images that do not include missing textures in
advance. The classification procedure is described in detail
in 3.1, and the reconstruction algorithm of the missing tex-
tures is presented in 3.2.

3.1 Texture Classification Algorithm

In this subsection, classification of textures within the tar-
get image into K clusters as preprocessing for reconstruc-
tion of the missing textures is described. First, we clip N
local images fi (w × h pixels, i = 1, 2, · · · ,N) not including
missing textures from the target image and generate vectors
xi ∈ Rwh, whose elements are the raster scanned intensities
of fi. Then, we map xi into the feature space F via the
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nonlinear map [6] and obtain φ(xi). Note that the mapped
results φ(xi) are high-dimensional or infinite-dimensional,
and it therefore may not be possible to calculate them di-
rectly. Fortunately, it is well known that the following com-
putational procedures depend only on the inner products in
the feature space, which can be efficiently obtained from a
suitable kernel function κ(·, ·) [11]. Specifically, given ar-
bitrary vectors x, y (∈ Rwh), the inner product φ(x)′φ(y) is
calculated as follows:

φ(x)′φ(y) = κ(x, y), (4)

where vector/matrix transpose (in both the input and fea-
ture spaces) is denoted by the superscript ′ in this paper.
In Eq. (4), several functions (e.g., Gaussian, polynomial, or
sigmoid ) can be applied to κ(·, ·).

The proposed method regards the mapped results φ(xi)
(i = 1, 2, · · · ,N) as texture feature vectors and performs their
classification that minimizes the following new criterion†:

F =
K∑

k=1

Mk∑

j=1

||φk
j − UkUk′φk

j ||2, (5)

where φk
j ( j = 1, 2, · · · ,Mk) is φ(xi) (i = 1, 2, · · · ,N) belong-

ing to cluster k, and Mk is the number of φ(xi) belonging to
cluster k. Furthermore, given Ξk = [φk

1, φ
k
2, · · · , φk

Mk ],

Uk = [uk
1, u

k
2, · · · , uk

Dk ] (Dk < Mk) (6)

is an eigenvector matrix of ΞkHkHkΞk′ and UkUk′ is the pro-
jection matrix onto the eigenspace spanned by their eigen-
vectors uk

d (d = 1, 2, · · · ,Dk). The matrix Hk is a centering
matrix and necessary for calculating the covariance matrix
ΞkHkHkΞk′ to obtain the eigenvector matrix Uk. It is defined
as follows:

Hk = I − 1
Mk

11′, (7)

where I is the Mk ×Mk identity matrix and 1 = [1, 1, · · · , 1]′
is an Mk × 1 vector. In Eq. (6), Dk is the dimension of the
eigenspace of cluster k, and it is set to the value whose cu-
mulative proportion cpk is larger than Th. The cumulative
proportion cpk is calculated as follows:

cpk =

∑Dk

d=1 λ
k
d∑Mk

d=1 λ
k
d

, (8)

where λk
d (λk

1 ≥ λk
2 ≥ · · · ≥ λk

Mk ) is the eigenvalue of the
eigenvector uk

d.
In the proposed method, the nonlinear eigenspace of

ΞkHkHkΞk′ correctly approximates φk
j ( j = 1, 2, · · · ,Mk)

belonging to the same cluster k in the least-squares sense.
Therefore, from all subspaces with the dimension Dk, we
utilize the eigenspace of ΞkHkHkΞk′. Then, it leads to satis-
fying texture reconstruction results.

Next, we explain the reason why we utilize the kernel
method for calculating the eigenspace. In contrast to lin-
ear eigenspace, nonlinear eigenspace is capable of captur-
ing part of the higher-order statistics which are particularly

important for encoding image structure [13]. According to
this characteristic, we utilize the kernel method in order to
accurately approximate textures in the eigenspace with the
dimension Dk which is much lower than wh.

In Eq. (6), the eigenvectors uk
d (d = 1, 2, · · · ,Dk) are

high-dimensional, and Eq. (5) therefore cannot be calcu-
lated directly. Thus, we introduce the computational scheme
shown in Eq. (4) into the calculation of Eq. (5). The eigen-
vector matrix Uk satisfies the following singular value de-
composition:

ΞkHk � UkΛkVk′, (9)

where Λk is the eigenvalue matrix and Vk is the eigenvector
matrix of HkΞk′ΞkHk. Therefore, Uk can be obtained as
follows:

Uk � ΞkHkVkΛk−1
. (10)

Then Eq. (5) can be rewritten as

F �
K∑

k=1

Mk∑

j=1

||φk
j − ΞkHkVkΛk−2

Vk′HkΞk′φk
j ||2

=

K∑

k=1

Mk∑

j=1

||φk
j − ΞkTkΞk′φk

j ||2

=

K∑

k=1

Mk∑

j=1

{φk
j
′
φk

j + φ
k
j
′
ΞkTk′Ξk′ΞkTkΞk′φk

j

−2φk
j
′
ΞkTkΞk′φk

j}

=

K∑

k=1

Mk∑

j=1

{κ(xk
j , x

k
j)

+κ(Xk, xk
j)
′Tk′κ(Xk,Xk)Tkκ(Xk, xk

j)

−2κ(Xk, xk
j)
′Tkκ(Xk, xk

j)}, (11)

where

Tk = HkVkΛk−2
Vk′Hk, (12)

Xk = [xk
1, x

k
2, · · · , xk

Mk ], (13)

and xk
j ( j = 1, 2, · · · ,Mk) are the vectors xi (i = 1, 2, · · · ,N)

belonging to cluster k. Furthermore, κ(Xk, xk
j) and κ(Xk,Xk)

are defined as follows:

κ(Xk, xk
j) = [κ(xk

1, x
k
j), κ(x

k
2, x

k
j), · · · , κ(xk

Mk , xk
j)]
′,

κ(Xk,Xk) =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

κ(xk
1, x

k
1) κ(xk

1, x
k
2) . . . κ(xk

1, x
k
Mk )

κ(xk
2, x

k
1) κ(xk

2, x
k
2) . . . κ(xk

2, x
k
Mk )

...
...

. . .
...

κ(xk
Mk , xk

1) κ(xk
Mk , xk

2) . . . κ(xk
Mk , xk

Mk )

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
.

†In Eq. (5), the mean of φk
j ( j = 1, 2, · · · ,Mk) must be sub-

tracted from φk
j before projecting onto the nonlinear eigenspace,

and it must be added to the projected result. The same procedures
are necessary for Eq. (15) in the following subsection. In this pa-
per, we do not show these procedures for brief explanation. The
details of these procedures are shown in [12].
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Fig. 3 Relationship between φk
j and UkUk′φk

j . The squared error ||φk
j −

UkUk′φk
j ||2 corresponds to the distance between φk

j and the eigenspace of
cluster k.

In Eq. (5), UkUk′ is the projection matrix onto
the eigenspace spanned by their eigenvectors uk

d (d =

1, 2, · · · ,Dk). Therefore, as shown in Fig. 3, criterion F
represents the sum of the approximation errors of φk

j ( j =

1, 2, · · · ,Mk) in their eigenspaces. This means that the
squared error in Eq. (5) corresponds to the distance from the
nonlinear eigenspace of each cluster. Furthermore, since we
regard φ(xi) (i = 1, 2, · · · ,N) as the texture feature vectors
of xi, the new criterion F is useful for classification of the
textures.

In the texture classification using Eq. (11), we must as-
sign all φ(xi) (i = 1, 2, · · · ,N) to K clusters and select one
result that minimizes the criterion F. Unfortunately, the
combination is NCM1 N−M1 CM2 · · ·, MK CMK , and searching
for the optimal solution from all of the classification results
therefore involves a high computational cost. Thus, we first
set the dimension of each eigenspace to one and iterate the
classification procedure which assigns φ(xi) to the cluster
minimizing

F̃k
i (t) = ||φ(xi) − Uk

t Uk
t
′
φ(xi)||2

� κ(xi, xi)

+κ(Xk
t , xi)

′Tk
t
′
κ(Xk

t ,X
k
t )Tk

t κ(X
k
t , xi)

− 2κ(Xk
t , xi)

′Tk
t κ(X

k
t , xi). (14)

where Uk
t , Xk

t , and Tk
t respectively represent Uk, Xk, and Tk

of the t-th iteration.
Here, we explain how to determine Mk. First, the max-

imum number of Mk is denoted as Mmax and it is computed
as follows: If N

K is an integer, Mmax =
N
K . Otherwise,

Mmax = � N
K �. Further, in order to obtain the value Mk, we

firstly set the initial value Mk = 0 and repeat the following
procedures until all of φ(xi) are assigned to K clusters.

1) The numbers k and i, which minimize F̃k
i (t), are calcu-

lated and denoted by kmin and imin, respectively.
2) If the number of elements assigned to cluster kmin is

less than Mmax and φ(ximin ) is not assigned to any clus-
ters, φ(ximin ) is assigned to cluster kmin, and Mkmin is in-
creased by one.

3) The maximum value of F̃k
i (t), which is denoted as

Fig. 4 Example of texture classification in the proposed method. The
value Ne represents the number of φ(xi) which are assigned to different
clusters.

F̃kmax
imax

(t), is substituted into F̃kmin
imin

(t).

Finally, Mk of cluster k is automatically determined.
Further, if any φ(xi) are not assigned to different clus-

ters in the iteration, we increase the dimension of each clus-
ter’s eigenspace by one and iterate this classification pro-
cedure as shown in Fig. 4. Then, the classification result
obtained after T1 iteration (i.e., t = T1) becomes the final
texture clustering result. Note that we have to know Uk

1
(k = 1, 2, · · · ,K) in the first iteration, i.e., the initial one-
dimensional eigenspace must be calculated before the tex-
ture classification procedure using Eq. (14). Thus, the pro-
posed method determines it as follows. First, by using the
k-means algorithm [14], φ(xi) (i = 1, 2, · · · ,N) are classi-
fied into K clusters, and Ξk (k = 1, 2, · · · ,K) is calculated
for each cluster k. Further, the one-dimensional eigenspace
spanned by uk

1, which is the eigenvector of ΞkHkHkΞk′ with
the highest eigenvalue, is calculated.

3.2 Texture Reconstruction Algorithm

In this subsection, we show reconstruction of the missing
textures in the target image by the POCS algorithm from the
classification results presented in the previous subsection.
From the target image, we clip a local image f0 (w×h pixels)
including missing textures and generate a vector x whose el-
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ements are its raster scanned intensities. For x, the proposed
method calculates its reconstruction result x̂, which satisfies
the following novel constraints.

[Constraint 1]
In vector x̂, the known original intensities are fixed.

[Constraint 2]
In the feature space, the target vector is in the
eigenspace spanned by its eigenvectors uk

1, u
k
2, · · · , and

uk
Dk of cluster k. Therefore, given the target vector φx̃,

it satisfies

φx̃ = UkUk′φx̃. (15)

Note that in the proposed method, the final restoration result
x̂ is the vector in the input space. Since an exact pre-image,
which is the inverse mapping from the feature space back to
the input space, typically does not exist [12], x̂ satisfies the
following equation:

x̂ � φ−1
(
UkUk′φ(x̂)

)
. (16)

Furthermore, the proposed method newly defines a linear
map Ak and calculates the approximate solution φ−1 as fol-
lows:

x̂ � AkUkUk′φ(x̂), (17)

where Ak is calculated from the following equation:

AkΞkHk = XkHk. (18)

We substitute Eq. (9) into the above equation, and obtain the
following equation:

AkUkΛkVk′ � XkHk. (19)

Then, Ak can be approximately derived as follows:

Ak � XkHkVkΛk−1
Uk′. (20)

Thus, Eq. (17) can be rewritten as

x̂ � XkHkVkΛk−1
Uk′φ(x̂)

� XkHkVkΛk−2
Vk′HΞk′φ(x̂)

= XkTkκ(Xk, x̂). (21)

Note that since Ak is approximately calculated in Eq. (20),
x = Akφ(x) is not guaranteed for arbitrary vectors x.

Utilizing the POCS algorithm, the proposed method
calculates the vector x̂ that satisfies the above two con-
straints from the initial vector x. Specifically, we respec-
tively utilize these constraints as the closed convex sets
C1,C2 in Eq. (1) and calculate x̂ by their projection oper-
ators P1, P2 in Eq. (2), where the number of the iteration is
set to T2. Note that if the intersection of the two convex sets
does not exist, we cannot obtain the result x̂ satisfying the
two constraints as shown in Fig. 5. Therefore, the result by
the proposed POCS algorithm is different from that shown
in Sect. 2. In such a case, the proposed method outputs the
result which satisfies [Constraint 1] as x̂. Then, the distance

Fig. 5 Example of the converged result x̂ by the proposed POCS
algorithm.

between the obtained result x̂ and the convex set defined by
[Constraint 2] becomes the error of the proposed POCS al-
gorithm.

Given sample data, it is well known their eigenspace
minimizes information loss since it is calculated based on
the maximum variance criterion. In the least-squares sense,
the nonlinear eigenspace used in [Constraint 2] correctly ap-
proximates φk

j ( j = 1, 2, · · · ,Mk) belonging to the same clus-
ter k. Therefore, if we can classify φ(x) of the target local
image f0, the proposed method accurately reconstructs it by
using the eigenspace of the cluster including φ(x). However,
since x contains missing intensities, φ(x) cannot be classi-
fied by the algorithm shown in 3.1. Thus, in order to achieve
the classification of x, the proposed method utilizes the fol-
lowing novel criterion as a substitute for Eq. (14).

Ek =
1

diag
(
Σ̄
) ||φ(Σ̄x̂) − φ(Σ̄XkTkκ(Xk, x̂))||2

=
1

diag
(
Σ̄
) {φ(Σ̄x̂)′φ(Σ̄x̂)

+ φ(Σ̄XkTkκ(Xk, x̂))′φ(Σ̄XkTkκ(Xk, x̂))

−2φ(Σ̄x̂)′φ(Σ̄XkTkκ(Xk, x̂))}
=

1

diag
(
Σ̄
) {κ(Σ̄x̂, Σ̄x̂)

+ κ(Σ̄XkTkκ(Xk, x̂), Σ̄XkTkκ(Xk, x̂))

− 2κ(Σ̄x̂, Σ̄XkTkκ(Xk, x̂))}, (22)

where Σ̄ is a diagonal matrix whose diagonal elements are
zero or one and satisfies Σ̄x = Σ̄x̂. The criterion Ek corre-
sponds to the squared error converged by the POCS algo-
rithm in the feature space. Therefore, this criterion Ek as
well as F̃k

i (t) in Eq. (14) is applicable for classification of
the textures. Selection of the optimal cluster for the target
local image including missing intensities then becomes pos-
sible. Furthermore, the proposed method regards the result
x̂ obtained by the eigenspace of the selected cluster as the
output. Consequently, by performing the non-conventional
approach, which adaptively selects the optimal eigenspace
for the missing texture, we can restore all of the missing
textures in the target image accurately.
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As described above, we can reconstruct the missing
texture in the target local image. The proposed method clips
local images (w× h pixels) including missing textures at the
same interval (width w̃ pixels, height h̃ pixels) in a raster
scanning order and reconstructs them by using the POCS
algorithm. Note that each restored pixel has multiple es-
timation results if the clipping interval is smaller than the
size of the local images. In this case, the proposed method
regards the result minimizing Eq. (22) as the final one.

4. Experimental Results

The performance of the proposed method is shown in this
section. Figure 6(a) is a test texture image (480×359 pixels,
24-bit color levels) that includes the text “Grand Canyon.”
Figure 6(b) shows the results of reconstruction by the pro-
posed method. In this simulation, we set the parameters of
the proposed method as follows: w = 40, h = 40, K = 8,
Th = 0.9, T1 = 20, T2 = 5, w̃ = 10, and h̃ = 10. Fur-
ther, the proposed method utilizes the Gaussian kernel for
κ(·, ·) in Eq. (4). The Gaussian kernel is a default “general
purpose kernel” in the kernel methods community [13]. It
is well known that the nonlinear eigenspace using the Gaus-
sian kernel has higher cumulative proportion than those us-
ing the other kernels. In our problem, it can be also veri-
fied by Fig. 7. Therefore, in this experiment, we utilize the
Gaussian kernel. For comparison, Fig. 6(c) shows the re-
sults obtained by the traditional eigenspace method using
projection of the nonlinear subspace obtained by the ker-
nel principal component analysis in [6]. We also utilize the

(a) (b) (c)

(d) (e) (f)

Fig. 6 (a) Corrupted image including text regions, (b) Image reconstructed by the proposed method
(28.13 dB), (c) Image reconstructed by the traditional method (25.82 dB), (d) Zoomed portion of the
original image, (e) Zoomed portion of (b), (f) Zoomed portion of (c).

Gaussian kernel in this method. For better subjective eval-
uation, the enlarged portions around the middle of the im-
ages are shown in Figs. 6(d)–(f). It can be seen that the use
of the proposed method has achieved noticeable improve-
ments. In the conventional method, different kinds of tex-
tures affect the reconstruction of the target missing textures.
On the other hand, by selecting the optimal cluster including
the same kinds of textures, the proposed method can adap-
tively reconstruct the missing textures from only the reli-
able ones. Therefore, the proposed method has higher per-
formance than that of the conventional method. Different

Fig. 7 Relationship between the dimension of the nonlinear eigenspace
and its cumulative proportion calculated for the test image shown in
Fig. 6(a).
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(a) (b) (c)

Fig. 8 (a) Target image including the text “Buildings in Tokyo,” (b) Im-
age reconstructed by the proposed method (27.48 dB), (c) Image recon-
structed by the traditional method (25.91 dB).

(a) (b) (c)

Fig. 9 (a) Target image including the text “Blue Sky and White Cloud,”
(b) Image reconstructed by the proposed method (37.33 dB), (c) Image re-
constructed by the traditional method (31.83 dB).

experimental results are shown in Figs. 8 and 9. Compared
to the results obtained by using the conventional method, it
can be seen that various kinds of textures can be accurately
restored by using the proposed method.

In order to quantitatively evaluate the performance of
the proposed method, we use three texture images [15] and
performed the same simulations as those for which results
are shown in Fig. 6. Table 1 shows the PSNR†of the re-
sults of reconstruction. This table also includes the results
shown in Figs. 6–9. Further, Table 2 shows the number of
clipped local images including missing areas and that of
clipped local images not including missing areas for the six
test images in Table 1. It can be seen that our method
has achieved an improvement of 0.8–5.5 dB over the con-
ventional method. Therefore, good performance of the pro-
posed method was verified by the experiments.

Finally, we verify the computational complexity of the
proposed method. Figure 10 shows the converged errors
versus the iteration number in our POCS algorithm. From
this figure, the errors are converged in the first few itera-
tion. Since the POCS algorithm guarantees strong conver-
gence [9], we can obtain the reconstruction results with few
low computational complexity. Further, we show compu-
tation time of the proposed method and the conventional
method in Table 3. This simulation is performed on a per-
sonal computer using AMD Athlon(tm) 64 X2 Dual Core
Processor 3800+ 2.0 GHz CPU with 1.0 Gbytes RAM. Both

Table 1 Performance comparison (PSNR) of the proposed method and
the conventional method.

Image Conventional method Proposed method

Flowers.0001 25.48 dB 26.25 dB
Bark.0009 23.87 dB 24.97 dB
Brick.0001 35.44 dB 37.69 dB

Fig. 6 25.82 dB 28.13 dB
Fig. 8 25.91 dB 27.48 dB
Fig. 9 31.83 dB 37.33 dB

the proposed method and the conventional method are im-
plemented by using Matlab. As shown in this table, we can
see the proposed method realizes lower computational cost
than that of the conventional method. Therefore, several ap-
plications of the proposed method can be expected.

5. Conclusions

In this paper, we have proposed a new POCS-based frame-
work for reconstruction of missing textures in still images.
The proposed method performs a texture classification for
local images within the target image and introduces the non-
linear eigenspace of each cluster into the constraint of the

†PSNR = 10 log10
MAX2

MSE , where MAX denotes the maximum
value of intensities and MSE is the mean square error between the
original image and the reconstructed image.
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Table 2 The number of local images including missing areas and that of local images not including
missing areas.

Test image Number of local images Number of local images
including missing areas not including missing areas (= N)

Flowers.0001 586 854
Bark.0009 586 854
Brick.0001 586 854

Fig. 6 586 854
Fig. 8 823 617
Fig. 9 1037 531

Table 3 Comparison of computational time (sec) between the proposed method and the conventional
method. Missing rate represents the rate of missing pixels in the target image.

Test image Image size Bit level Missing rate Conventional method Proposed method

Flowers.0001 480×359 8-bit gray 0.089 4.44 × 103 2.57 × 102

Bark.0009 480×359 8-bit gray 0.089 4.35 × 103 2.62 × 102

Brick.0001 480×359 8-bit gray 0.089 4.30 × 103 2.72 × 102

Fig. 6 480×359 24-bit color 0.089 1.01 × 104 6.13 × 102

Fig. 8 480×359 24-bit color 0.11 1.00 × 104 5.69 × 102

Fig. 9 527×359 24-bit color 0.13 9.97 × 103 6.16 × 102

Fig. 10 Errors converged by our POCS algorithm versus iteration
number in the experiment of Fig. 6.

POCS-based reconstruction algorithm. This approach pro-
vides a better ground for improving the capability of ap-
proximating the same kinds of textures within the target im-
age. Furthermore, by monitoring the errors converged by the
POCS algorithm, selection of the same kinds of textures for
the target local image including missing intensities can be
achieved. The above two novel approaches enable adaptive
restoration of the missing textures, and the proposed method
therefore has good performance. Our experimental results
verified the superiority of our POCS-based reconstruction
technique. Impressive improvements in both objective and
subjective measures have been achieved.

In this study, we manually set parameters such as the
size of local images and the number of clusters. It is desir-
able that these values can be determined from the observed
images adaptively. Thus, we need to complement this de-
termination algorithm. Extension of the framework to tex-
ture reconstruction of other types of missing imagery data
is also needed for various applications. Last, we would like
to study these ideas for interpolation in video data. These
topics will be the subject of subsequent reports.
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Rätsch, “Kernel PCA and de-noising in feature spaces,” Advances
in Neural Information Processing Systems 11, pp.536–542, 1999.

[8] A. Hirani and T. Totsuka, “Combining frequency and spatial do-
main information for fast interactive image noise removal,” Com-
puter Graphics, SIGRAPH 96, pp.269–276, 1996.

[9] D.C. Youla and H. Webb, “Image restoration by the method of
convex projections: Part 1—Theory,” IEEE Trans. Med. Imaging,
vol.MI-1, no.2, pp.81–94, Oct. 1982.

[10] A. Zakhor, “Iterative procedures for reduction of blocking effects in
transform image coding,” IEEE Trans. Circuits Syst. Video Technol.,
vol.2, no.1, pp.91–95, March 1992.



OGAWA and HASEYAMA: POCS-BASED TEXTURE RECONSTRUCTION METHOD USING CLUSTERING SCHEME BY KERNEL PCA
1527

[11] J. Mercer, “Functions of positive and negative type and their connec-
tion with the theory of integral equations,” Trans. Lond. Phil. Soc.
(A), vol.209, pp.415–446, 1909.

[12] J.T.Y. Kwok and I.W.H. Tsang, “The pre-image problem in kernel
methods,” IEEE Trans. Neural Netw., vol.15, no.6, pp.1517–1525,
2004.

[13] K.I. Kim, M.O. Franz, and B. Schölkoph, “Iterative kernel principal
component analysis for image modeling,” IEEE Trans. Pattern Anal.
Mach. Itell., vol.27, no.9, pp.1351–1366, 2005.

[14] T. Hastie, R. Tibshirani, and J. Friedman, The element of statistical
learning. Data mining, inference and prediction, Springer, 2001.

[15] P. Brodatz, Textures: A Photographic Album for Artists and Design-
ers, Dover Publications, New York, 1966.

Takahiro Ogawa received his B.S. and
M.S. degrees in Electronics and Information En-
gineering from Hokkaido University, Japan in
2003 and 2005, respectively. He is currently
a Ph.D. student of the Graduate School of In-
formation Science and Technology, Hokkaido
University. His research interests are in image
restoration and its applications.

Miki Haseyama received her B.S., M.S.
and Ph.D. degrees in Electronics from Hokkaido
University, Japan in 1986, 1988 and 1993, re-
spectively. She is currently a professor in the
Graduate School of Information Science and
Technology, Hokkaido University. Her research
interests are in digital signal processing and its
applications.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /SyntheticBoldness 1.00
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /ENU (Use these settings to create PDF documents with higher image resolution for high quality pre-press printing. The PDF documents can be opened with Acrobat and Reader 5.0 and later. These settings require font embedding.)
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308030d730ea30d730ec30b9537052377528306e00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /FRA <>
    /DEU <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
    /KOR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe7f6e521b5efa76840020005000440046002065876863ff0c5c065305542b66f49ad8768456fe50cf52068fa87387ff0c4ee575284e8e9ad88d2891cf76845370524d6253537030028be5002000500044004600206587686353ef4ee54f7f752800200020004100630072006f00620061007400204e0e002000520065006100640065007200200035002e00300020548c66f49ad87248672c62535f0030028fd94e9b8bbe7f6e89816c425d4c51655b574f533002>
    /CHT <FEFF4f7f752890194e9b8a2d5b9a5efa7acb76840020005000440046002065874ef65305542b8f039ad876845f7150cf89e367905ea6ff0c9069752865bc9ad854c18cea76845370524d521753703002005000440046002065874ef653ef4ee54f7f75280020004100630072006f0062006100740020548c002000520065006100640065007200200035002e0030002053ca66f465b07248672c4f86958b555f300290194e9b8a2d5b9a89816c425d4c51655b57578b3002>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


