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Abstract—This correspondence presents an image compression ap-
proach that integrates our proposed parameter-assistant inpainting (PAI)
to exploit visual redundancy in color images. In this scheme, we study
different distributions of image regions and represent them with a model
class. Based on that, an input image at the encoder side is divided into
featured and non-featured regions at block level. The featured blocks
fitting the predefined model class are coded by a few parameters, whereas
the non-featured blocks are coded traditionally. At the decoder side,
the featured regions are restored through PAI relying on both delivered
parameters and surrounding information. Experimental results show that
our method outperforms JPEG in featured regions by an average bit-rate
saving of 76% at similar perceptual quality levels.

Index Terms—Assistant parameter, image compression, image in-
painting, model class, perceptual quality.

I. INTRODUCTION

Over the past two decades, image and video compression has
seen rapid development in both academia and industry. Current
state-of-the-art JPEG2000 and MPEG-4 AVC/H.264 are two exam-
ples that greatly outperform previous generations in terms of coding
efficiency. However, these transform-based schemes that uniformly
compress images consider little of the feature variations in image
regions. In addition, perceptual quality is seldom considered as a key
factor when these schemes are designed and developed, although some
visual tests are performed.

Attempts have been made to develop new compression techniques
by utilizing different features within images to achieve high coding
performance [1]. Especially, recent vision-related technologies have
shown remarkable progress in hallucinating pictures with good per-
ceptual quality. Among them, image inpainting is a very promising
approach to be utilized in image compression, aiming at perceptual
quality instead of pixel-wise fidelity. Inpainting was first introduced
into digital image processing by Bertalmio et al. [2], as a process of
restoring missing data in a designated region of an image in a visually
plausible way. Subsequently, several mathematical models as well as
various applications of inpainting have been presented [3]–[5]. Current
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results of image inpainting [6], [7] demonstrate that it can naturally re-
cover homogenous regions as well as certain kinds of structural regions.

One straightforward way to employ inpainting in compression is to
directly drop some regions in encoding but fill them up in decoding by
inpainting, as proposed in [8]. However, we notice that it is hard for cur-
rent inpainting schemes to restore large dropped regions, since the cor-
relations between available pixels and the interior pixels of dropped re-
gions are quite weak due to long distance. Moreover, current inpainting
techniques implicitly employ a predefined image prior (model) to de-
rive missing information from known surroundings, whereas different
image regions may have different distributions. If the imposed prior
does not match the property of dropped regions, the restoration could
result in severe visual artifacts.

Facing these problems, edge-based inpainting techniques are pro-
posed and applied into image compression [9], [10], where, instead of
completely dropping all information, certain edge information is ex-
tracted from those dropped regions and transmitted in a compressed
fashion to the decoder to guide the inpainting process. Due to the edge-
based inpainting, more edge regions can be dropped and recovered
well to achieve a higher compression ratio at similar perceptual quality
levels. However, as inpainting is involved in image compression, it is
desirable to drop as many regions as possible to save coding bits while
still maintaining good visual quality.

In this correspondence, we propose a generic method of parameter-
assistant inpainting (PAI) for the purpose of compression. We study
different distributions of image regions and fit them with a model class
rather than a single prior. In other words, we intend to view an image as
a class of inhomogenous distributions. Moreover, we consider the dis-
tribution parameters as a kind of unpredictable information. Therefore,
assistant parameters, usually a sparse representation of the distribution
parameters, are introduced as a supplement for more reliable inpainting
when large image regions are dropped.

We further design an image compression system that integrates PAI.
According to the proposed model class, an input image at the encoder
side is analyzed at block level and then divided into featured (including
gradated and structural) and non-featured blocks. For the majority of
featured blocks, assistant parameters instead of pixel values are coded
and transmitted. A few featured blocks (selected as exemplars) as well
as the non-featured blocks, are coded using traditional DCT-based
methods. At the decoder side, dropped regions are recovered by PAI,
relying on both delivered parameters and reserved regions. Due to the
assistant parameters, the reliability of inpainting is greatly enhanced.
Since large regions can be dropped during encoding, the proposed
scheme achieves a higher coding performance when compared with
traditional image compression methods at similar perceptual quality
levels.

The rest of this correspondence is organized as follows. Section II
gives a generic description of PAI for compression. Its adaptations
for two kinds of image regions are further discussed in Section III.
Section IV presents the framework and some details of our compres-
sion system. In Section V, experimental results are shown in terms of
perceptual quality and bit-rate saving, compared with baseline JPEG
and H.264-Intra. Concluding remarks are offered in Section VI.

II. PARAMETER-ASSISTANT INPAINTING FOR COMPRESSION

As shown in Fig. 1, let � denote a complete image domain, � is a
subset of � consisting of unknown pixels, and � is the boundary of � .
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Fig. 1. Image inpainting problem.

Fig. 2. Inpainting with a predefined prior. (a) original image, (b) incomplete
image (white region dropped), and (c) PDE-based inpainting result [6].

Inpainting is the technique that aims to recover a whole image � on
the entire domain � only from the partial observation ������. To ac-
complish this task, various image priors are employed in the literature,
most of which impose certain distribution consistency on the missing
region and its known surroundings. For example, the well-known total
variation (TV) inpainting based on bounded variation (BV) image prior
[3] minimizes the following energy item:

���� �

�

����� (2-1)

Inpainting based on a predefined prior gives good results when
missing regions are small and consistent with the distribution assump-
tion of the prior. However, an inpainting-based compression system
requires as many regions as possible to be intentionally dropped for
coding efficiency. Since the dropped region may have a different
distribution from its known surroundings, the principle of minimizing
a total variation may result in severe distortion. Fig. 2 shows a
simple example in which inpainting with a PDE prior (a kind of TV
inpainting) [6] fails to deduce the correct gradation pattern in the
dropped region. Actually, we believe such inpainting problems are too
difficult to be solved without any other assistance.

Therefore, to develop an effective inpainting method in the compres-
sion scenario, we suggest that image regions to be recovered are re-
stricted to a class of parametric distributions rather than a fixed prior.
We denote

� � ������� � � � �
�
� � � �� � � � � 	 (2-2)

where � is referred to as a model class [11], �� represents a fea-
tured distribution with 
�-dimensional parameter �, and 	 is the total
number of adopted distributions.

In case of compression, when the distribution forms in� are given,
the proper model � is first determined for each image region. Then, be-
fore a certain image region � is dropped at the encode side, an estimate
of � is involved as

�� � � ����� ���� (2-3)

� is an estimation function based on the image observations in the
dropped region as well as the distribution it belongs to. With the help

of this assistant parameter ��, a valid inpainting can be performed at the
decode side by

���� � 
��������� ���
��� (2-4)

where �� is the restored image content on the dropped region, ��� is the
known surrounding compressed traditionally, and the PAI function 

is designed in accordance with � .

Generally, the performance of a compression system is evaluated by
its rate-distortion (R-D) characteristic. For the PAI-based compression
method, R-D on the dropped region can be depicted as

� � ����� 	 ������� ����� (2-5)

where� is regarded as the cost of compression, � is a weighting factor,
the rate � depends on the coding of assistant parameters and the dis-
tortion � is evaluated with certain perceptual quality metrics between
original and restored image regions.

It can be observed that our PAI-based compression is compliant with
traditional schemes in terms of R-D optimization and can be readily
integrated with other blocked-based methods, e.g., JPEG and H.264-
Intra. The whole compression system is designed to minimize the total
cost �� for the entire image

�� �

�

���

���� �

�

���

���� 	 ����� (2-6)

where �� , �� , and �� �� � �� � � � � 	� are the cost, rate and distor-
tion of PAI for dropped regions �� in accordance with each featured
distribution �� in�, and ��, �� and �� are the corresponding items
for the reserved regions �� coded traditionally.

Due to the diversity of nature images, PAI with a model class can be
more efficient in representing image regions with different distributions
compared with traditional methods that uniformly compress the entire
image. The total cost in the latter case will be

�� �

�

���

���� �

�

���

���� 	 ����� � ��� (2-7)

The previous condition always holds as long as we set

���
�� ���� 	����� � ���� 	����� � ���� � � � � 	�

(2-8)

III. PAI FOR DIFFERENT IMAGE REGIONS

In this section, we present the PAI adaptations for different image
regions. Two featured distributions, gradation �� and structure �� ,
are taken for detailed illustration. In the following discussion, we have
� � ���� ���.

A. Region Classification

To best represent the target region for inpainting, an effective region
classifier is required. A generic solution is to study the distribution of
each image region and find the best match among the candidates in the
predefined model class. For simplicity, in our scheme, an entire image
is divided into three categories: gradated, structural, and non-featured,
at non-overlapping block level of size � � �.

The classification is performed based on edge content and color vari-
ance in each block. First, simple edge detection is carried out and blocks
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with edge pixels inside are judged into the structural category. Then,
color variance � is calculated in the remaining blocks

� �

�

���
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���

���� ���� � ���� ���� � ���� ����
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�
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�
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�

���

�

���

��� (3-1)

where����� represent the color components,����� are their mean
values in a block, and �� � are the pixel indices. Blocks with a color
variance less than a threshold �� are treated as gradated. Finally, the
remaining blocks are considered to be non-featured.

B. Gradated Region

For gradated image regions where the hue or lightness changes
smoothly, the most important feature is the gradation pattern shaped
by the inside gradients. The parametric distribution on a gradated
region is thus given as

	��
��� � � � �
 � ���� ��� � �
�
� (3-2)

The gradient � in discrete form can be denoted in a piecewise smooth
form

� �

�

���

����� ����
����� �� � � � � � �� � �


���� �
�� ��� �� � ��

�� else
� � �� 	 	 	 � � (3-3)

where ���� 	 	 	 ���� is a partition of the entire image domain � and �
is the number of subareas. Notice that the estimation of the gradation
pattern is closely related to the partition method. We may estimate � at
pixel level in pursuit of accuracy. However, it is not favorable in com-
pression as the parameters need to be coded at pixel level as well. Since
the gradation pattern always exists steadily and varies gently (other-
wise edge or texture will appear), a coarse level description should be
adequate. Also, pixel values in digital images are all integers, so a gra-
dation pattern actually comprises a series of step-like segments. It is
difficult to tell the exact gradation pattern only from gradients at indi-
vidual pixels. Considering the above reasons, we estimate a block gra-
dient as the assistant parameter to represent the gradation pattern.

The block gradient estimation is illustrated in Fig. 3. Here ����� �
�� � � �� denotes the image observations in a block. First, prefiltering
is carried out to achieve the vertical gradation array � and the hori-
zontal gradation array � that consists of the mean value of each row
and column, respectively

� ������� � � � � ������ �	�� �
�

�

�

���

���	�

� ������� � � � � ������ �	�� �
�

�

�

���

�	��� � � �� 	 	 	 � ��

(3-4)

Fig. 3. Block gradient estimation.

Fig. 4. Block gradients in a gradated image region. (a) Gradated image region;
(b) block gradients; (c) observation in image space; (d) observation in gradient
space.

Then we use the least square (LS) fitting to approximate the block gra-
dient as
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�
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� � �
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(3-5)

where �� and �� are the mean values of � and�.
Fig. 4 illustrates the block gradients in a gradated image region. For

the input image region (a), the block gradients (take the blue color com-
ponent for example) calculated via (3-4) and (3-5) are shown in (b) by
directional arrows. Observations explored in the image and gradient
spaces are presented in (c) and (d). The spatial correlation in the gra-
dient space, as can be seen, is greatly enhanced (assembled to three
levels) compared with that in the image space. Since strong correlation
is favorable to compression, it is promising to describe the gradated re-
gions more efficiently by block gradients.

Given the gradient information, our PAI completes a dropped gra-
dated region from known boundaries inwards block by block, whereas
the inpainting within a block is performed at pixel level to maintain
the continuity of gradation. Specifically, blocks with maximum known
neighbors in their four-neighborhood are recovered first.
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Fig. 5. PAI in a gradated block.

Fig. 6. Border restoration.

As depicted in Fig. 5, suppose only the border pixels are available in
an � � � block. Each unknown inner pixel ����� � �� � � � � �� is
estimated from four corresponding border pixels as

��� � �������������������� � �������� � �����������

������ ���� � ��� ���	� � �� � 
��	�
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�� �

�� �
�

�
� ��

�� �
�

�
��

�

�� �

�� �
�

�
� �� (3-6)

where ������ represents the prediction generated by border pixel ���
with the block gradient ��	�� �	��. However, not all of the four borders
are available in most cases. Fig. 6 illustrates the scenarios in which
border restoration is required first. Take case (a) for example, only
three borders are known and one item in (3-6) is missing. Pixels in
the missing border are then predicted by

������ � ������ � ��� � ��� ���	�� (3-7)

In the other three cases, the missing borders are restored similarly.

Fig. 7. PAI in a structural block.

C. Structural Region

For structural image regions that have edges inside, the key features
are the edge location and edge variation (i.e., variation across the edge).
Here we model an edge as a Gaussian blurred step function


��� � ��
� � 
������ � 
�� �
�

����
�
�� ��	

� (3-8)


��� denotes the pixel intensity whose distance to the nearest edge pixel
is �. 
� and 
� are two intensities a certain distance away from the
two sides of the edge. ���� is a step function and � is the scale of the
Gaussian blur kernel. The parametric distribution on a structural region
is given as

�
 ������� �� � �� ����� 	 ��� �� � 
 (3-9)

where ���� �� � � denotes the edge location and ���� the edge vari-
ation. The edge location is obtained by edge detection during region
classification at pixel level, whereas the edge variation is estimated at
block level considering the consistency along an edge as well as the
coding efficiency. We calculate the edge variation in a structural block
as

������ � ��� ����������� � ��� ���������
� (3-10)

where ����� �� � � is the detected edge location and ���� ��� are the
variances of pixel values on the two sides of the edge (not including
the edge itself), which can be obtained from the image observations
in the block similarly to (3-1). Fig. 7 gives a simple illustration of the
edge variation estimation.

The recovery of dropped structural regions is similar to that in [10]
by edge propagation as well as texture synthesis. First, edge pixels in
an unknown block are generated from pixels on the same edge piece in
the known surroundings using linear interpolation

�����������	� �
�
�	� �����
�
�	� ���

��� �
�� �� � � � ��

��� ����� else
(3-11)

where ������ � � � ��� are the restored edge pixels in the unknown
block and � gives the total number of pixels on this edge piece, as also
shown in Fig. 7. Then, in a designated influence region that includes
unknown pixels within a short distance from the restored edge, edge
propagation is performed through a pair matching algorithm. For each
target pixel in the influence region, a structural candidate and a textural
candidate are found from the surrounding available pixels. The one
with smaller sum of squared difference (SSD) between its neighbor-
hood and that of the target pixel is then chosen to fill in the target pixel.
Finally, the remaining unknown pixels are restored by a patch-wise tex-
ture synthesis method.
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Fig. 8. Framework of PAI-based compression system. (a) Encoder;
(b) decoder.

Our scheme is kind of different from [10] in that one more assistant
parameter is introduced, i.e., the edge variation. It directs the inpainting
process in the following two aspects.

1) Edge variation indicates the sharpness of an edge, e.g., an ideal
step edge has zero variation according to (3-10). So blocks with
small edge variations have a small width of influence region in
edge propagation to avoid over-smoothing.

2) Edge variation also indicates the content complexity in a block.
Since the content complexity of an image patch is restricted to its
size, blocks with large edge variations require a large patch size
to enhance the accuracy of the SSD-based similarity measurement
during texture synthesis.

IV. PAI-BASED COMPRESSION SYSTEM

Based on the proposed PAI method, we present an image compres-
sion system aiming at high coding performance in terms of the per-
ceptual quality. The framework of our system is shown in Fig. 8. At
the encoder side (a), an original image is classified into featured and
non-featured blocks. A small portion of featured blocks are reserved
as exemplars while assistant parameters are extracted from the other
dropped blocks. Then all the reserved blocks as well as the assistant
parameters are encoded and transmitted to the decoder. The decoder
side of our compression system is depicted in (b). After the reserved
regions and assistant parameters are decoded, the entire image is au-
tomatically restored by PAI. In the latter part of this section, we will
supply some implementation details of exemplar selection, parameter
extraction, coding and adjusting during inpainting.

For all featured blocks, exemplar selection is processed to decide
which ones will be dropped during encoding. The reason we keep a
few featured blocks as exemplars is that inpainting needs necessary
boundary constraints. Furthermore, when some featured blocks ad-
jacent to non-featured ones are dropped, the inpainting process may
“leak” inhomogeneous contents into featured regions and thus lead
to artifacts. In view of these considerations, we select the exemplars
based on the following two principles:

1) gradated block is determined as exemplar if structural or non-fea-
tured blocks exist in its eight-neighborhood;

2) structural block is determined as exemplar if its edge variation is
higher than a threshold.

After exemplar selection, the other featured blocks are dropped
during encoding, while some parameters are extracted from them to
assist inpainting. Here we only want to point out a detail that the block
gradient is calculated in an overlapped �� � �� � �� � �� block

since, actually, the border pixels used in inpainting cannot belong to
the unknown � � � block. Similarly, the recorded edge locations are
not only the ones inside the dropped block, but also those on the same
edge piece inside the neighboring reserved blocks.

At the encoder side, the contents to be coded are comprised of
reserved regions and assistant parameters. The reserved regions,
including non-featured blocks and featured exemplars, are compressed
with baseline JPEG. In addition, the assistant information, including
the positions of dropped blocks, the types of dropped blocks (gradated
or structural) and edge locations, are coded as bitmaps with JBIG. The
edge variations, placed in an array, are coded by an arithmetic encoder
after uniform quantization. The block gradients are compressed by a
scheme similar to differential pulse code modulation (DPCM) which
includes quantization, intra prediction, and entropy coding followed
by run-length coding. The detailed procedures are omitted due to
space limitations.

At the decoder side, reserved regions and assistant parameters are
both decoded. Then PAI begins to reconstruct the entire image with
them. Although inpainting with block gradients can maintain the con-
tinuity of gradation patterns in the dropped regions, it is possible that in-
painting errors (caused by parameter modeling, estimation and coding)
occur and accumulate in the block-by-block restoration process, espe-
cially when large-scale gradated regions are removed. Therefore, we
have the parameters adjusted dynamically in a simple way that the
incontinuity, once detected, is averagely compensated along the in-
painting “path” which can be predicted in advance. Thus it will not
accumulate to cause visible artifacts.

V. EXPERIMENTAL RESULTS

We test our compression scheme on a number of color images with
different gradation patterns and edges inside. In these experiments,
some parameters are empirically determined in terms of rate-distor-
tion optimization. Here the distortion is evaluated in certain perceptual
quality assessments. The block size is 16 � 16 and the threshold for
color variance �� is 2000 in region classification, where an edge de-
tection algorithm similar to [12] is utilized. The preserved ratio of the
structural exemplar is 0.3. The quantization value of edge variation is
either 0 or 1; the corresponding width of influence region in edge prop-
agation and the patch size in texture synthesis are 7, 3 � 3 and 11, 4
� 4, respectively. For different color components, the same set of edge
locations and variations are utilized, whereas the block gradients are
calculated and recorded separately.

Since our scheme adopts JPEG for the coding of reserved regions, its
performance is mainly evaluated in comparison with baseline JPEG in
terms of the perceptual quality and compression ratio. To demonstrate
the potential of our scheme, some results compared with H.264-Intra
are also presented. In Figs. 9 and 10, test images are taken from the
UCID image database [13], the Kodak image library1 and a synthetic
image of Windows desktops.

In Fig. 9, the reserved image regions and some assistant parame-
ters (edge location and variation here, block gradient can be referred
to in Fig. 4) are shown in the first column. Compressed images with
our scheme and baseline JPEG under the same bit-rate are given in the
second and the third column. It can be observed (better in an enlarged
view) that PAI gives much less artifacts than JPEG, especially in the
sky of Pole, the wall of Statue and the sunglow of Kodim20. The arti-
facts are more severe in images in the last column resulting from exem-
plar-based inpainting [7], which further demonstrates the necessity and
effectiveness of PAI. More results of comparisons between our scheme
and baseline JPEG are given in Fig. 10, where we set the same quality
parameter of JPEG coding in both methods. It means the reserved re-
gions have the same quality in the two schemes, both subjectively and
objectively. The dropped featured regions restored by PAI, as can be

1[Online]. Available: http://r0k.us/graphics/kodak/
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Fig. 9. Comparison results on test images Pole (384 � 512), Statue (384 �
512), and Kodim20 (512 � 768). (a) reserved regions (black for dropped gra-
dated blocks, white for dropped structural blocks with 0 edge variation, gray for
those with 1 edge variation and red lines for recorded edge locations), (b) result
of PAI, (c) result of JPEG, and (d) result of exemplar-based inpainting [7].

seen, still have similar perceptual quality to those in baseline JPEG,
whereas the coding bit-rates are dramatically saved.

As mentioned all through this correspondence, our PAI-based com-
pression method mainly aims at rate-visual distortion optimization, in-
stead of pixel-wise fidelity perfection, so as to further explore visual
redundancy in color images. Therefore, we choose a perceptual quality
assessment in [14] for presenting the rate-visual distortion curves in
Fig. 11. Performance of three coding methods: PAI, JPEG, and H.264-
Intra are provided. The quality score is independently calculated for
RGB color components with the green component being taken for ex-
ample. The perceptual quality assessment in [14] is designed to cap-
ture the blocking artifacts in the compressed image, which are fair
for the above three block-based coding methods. Under this criterion,
PAI greatly outperforms JPEG. Compared with H.264-Intra, PAI is still
competitive, with a higher curve most of the time. In addition, a PSNR
curve is shown in Fig. 11, giving the performance in pixel-wise fidelity.
Despite lower objective quality for the proposed method, human ob-
servers seldom have corresponding perceptual experience. It reveals
the fact that PSNR does not always provide an accurate and fair mea-
sure of visual quality for different image coding schemes.

The bit-rate savings of our scheme compared with JPEG at featured
regions are given in Table I, where the quality parameter of JPEG
coding is set to 75. Our method can save 76% of bits on average at
similar perceptual quality levels in these featured regions.

The computational complexity of our scheme could be a little higher
than that of the traditional methods. Suppose the input image size is
� , the block size is � and the ratio of dropped regions is ��� �
� � ��. At the encoder side, the additive complexity mainly comes
from block classification (including edge detection and color variance
calculation) with complexity of����, and assistant parameter extrac-
tion (including block gradients and edge variations) with complexity

Fig. 10. Comparison results on test images Projector (512� 384), Plane (512
� 384), Kodim09 (512 � 768), and Winxp (768 � 1024). (a) reserved regions,
(b) result of PAI, and (c) result of JPEG.

Fig. 11. Rate-distortion curves of PAI, JPEG and H.264-Intra.

�����. At the decoder side, the complexity of PAI is approximately
��������.
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TABLE I
BIT-RATE (BPP) OF PAI AND JPEG IN FEATURED REGIONS ��� � ���

VI. CONCLUSION

This correspondence presents an image compression system based
on the proposed parameter-assistant image inpainting method to more
deeply exploit visual redundancy inherent in color images. We have
shown that with carefully selected dropped regions and appropriately
extracted parameters from them, dropped regions can be satisfactorily
restored using the proposed PAI algorithm. Accordingly, our compres-
sion scheme has a higher coding performance compared with tradi-
tional methods in terms of the perceptual quality.

Further improvements of the current scheme are still promising.
First, assistant parameters may be described and compressed into
the bit stream in a more condensed manner. Second, extraction of
distinctive features could be more flexible and adaptable. Besides
gradated and structural regions, other types, such as textural regions,
could also be involved in our future work.
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A Completed Modeling of Local Binary Pattern
Operator for Texture Classification

Zhenhua Guo, Lei Zhang, and David Zhang

Abstract—In this correspondence, a completed modeling of the local
binary pattern (LBP) operator is proposed and an associated completed
LBP (CLBP) scheme is developed for texture classification. A local region
is represented by its center pixel and a local difference sign-magnitude
transform (LDSMT). The center pixels represent the image gray level and
they are converted into a binary code, namely CLBP-Center (CLBP_C),
by global thresholding. LDSMT decomposes the image local differences
into two complementary components: the signs and the magnitudes,
and two operators, namely CLBP-Sign (CLBP_S) and CLBP-Magnitude
(CLBP_M), are proposed to code them. The traditional LBP is equivalent
to the CLBP_S part of CLBP, and we show that CLBP_S preserves more
information of the local structure than CLBP_M, which explains why the
simple LBP operator can extract the texture features reasonably well. By
combining CLBP_S, CLBP_M, and CLBP_C features into joint or hybrid
distributions, significant improvement can be made for rotation invariant
texture classification.

Index Terms—Local binary pattern (LBP), rotation invariance, texture
classification.

I. INTRODUCTION

Texture classification is an active research topic in computer vision
and pattern recognition. Early texture classification methods focus
on the statistical analysis of texture images. The representative ones
include the co-occurrence matrix method [1] and the filtering based
methods [2]. Kashyap and Khotanzad [3] were among the first re-
searchers to study rotation-invariant texture classification by using a
circular autoregressive model. In the early stage, many models were
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