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ABSTRACT: In order to solve the problem of rotation
invariant texture image retrieval, an image retrieval
algorithm based on Log-Polar and nonsubsampled
contourlet transform (NSCT) is proposed. Log-Polar
transform was first applied to texture image to convert
the rotation to translation. Then, translation invariant NSCT
was employed to decompose the transformed images.
Standard deviations, energies and entropies of the different
directional subbands features were calculated to make
up a 45-dimension feature vector. Finally, Canberra
distance was used to compute the comparability of this
feature vector to retrieval images. The experiment results
showed that the proposed algorithm was able to obtain a
higher recall rate.
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1. Introduction

With the rapid development of information society, image
data have been showing a trend of an exponential growth.
Regular text search engines are almost helpless for image
data [1], so how to retrieve desired images rapidly and
accurately from a vast database has become a topical
research issue [2] [3].

The texture in an image reflects the spatial distribution of
gray level of the image, including the surface information
of the image and the relationships between the image
and its surroundings, thus achieving a better balance

between the macro information of the image and its micro-
structure [4]. Texture in an image provides measurements
of a region’s regularity, roughness and smoothness.
Texture analysis is an important means of image analysis,
and has been widely used in object recognition, SAR
image analysis, and content-based image retrieval and
other fields [5] [6]. Literature [7] adopted wavelet transform
to extract rotation invariant texture features, but with this
algorism, only approximate rotation invariant features could
be obtained. literature [8] used a Log-Polar transform
method to extract scale and rotation invariant texture
features. However, this algorism was not strong in texture
enhancement.Literature [9] extracted rotation invariant
features by direction/frequency decomposition.Despite its
excellent performance, this algorism was too complicated.
Literature [10-11] made use of Hu moments to extract
image rotation and scale invariant texture features. In this
study, Lo-Polar transform and NSCT were adopted to
extract rotation invariant texture features of texture images.
The study also used Canberra distance to compute the
comparability of the extracted image feature vector, and
the experiment results proved the superiority of this
method.

2. Log-Polar transform

Log-Polar transform is to transform an image from
Cartesian Coordinates (x, y) to Polar coordinates (γ, θ )
first, then to Log coordinates (ρ, θ).The transform
relationship is shown in the following equation [12].

Polar coordinates plane:
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Log coordinates plane:
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The value range for ρ, φ obtained directly from Equation (2)
is too narrow and has decimal numbers. Assume the size
of the image is 512 × 512, then the range of ρ and θ would
be [0, 6.2383] and [0, 2π], respectively. In order to solve the
problem, it is necessary to enlarge the image and
undertake rounding operation by introducing parameter
k

1
, k

2
 as follows:
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Assume the size of the Log-Polar image is M × N after
the transform, and k
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where γ
max 

is the radius of the maximum inscribed circle of
the original image in Cartesian Coordinates.

When the image rotates, assume it rotates β degree relative
to the center (x

c
, y
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) then
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When the image rotates, its Log-Polar image translates
along φ axis. Figure 1(a) is a sample texture image, and
Figure 1(b) is the image of Figure 1(a) when the latter
rotates 40o. Figure 2 are corresponding images of the two
in Figure 1 after Log-Polar transform is applied to them.
As shown in Figure 2, the image in Figure 2(b) is obtained
when the image in Figure 2(a) translates vertically.

(a) Sample image (b) Image after 1(a) rotates 40o

Figure 1. Two Sample Images

3. Nonsubsampled Contourlet Transform

Contourlet transform has the multi-resolution and local
time-frequency analysis features that wavelet transform
presents, as well as directionality and anisotropic features
that wavelet transform lacks [13]. It is, therefore, a superior
image presentation method, and has been widely applied

in many image processing technologies. However, in both
Laplace decomposition and directional filtering, there are
upsampling and subsampling operations, so translation
invariance is not a feature in Contourlet transform.

In order for Contourlet transform to be translation invariant,
Cunhua proposed a nonsubsampled Contourlet transform
[14]. NSCT removes the subsampling sections in two-
level implementations of Contourlet transform and is made
up of Nonsubsampled Pyramid (NSP) and Nonsubsampl-
ed Directional Filter Bank (NSDFB) (See Figure 3).
Therefore, it is translation invariant [15].

(a)  Log-Polar transform
image of 1(a)

(b)  Log-Polar transform
image of 1(b)

Figure 2. Log-Polar Transform Image of Figure 1

image NSP NSDFB

lowpass
subbands

bandpass
directional
subbands

bandpass
directional
subbands

(a) Multi-scale partitioning structure

ω 2

ω 1

(−π, −π)

(π, π)

(b) Frequency partitioning

The two-channel nonsubsampled filter adopted is as

Figure 3. Multi-scale and Frequency Partitionings
of Nonsubsampled Concourlet

(6)
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shown in Figure 4:
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(a) Nonsubsampled Pyramid Filter Bank
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(b) Nonsubsampled Directional Filter Bank

Figure 4. Nonsubsampled Filter Bank

As both Nonsubsampled Pyramid Filter Bank and
Nonsubsampled Directional Filter Bank satisfy the Bezout
identity.
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Therefore, NSCT can be completely reconstructed [15].
NSCT has the following three strengths: (1) It is translation
invariant, and the scales between and the sizes of
subbands images are identical; (2) It has higher
redundancy with more complete information for each
subbands image; (3) According to nonsubsampling theory,
NSCF’s low frequency subbands will not have frequency
confusion, and is more directional.

With these advantages, NSCF is suitable for extracting
geometric features of images. In this paper, NSCF and
Log-Polar transform are combined in rotation invariance
image retrieval.

4. Rotation Invariant Texture Image Retrieval

When an image rotates, its Log-Polar image translates.
In this paper, Log-Polar transform of the rotated image
will be outlined first, followed by the discussion about
extraction of image texture features using NSCF’s
translational invariance, and the use of Canberra distance

to compare the similarities between this image and the
image library.

4.1 Extraction of Texture Features
The procedures for extracting texture features were as
follows:

(1) For a class of texture images, the average energies of
different rotation angles were different, so it was necessary
to normalize the energy of each texture image.

f
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N 2
1 Σ

N − 1

x = 0
Σ
N − 1

y = 0

f 2(x, y)1/2

(2) Log-Polar transform was applied to the images with
normalized energies, converting image rotation and scale
transform into translation of Log-Polar transformed images
or keeping the visual information relatively unchanged. In
the experiment, S = R = 360 was chosen to ensure that the
sizes of the Log-Polar images were identical after rotation
and scale transform was applied to them.

(3) NSCF translational invariance was adopted to remove
the effect of Log-Polar image translation so as to obtain
rotation and scale-invariant texture features. Fifteen
directional subbands including lowpass subbands were
obtained after a three-level NSCF decomposion of Log-
Polar images

(4) Standard deviations, energies and entropies for each
directional subband were calculated as shown in the
following three equations.
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Where I
k
 (i, j) is coefficient of the kth subbands, u

k
 is the

average value of I
k
 (i, j), and k = 1, ..., 15. The 45-dimension

feature vector was obtained by combining the above three
features.
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4.2 Comparability measure
Significant differences existed among individual features,
and using Euclidean distance was likely to cover up the
role of the small eigenvalues and fail to achieve the desired
effect, so in this study, Canberra distance was selected
for computing comparability. Let f

q
 be the query image

feature vector, and f
d
   the feature vector of the jth image in

the image library. The distance was defined as [16]:
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In the equation, f
q
(i) is the ith eigenvalue of the query image,

f
d 
(i) the jth eigenvalue of the th image in the image library,

and l the length of feature vectors. Let M be the number of
images in the image library, and after d

c
(i), j = 1,..., M is

obtained, if to all j
 
( j ≠ n), the inequality (15) holds, then it

is determined that the query image belongs to class n.

j

d
c 
(n) < d

c 
( j) (15)

5. Experimental Evaluation

Brodatz texture database is an image database built by
University of Queensland, Australia where images are
classified. It is suitable for texture feature extraction,
texture categorization and texture segmentation.The
experiment in this study was conducted with Brodats’s
rotation texture image library which held 91 pictures of
512×512, classified into 13 classes with seven in each
class. One of the images in each class was original, and
other six were rotation images of the original, with rotation
angles as 30, 60, 90, 120, 150 and 200, respectively [17].
Figure 5 shows the 13 original images in the library.

Figure 5. Originals of Images in Brodatz Image Library

Recall rate was taken as the evaluation index, and its
definition was:

recall =
number of right pictures recalled

number of pictures recalled
× 100%    (16)

The average recall rate of an image library is the average
of recall rates of all images in the library.

In order to verify the effectiveness of algorism proposed in
this study, a comparison was made between the algorisms
based on DT-CWT method [17], Log-Polar and DT-
CWT[18], and Radon and wavelet transform [19]. Table 1
presents the comparison of recall performance of these
four algorisms.

Table 1 indicates that the recall based on Log-Polar and
DT-CWT was higher than that based on DT-CWT by 1.73%,
the recall based on Radon and wavelet transform, which
was 95.8%, was between the above two methods. The
algorism based on DC-CWT performed FFT with the fea-
ture matrix respectively after the images underwent DT-
CWT transform so as to eliminate the impact of
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Figure 6. Images at Different Rotation Angles

translation. With the method based on Log-Polar and DT-
CWT, Log-Polar transform of the images was applied firstly,
converting rotation to translation, and then DT-CWT trans-
lation invariance was re-used to extract rotation invariant
texture features. Like the method based on Log-Polar and
DT-CWT, the first step of the method proposed in this
paper made use of Log-Polar transform to turn the image
rotation into translation. Then NSCT’s translation invari-
ance as well as its excellent capacity to enhance texture
feature was employed to extract rotation invariance tex-
ture features, and the recall obtained was 98.45%.

                                  Method Recall (%)

                    Based on DT-CWT[17]      94.89

     Based on Log-Polar and DT-CWT[18]      96.62

Based on Radon and wavelet transform[19]      95.87

                          Used in this study      98.45

Table 1. Comparison of Four Algorism Recall Performance

5. Conclusion

Log-Polar transform can convert image rotation to
translation. Nonsubsampled Contourlet Transform is
characterized with good translational invariance and the
capacity to enhance texture features. This paper proposes
an image rotation invariance recall algorism based on Log-
Polar and Nonsubsampled Contourlet Transform. This
method effectively integrates the advantages of both Log-
Polar transform and Nonsubsampled Contourlet Transform
by first converting image rotation variance to translational
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variance with Log-Polar transform, and then extracting
image rotation invariance texture features with
Nonsubsample Contourlet transform. The study’s results
indicate that the proposed method has a superior
performance in image recall.
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