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Abstract

Color and texture description is important aspects in
image retrieval from large image databases. It is
necessary to build an efficient search system which
provides fast and accurate retrieval. In this paper, an
approach to improve retrieval accuracy using
relevance feedback is discussed with proposed distance
measure. The information in images is represented
utilizing dual tree complex wavelet transform (DT-
CWT) and dual tree rotated complex wavelet filter
jointly. The properties of DT —-CWT like shift
invariance, good directional selectivity, computational
efficiency and perfect reconstruction are effective in
describing texture patterns. The DT-RCWF improves
the retrieval by adding the information of oriented
textures. The retrieval is carried out by decomposing
the image using complex wavelet transform and rotated
complex wavelet filter & computing the energy,
standard deviation of the sub bands as feature vectors.
The average retrieval accuracy of the class is improved
by relevance feedback.

1. Introduction

Large number of users is able to access huge amount of
data as there is vast growth of internet and world - wide
web. Internet has created super highway of information
for the end user. Exponential development of image
database has led to the creation of digital libraries and
multimedia databases. This rapid growth of information
has created the need to develop effective and efficient
search algorithm for image retrieval. It is difficult to
annotate the images using keywords as they contain
rich content. This limits the search operation to limited
number of keywords and also it is time consuming.
This led to the development search system based on
content. The color, texture and shape of the image play
important role as features in content based image
retrieval system. A majority of indexing techniques are
based on spatial domain features like color [2], texture
[3], and shape [4]. The aim of efficient content based
image retrieval system is to capture the important

characteristics of an image which makes it different
from the other similar images. The Content-Based
Image Retrieval [1] is aimed at efficient retrieval of
relevant images from large database. The visual
contents of the image are extracted in the form of
feature vector and stored in the database. This process
is known as indexing. The features of the query image
are extracted. The query features are compared with
database features by using similarity metric to retrieve
similar images [15].

Many researches are based on indexing in frequency
domain. The compressed domain indexing techniques
have become more popular because of less complexity.
Some frequency domain techniques include wavelet
domain features, Gabor transform and Fourier domain
features etc. for efficient extraction of color and texture
features together. Color is one of the most widely used
features in image retrieval due to cheap availability of
color image acquisition. Methods have been proposed
with complex wavelet transform which provide fast
way of computing texture image retrieval. Much of the
research work has been done in this direction in terms
of texture analysis, classification and segmentation
extending the study to texture in color images. The
texture characteristics are extracted taking into account
the color bands giving the information about color
texture. [7, 8, 9, 10, 11]. Methods have been proposed
how we can enhance the texture extraction capabilities
of CWT for color image retrieval [6]. The wavelet
approach has emerged as efficient over other methods
because of the drawbacks of other frequency domain
techniques. The standard DWT lacks sensitivity and
directionality and not able to analyze the high
frequency signal with narrow bandwidth. The gabor
wavelet introduces redundancy and  memory
requirement as its basis functions are not orthogonal.
Many researches are conducted to improve the retrieval
accuracy by relevance feedback. Relevance feedback
based on Nearest neighbor approach is proposed in
which each image is ranked with reference to relevance
score based on nearest neighbor distance [12]. Another
method proposed using Markov model mediators’
frameworks to cluster the database in order to improve
the performance of query processing and matching
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[13]. Region based image retrieval with relevance
feedback is proposed in which the system learns the
importance of region based on the feedback from the
user to improve the performance [14]. Addressing
small sample size for training will reduce the retrieval
time[19].

Since, the objective of this paper is to present an
efficient method which provides better average
retrieval accuracy. An approach of relevance feedback
is introduced to improve the performance of the
system. An investigation is presented in this direction
in the paper using color and texture feature retrieval by
complex wavelet transform and rotated complex
wavelet filter which provide texture information in
twelve different directions. The relevance feedback
further enhances the performance of the system in
terms of retrieval accuracy.

The paper is organized as follows. The theory related to
dual tree complex wavelets & rotated complex wavelet
filter are discussed in section 2. The design and
implementation of proposed algorithm is discussed in
section 3. The experiment and its results are discussed
in section 4 followed by conclusion in section 5.

2. Wavelet decomposition

2.1 Dual tree complex wavelet transform

In multi resolution analysis of wavelets, the low pass
information consists of approximated version of high
resolution image. The high pass information gives
sharper variation details. In dual tree complex wavelets,
two trees are used in parallel to generate the output
interpreting them as real and imaginary part of complex
coefficient. Two sets of QMF filter pairs are used in
the generation of real and imaginary coefficients in the
analysis branch. The transform decomposes the image
into sub bands providing the two smoothed versions of
image and the information in six different directions at
each stage. All the filters used in the analysis are real
& orthogonal [16, 18]. The outputs of the QMF filters
is given as,
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The resultant six wavelets generated using equations
(2), (3) and (4) are as follows.

\

"F: Lx, yi= "[J.’:.:' :._.1-:' + "[‘lgl;' :.."':l :5:!

International Journal of Engineering Research & Technology (IJERT)
ISSN: 2278-0181
Vol. 2 Issue 4, April - 2013

Woia(x ) =W () + W, (0) (6)

These are directional and two times redundant. These
six wavelets are strongly oriented in {+15°, +45° +75°,
-15°-45° 75} to capture information in respective
direction and are shift invariant.

2.2 Rotated complex wavelet filter

In image retrieval, it is necessary to capture the
information in many directions in order to improve the
retrieval performance of the system. The texture
properties are very well characterized by edge
information. The 2-D rotated complex wavelet filters
are non separable and provide orientation selectivity[5].
They characterize texture properties by gathering edge
information in 6 different directions. i.e. {-30°, 0°,
+30°%, 60° 90° 120° . The filters are generated by
rotating the 2-D complex wavelet filters by 45°. This
filter combined with dual tree complex wavelet filter
will provide edge information in 12 different directions.

2.3. Relevance feedback

The efficiency of the image retrieval system can be
improved by relevance feedback by training the images
in the database by end users feedback. The database
consists of images belonging to different classes. Each
query image under consideration belongs to one of the
classes. During training using relevance feedback, the
top 100 retrievals (assuming there are 10 different
classes each consisting of 100 images) for each query
image are extracted. These are classified as relevant
and non relevant image groups. The feature vector is
constructed for relevant and non relevant groups. The
feature vectors corresponding to the relevant and non
relevant group of query image is calculated as,

T Respective feature vector components of all relevant images
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The vectors Frejevant @aNd Fron rrelevant are calculated for
query image under training. New feature vector is
generated for query image under consideration by
modifying the original feature vector.

The modified feature vector of the query image is given
as,
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where, Forginai 1S the original feature vector of query
image. The image retrieval is carried out with modified
feature vector using proposed similarity measure to
obtain improved retrieval accuracy.

3. Feature extraction

The DT- CWT and DT — RCWF are jointly used for the
feature extraction. The decomposition is carried out up
to eighth level using selsenick’s first and higher stage
low pass & high pass filters. As DT-CWT and DT-
RCWF provide edge information in twelve different
directions, the filter coefficients are obtained by
passing the image (2-D signal) through real &
imaginary trees. The energy and standard deviation are
calculated for all the sub bands[17]. The energy and
standard deviation is calculated for all sub bands for
DT-CWT and DT -RCWF. The calculations for the
energy and standard deviation of k™ sub band are given
as,
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Where Wi( i, j) is the k™ wavelet decomposed sub
band , M x N is the size of the k™ sub band, pi is the
mean of k™ sub band. The feature vector is constructed
using the energy & standard deviation of the sub bands.
The resulting feature vector is given by,

Feature Vector at each stage={E,E,...E¢, 61,0,... 65)

Final Feature Vector = 8 x size of Feature Vector at
each stage (15)

The final feature vector is constructed for all the images
in the database. The similarity measure between the
query and the database images is carried out using
proposed distance. If D & Q are the feature vectors of
the database and query images respectively, hen the
proposed distance is given by,

P e . [ — QI.
Distance D, Q) = Z _ (16
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The retrieval accuracy of each class is further improved
by relevance feedback. The vectors Figeyn and
Fron_retevant @re calculated for query images under
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training. The modified feature vector for the respective
query image is generated using these vectors. The
image retrieval is carried out with modified feature
vector using proposed distance to obtain improved
retrieval accuracy.

4. Experimental results

The experiment was conducted on Wang database
consisting of 1000 images belonging to 10 different
classes. Namely, People, beach, elephant, horse, food,
monument, rose, dinosaur, bus and mountain. The pre
processing stage involves the resizing images to
[256,256] and then converting into Y, Cb, Cr domain.
The energy and standard deviation values are calculated
for the channels Y, Cb and Cr separately. The features
are extracted by decomposing the 2-D signal (image)
up to eighth level and constructing feature vector
consisting of energy, standard deviation values. Thus,
each image in the database consists of 288 features
corresponding to DT — CWT and DT — RCWF each in
its feature vector. The similarity measure between
query image and the images in the database executed
using proposed distance given in equation (20) by
considering each image in the database as query image.
The retrieval accuracy of query image and the average
retrieval accuracy of all the classes are calculated. The
Retrieval Accuracy of the query image is calculated as,

Retrieval Accuracy =
No.of Relevont images Retrieved
Totel No.of Relevant Images —————*

The Average Retrieval Accuracy of each class is given
by,

]
1
- Z Retrieval Accuracy (18)
=1

Average Retrieval Accuracy =

Where n=No. of images in the class

The performance of the system is evaluated considering
only DT-CWT, DT-RCWF and combination of DT-
CWT and DT-RCWF. The average retrieval accuracy
of the class is calculated. The training of query images
is carried out for all images of the class with relevance
feedback in order to improve retrieval accuracy.
However, in the experiment, only five iterations are
used to improve the retrieval accuracy of query images.
The number of images considered for training with
relevance feedback and the average retrieval accuracy
achieved in the iterations is shown in Table 1. The
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average retrieval accuracy obtained using proposed Table 2. Average Retrieval Accuracy of all the Classes
distance as similarity measure with and without without & with Relevance Feedback using CWT and
Selective Relevance Feedback is tabulated in Table 2. RCWE

Table 3 indicates the percentage of improvement
achieved by implementing proposed method.

Average Retrieval Accuracy

Tablel. Average Retrieval Accuracy of Images with

CWT, RCWF and combination of CWT & RCWF With Relevance Feedback

Average Retrieval Accuracy Class Iter Iter Iter Iter Iter Iter

of each class
No | Class 0 1 2 3 4 >

CWT | RCWF | CWT People | 32.76 | 4551 | 54.03 | 59.64 | 62.97 | 64.93

+RCWF

Beach 31.94 | 44.10 | 51.24 | 55.38 | 58.03 | 59.96

1 People 29.16 | 33.79 32.76

Building | 30.25 | 40.60 | 44.85 | 46.60 | 47.29 | 47.80

2 Beach 25.69 34.57 31.94

Bus 52.30 | 72.63 | 82.68 | 86.39 | 88.34 | 89.22

3 Building 28.68 | 24.77 30.25
Dinosaur | 89.22 | 97.39 | 98.28 | 98.53 | 98.71 | 98.84

4 Bus 4755 | 48.69 52.30

Elephant | 46.41 | 66.89 | 76.40 | 79.97 | 81.00 | 81.37

5 Dinosaur 73.06 | 98.24 89.22

Rose 63.71 | 73.80 | 75.62 | 78.16 | 80.44 | 80.44

6 Elephant 40.84 | 36.81 46.41
Horse 50.90 | 70.80 | 80.11 | 85.06 | 88.49 | 90.90

7 Rose 51.12 72.07 63.71

Mountain | 30.63 | 41.15 | 47.29 | 52.08 | 55.16 | 56.91
8 Horse 41.48 52.91 50.90

Food 42.21 | 57.23 | 63.55 | 66.38 | 68.03 | 69.20
9 Mountain 24.35 33.48 30.63

ARA 47.03 | 61.01 | 67.40 | 70.80 | 72.84 | 73.95

10 | Food 42.02 33.36 4221

ARA of | 40.395 | 46.869 47.033
class

ARA —Average Retrieval Accuracy
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Table 3. Comparison of outputs without and with
Relevance Feedback

Average Average | Improvem

Retrieval retrieval entin
Accuracy | accuracy Average

Class without With Retrieval

Relevance | Relevance | Accuracy
feedback | Feedback With

Relevance

(iteration | Eeedback

5)

People 32.76 64.93 32.17
Beach 31.94 59.96 28.02
Building 30.25 47.80 17.55
Bus 52.30 89.22 36.92
Dinosaur 89.22 98.84 9.62
Elephant 46.41 81.37 34.96
Rose 63.71 80.44 16.73
Horse 50.90 90.90 40.00
Mountain 30.63 56.91 26.28
Food 42.21 69.20 26.99
ARA 47.03 73.95 26.92

5. Conclusion

In this paper, the implementation of proposed
method and its comparison with retrieval without
relevance feedback is carried out. The result
indicates that the average retrieval accuracy is
improved with Relevance Feedback. It is observed
that dinosaur and building Class have maximum
and minimum average retrieval accuracy
respectively. The retrieval accuracy increases with
every iterations. The retrieval accuracy of most of
the classes is increased by more than 25%.
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