
Abstract
With the advancement in image capturing device, the image 
data been generated at high volume. If images are analyzed 
properly, they can reveal useful information to the human 
users. Content based image retrieval address the problem 
of retrieving images relevant to the user needs from image 
databases on the basis of low-level visual features that can 
be derived from the images. Grouping images into meaningful 
categories to reveal useful information is a challenging and 
important problem. This paper describes effective approach 
to content-based image retrieval (CBIR) that represents each 
image in the database by a vector of feature values called “Dual 
Tree Complex Wavelet Transform on row mean and column 
mean of images for CBIR”. This paper present 6 techniques for  
calculating feature vector of color image. As Dual-Tree Discrete 
Wavelet Transform decomposition level goes on increasing then 
feature vector size goes on decreasing. One of the advantages 
of the dual-tree complex wavelet transform is that it can be used 
to implement 2D wavelet transforms that are more selective 
with respect to orientation than is the separable 2D DWT. Most 
of the natural images have short span high frequencies and 
low frequencies extending for larger span. Hence, the design 
of our feature vector is such a way that it provides higher 
spatial localization and lower frequency resolution at higher 
frequencies and the reverse for lower frequencies. All  the 
techniques are tested on database which include 800 images 
with 8 images classes. Average precision and average recall 
values calculated by using 40 query images from the database. 
We have determined the capability of automatic indexing by 
analyzing image content: texture as features and by applying 
a similarity measure Euclidean distance.
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I. Introduction
With the rapid growing of multimedia technology, more and more 
multimedia content are disseminated in the network or stored 
in the database.  Image data is one of the multimedia types to 
be seen or accessed for the users in the Internet or from the 
database.  Searching the related images by querying image’s 
content is helpful to the management and the usage of image 
database.    Therefore, the research of image indexing technique 
is an important topic. Many digital images are created daily 
on the Web so as to increase the transmission bandwidth and 
storage capacity.  However, most of the searching for images 
in the Internet or database is text-based engine.  For example, 
both the Google and Yahoo provide the function of searching 
by keying the text.The searching engine will search the images 
in the web based on the file name or the metadata used to 
describe the image content.  But, the text-based image retrieval 
can not attain high performance, because the characteristics 
within an image can not be described by the filename or the 
metadata precisely. It has many disadvantages such as i) 
manual tagging of all the images with keywords, ii) inherent 

difficulty of describing certain aspects, iii) highly subjective 
nature [1]. This makes the manual approach inadequate for the 
increasing database. As a result, it is difficult for the traditional 
text-based methods to support a variety of task-dependent 
queries. Because of all these factors in recent years, there has 
been a growing interest in developing these effective methods 
for searching large image databases based on image contents 
by ranking the relevance between query image feature vector 
and database image feature vector. Therefore, it is important 
to develop an efficient content-based image retrieval (CBIR) 
system.  
According to the scope of the representation these features 
roughly fall into two categories global features and local 
features. The former category includes texture histogram, 
color histogram[5,6]; color layout of the whole image, and 
features selected from multidimensional discriminant analysis 
of a collection of images [1-4]. While color, texture, and shape 
features for sub images [9], segmented regions[5-8], or interest 
points [11] belong to the latter category. Many CBIR systems 
have been growing for the usage in large image database 
management.  In general, to get the similar or related images, 
the system searches the images in the database based on 
content.  The content could be represented by the color, 
texture, shapes, etc.  In the past, small image databases were 
entered keywords to indicate the image contents by experts.  
This method has many drawbacks, because the content of the 
complex images would mismatch when a similar insignificant 
object or characteristic is omitted.  Therefore, image retrieval 
by this method is difficult to meet the requirement of users. 
The conventional approach to shape description is to extract 
features from the shape by transformation, and then use the 
features to represent the shape.  A color histogram of an image 
indicates the quantities of colors in an image[12].  Each pixel 
in the color image indicates the three color components: red, 
green, and blue.  According to the total number of pixels in each 
color component mentioned above to get three histograms, 
and then compare the histograms from query image to 
the histograms from the images in the database to get the 
desired images[1,2].  The disadvantage of the histogram is  
it just denotes the color characteristics of the image, but it 
does not care about the location of colors in the image. Two 
dissimilar images with similar color distribution produce very 
similar histograms. Moreover, similar images of same point 
of view carrying different lighting conditions create dissimilar 
histograms. The new [5,6] method strives for a light weight 
computation with effective feature extraction. Digital images 
undergo the following process in order to produce an effective 
feature vector describing an eminent feature set targeted to 
avoid the lack of robustness of a common histogram. The 
histogram equalized image is split into sixteen fixed bins in 
order to extract more distinct information from it. The key 
issue of histogram-based techniques is the selection of an 
appropriate color space and the quantization of the selected 
color space.
A geometric indexing technique [7] exploits the feature 
correspondence and the database searching is replaced by a 
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table look up mechanism.  
The rest of this paper is organized as follows: Section 2 
CBIR architecture, 3.similarity measurement, 4.therothical 
consideration gives a brief introduction of DWT and Dual Tree 
Complex Wavelet Transform,5.feature vector consideration,6.
feature vector extraction,7.experimental results and  section 
8. is followed by conclusion.

II. CBIR Architecture
Content based image retrieval depends on several factors, 
such as, feature extraction method, suitable features to use in 
CBIR, similarity measurement method, mathematical transform 
chosen to calculate effective features, user feedback, etc. All 
these factors are important in CBIR. Since an improvement to 
any of these influencing factors can result in a more effective 
retrieval mechanism. For this purpose, we first provide a 
brief review of the factors that can affect CBIR. A good CBIR 
system can help the users to find the target images in the 
image database.  Given an input image, the CBIR will use an 
approach to compare the images in the database and retrieve 
the related images.
In general, a CBIR system consists of three modules including 
input module, query module, and retrieval module[5,6].  A 
query image is put on input module.  Then, the feature of the 
query image is extracted in the query module.  In the retrieval 
module, the feature in the query module is compared to the 
features extracted from the image database.  Then, the related 
images are retrieved from the retrieval module. The images 
most similar to the query image are returned to the user. The 
features used should be effective in matching similar images 
and discriminating dissimilar ones.

Fig. 1: Content Based Image Retrieval System

The users provide the query, for which the database is searched 
exhaustively for images that are most similar to query image 
[15]. The query image can be an existing image in the database 
or can be given by the user. The problems of image retrieval 
are becoming widely recognized, and the search for solutions 
is becoming an increasingly active area of research and 
development. A considerable amount of information exists in 
images, and it would be advantageous to have an automatic 
method for indexing and retrieving them based on their content 
[20]. The growing need for robust image retrieval systems has 
led to a need for additional retrieval methodologies[29].

III. Similarity Measurement [12]
Once features are extracted, from all the database images 
and the query image, the similarity measurement becomes 

the crucial issue in content based image retrieval. Similarity 
measurement is the process of finding the difference or 
similarity between the database images and the query image 
using their features. The database image list is then sorted 
according to the ascending order of distance to the query 
image and images are retrieved from the database according 
to that order. There are various methods of calculating this 
distance, such as the Minkowski-Form distance, quadratic form 
distance[14,18,24], Mahalanobis distance, Kullback-Leibler 
divergence, and Jeffrey-Divergence [1].  
The Euclidean distance, also known as L2 distance, is one 
variety of the Minkowski Form distance [1]. It has been used 
in many content based image retrieval approaches.
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Where    Q-Query image
              I-Database image.
              HQ-Feature vector query image.
              HI-Feature vector for database image.
              M-Total no of component in feature 
                   vector.
It is applicable when the image feature vector elements are 
equally important and the feature vectors are independent of 
one another. The Euclidean distance has been used in shape-
based CBIR [30], retrieval using wavelet transform [11], color 
and texture image retrieval using weighted wavelet descriptor 
[10], Netra, a region based image retrieval system using color, 
texture, shape and spatial location information [31], etc. 
Therefore, Euclidean distance has been taken as a standard 
to similarity measurement in CBIR process.

IV. Theoretical considerations

A. Discrete Wavelet Transform [1,7]
Wavelet transform is introduced with the advancement in 
multiresolution transform research. Discrete wavelet transform 
is one of the most promising multiresolution approaches used 
in CBIR. It has the advantage of a time-frequency representation 
of signals where Fourier transform is only frequency localized. 
The location, at which a frequency component of an image 
exists, is important as it draws the discrimination line between 
images. Wavelet based features were first introduced in [7] 
Jacobs et al. selects sixty four largest Haar wavelet coefficients 
in each of the 3 color band and stores them in feature vector as 
+1 or -1 along with their position in the transformation matrix. 
Low frequency coefficients tend to be more dominant than 
those of the high frequency coefficients and this makes this 
algorithm ineffective for images with sharp color changes. In 
addition to that, Haar wavelet basis is not suitable for natural 
images. 
Wang et al. [21] have used Daubecheis wavelet for multi 
resolution feature vector. Few of the wavelet coefficients in 
the lowest frequency band and their variances are used as 
feature vector. To decrease the retrieval time, a crude selection 
is done based on the variances and further refined selection is 
based on 768 dimensional feature vectors. This also discards 
most of the high frequency information similar to [9,10]. Two 
different images with same low frequency content and different 
pattern of sharp edges may look similar in this feature space. 
This feature space doesn’t well quantify the texture information 
of the images. 
In [11], local features of each sub-band including the high 
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frequency bands are computed as feature vector. They have 
used total energy of each sub-band as a feature to represent 
the content of each sub-band. This is an efficient feature space 
as it doesn’t discard the high frequency information altogether. 
This feature vector has good frequency resolution, but no space 
resolution. This leads to dissimilar images being presented as 
similar image to the user. To make feature vector effective and 
smaller Wavelet Transform , DCT and Walsh Transform applied 
on the row mean and column mean [1,2,3] and row and column 
pixel distribution of BMP image. We can make a feature vector 
compact by taking moments of wavelet coefficients [4].

B. Dual-Tree Wavelet Transform
For the standard real DWT, it is not suitable for the analysis of 
high-frequency signals with relatively narrow bandwidth, what is 
more, the real DWT has another two disadvantages, which are 
shift sensitivity and poor directionality [7], that is to say, since 
small shifts in the input signal can result in large differences of 
DWT coefficients at different scales, Also, Real DWT for texture 
feature extraction gives the edge information only in horizontal, 
vertical, and diagonal directions. The problems mentioned above 
can be overcome by dual-tree complex wavelet transform (DT-
CWT) [8][9][10], the DT-CWT has been found to be particularly 
suitable for image decomposition and representation. Because 
it provides texture information strongly oriented in six different 
directions at some scales, which is able to distinguish positive 
and negative frequencies as shown in Fig. 2.

   
             (a)                                                 (b)
Fig. 2:  (a) Six basis functions of 2D DCWT (real part) at level 
3  and (b) three basis functions of 2D separable DWT at the 
same level.

And it has a limited redundancy for images and much faster than 
the Gabor wavelet to compute. So DT-CWT filter representation 
gives better performance for Content-Based image retrieval.

Fig. 3: Dual-Tree Real data generating real and imaginary part 
of CWT

In DT-CWT, two trees are formed one is on real data and the 
other is on its Hilbert which is assumed as imaginary part 
hence called Complex Wavelet Transform shown in Fig. 3. Here 
h0 and h1 are the low and high pass filter for the real data 
and g0, g1 are low and high pass filters of imaginary part 
or Hilbert Transform of real data respectively. These real and 

imaginary parts form a Hilbert. Now DWT is applied on real 
as well as on imaginary component[27]. DT-CWT is expensive 
because for M-features data, it will give 2M features i.e. two 
times expensive at first level. DT-CWT provides directional 
sensitivity in six directions i.e. ±75º, ± 15º, and ±45º when 
applied in 2D.  In this paper 1-D DT-CWT is implemented along 
radial axis. The magnitude of Fourier spectrum is given as input 
to DT-CWT which is applied on radial axis. The complex values 
function is calculated through Equation (2):

( ) ( ) ( )h gt t tψ ψ ψ= +
                                       (2)

Where   is real and   is its Hilbert pair and treated  as imaginary 
component and both of them have 90º phase difference. There 
are number of ways to implement the DT-CWT, i.e. by Odd-Even 
filters, Q-shift Dual Tree [8,27]. We have used Haar wavelet as 
filter for low and high level coefficients for each tree.  Later on 
low level components don’t make any significance and only 
high level coefficients contribute towards wavelets features. 
The sum and difference of the high level coefficients of both 
trees will be extracted as features.

V. Feature Vector
A colour space s a model for representing colours n terms of 
intensity values.RGB colour space is fundamental colour   space 
in imaging. Compared with the RGB colour space YCbCr  most 
suitable for the human visual system and it is also used the 
proposed colour layout descriptor in the international standard  
MPEG-7[13].Hence during the decoding process we extract 
feature directly from the luminance (Y ) and chrominance 
(Cb,Cr).
The row vector is a set of mean[ 10,11] of all the intensity 
value of respective rows [3]. The column mean vector is a set 
of mean of all the intensity value of respective columns [4].In 
Fig.. 4 represent sample image having n row and  n column. 
The row mean vector and column mean vector for this image 
given below.
RowMeanVector=[avg(row1),avg(row2)………                 
                                           ….avg(rown)]                                 (3)
 ColumnMeanVector=[avg(colu.1),avg(colu.2)…      
                                             ----avg(colu.n)]                             (4)

Fig. 4: Calculation of row mean vector& column  mean 
vector.

1D DT-CWT can be applied on row mean  vector and column 
mean  vector of image to obtain the feature vector. DT-CWT 
coefficients are computed at various scales with the help of 
decomposing the Dual Tree as shown in Fig. 3.So feature vector 
size goes on decreasing if the decomposition level goes on 
increasing as given in  table 1. 
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Table 1. Feature Vector Size for color image having size  256 
X 256

1 D-DT-CWT Decomposition Level

1st 2nd 3rd 4th 5tn
F e a t u r e 
Vector Size 768 384 192 96 48

VI. Feature vector Extraction
In  the proposed method 1 D-DT-CWT applied on the row mean 
and column mean vector of the image upto the fifth level 
decomposition. For the comparison first 1 D-DT-CWT applied 
on interband average image (IBAI)  image. Which is calculated 
using equation 5.Feature vector size for interband average 
image is 256.
LetX={Y(i,j),Cb(i,j),Cr(i,j),i=1,2,…..m.j=1,2,……n}be an  m x n 
color block in YCbCr color  space.
LetI={IBAI(i,j)i=1,2,…….m,  j=1,2,………n}be the inter-band 
average image .
Then we have

1{ ( , ) ( , ) ( , )}
3

I Y i j Cb i j Cr i j= + +
                (5)

Steps  to  implement descriptor are as follows.   

A. Extracting  feature vector using interband average 
image
1)  Take a  image, Separate  Y, Cb ,Cr color space.
2) Calculate Interband Average image by using equation  

(5).
3) Compute row mean and column vector by using equation 

(3),(4).
4) Apply 1 D-DT-CWT on row mean and column mean  vector. 

Only first level decomposition is used .
5) Compute magnitude of  DT-CWT coefficients  and  generated 

coefficients used as a feature vector of image which can 
be further  used  for image retrieval.  

6) Thus, features of all images in the database are obtained 
and stored in feature vector tables for 1-D DT-CWT row 
mean,  1-DDT-CWT column mean.

7) Get the query image repeat step from 1 to 5 for calculating 
feature vector. 

8) Calculate Euclidian distance between query image feature 
vector and database image using equation (1).

9) These Euclidian distances are sorted in ascending order 
and result images are grouped together to get the precision 
and recall using the formulae as mentioned above in 
equation 6 and equation 7.

Number_of_relevant_images_retrivedPrecision=
Total_number_of_images_retrived                            (6)
Number_of_relevant_images_retrivedRecall =

Total_number_of_relevant _ images_in_database                         (7)

B. Extracting feature vector using Y,Cb and Cr color 
plane.
1) Take a image. Separate Y,Cb and Cr color plane.
2) Compute row mean and column mean vector using 

equation (3)(4) separately for each color.
3) Apply 1 D-DT-CWT on row mean and column mean  

vector.

4) Compute magnitude of DT-CWT coefficients and generated 
coefficients used as a feature vector of image which 
can be further used for image retrieval. This generated 
feature vector is DT-CWT coefficients of first level 
decomposition.

5) DT-CWT coefficients are computed at 5th scales with the 
help of decomposing the Dual Tree as shown in Fig. 3. 
Generated DT-CWT coefficients at various scales used as 
a feature vector as shown in flow chart n Fig. 5.

Image in the Database

Calculate row mean and column 
mean vector for each color space

Apply 1D-DT-CWT on row mean 
and column mean at various scale

Magnitude of DT-CWT Coefficients 
used as feature vector

Feature set based on  DT-CWT stored 
in Feature set database

Fig. 5 : Flow chart for Feature Extraction of Database 
Images.

6) Get the query image repeat step from 1 to 5 for calculating 
feature vector.

7) Calculate Euclidian distance between query image feature 
vector and database image using equation (1).

These Euclidian distances are sorted in ascending order as 
shown in flow chart in Fig. 6 and result images are grouped 
together to get the precision and recall using the formulae as 
mentioned above in equation 6 and equation 7.
Here the size of the feature vector  for interband average image 
is  256.For Y,CbCr color image it is initially 768 for 1st level 
decomposition  and after it goes on decreasing that means 
384 for 2nd level ,192for 3rd level , 96 for 4th level and  48 
for 5th level DT-CWT decomposition.

Fig. 6: Flow chart for Query Image Execution.
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VII. Experiments and Results

A. Dataset for Experiments
The implementation of CBIR technique is done in MATLAB 
7.0 using a computer with Intel Core 2 Duo Processor T8100 
(2.1GHz) and 2 GB RAM. The CBIR technique are tested on the 
image database of 800 variable size images spread across 
8 categories of animals, buses, flowers ,bikes, beaches, 
Historical, Mountains etc.
Sample images from each category shown in Fig. 7 for 40 query 
images (five from each category from database) the precision 
and recall is calculated for proposed methods and average 
recall precision is plotted against category.

B. Result and Discussion
The query image and database image matching is done using 
Euclidean distance.
The average precision is calculating by using   following equation 
8,9. The average precision  for images belonging to the qth 
category (Aq) has been computed by:

( ) / ( ) , 1,2,....5q K q
k Aq

P P I A q
−

∈
= =∑

                         (8)
Finally, the average precision is given by:

5

1
/ 5q

q
P P

=

=∑
                                                                 (9)

Fig.7.Sample images from database.

The average recall is also computed in the same   manner. The 
average precision and average recall of this CBIR technique 

act as a important parameter to judge their performance. To 
determine which decomposition level of 1-D DT-CWT is suited 
for interband as well as colour image decomposition level 
against the average precision and recall. Fig. 8 shows pots 
of average precision and average recall for interband average 
image for each  using 1st level decomposition of 1-D DT-CWT 
is used.
In the case of interband image we are taking average of Y, Cb 
Cr colour plane .Feature vector size is 256 only .It is observe 
that average precision and average recall for Dinosaur ,Horse, 
Elephant, Bike and rose image class are  good compare to 
the other class of image .To improve the performance of 
these parameter separate the Y, Cb, Cr color planes and then 
apply the proposed techniques. Due to this feature vector size 
increases. As decomposition level goes on increasing then 
feature vector size goes on decreasing.  In this case there are 
three row mean and three column mean vector.

Fig. 8 : Average Precision and Average Recall for Interband 
Average Image using 1st Level Decomposition .

Fig. 9 : Average Precision and Average Recall performance for  
Bus class  of images.

Fig. 10 : Average Precision and Average Recall performance 
for Historical Mountains class of images.
Fig. 9. to Fig. 16. Shows plots  for each image class.  Which shows 
average precision and average recall against the 1-DT-CWT 
decomposition level. For Beach class image  precision value is 
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good and Historical Mountains precision and recall values  are 
average.For remaining classes of  images precision and recall 
are good .It is observe that as DT-CWT decomposition level goes 
on increasing feature vector size goes on decreasing. 

Fig. 11: Average Precision and  Average  Recall performance 
for  Beach  class  of images.

Fig. 12: Average Precision and Average  Recall performance 
for  Elephant  class  of images.

Fig. 13: Average Precision and Average  Recall performance 
for  Bike class  of images.

Fig. 14: Average Precision and  Average Recall performance 
for  Dinosaur class  of images.

Fig. 15 : Average Precision and Average  Recall performance 
for  Horse class  of images.

Fig. 16 : Average Precision and  Average  Recall performance 
for  Rose  class  of images.

also average precision value goes on decreasing .Another point  
is noted  that when decomposition level goes on increasing 
average recall value goes on increasing.Table II show average 
precsion and average recall for average precision and average 
recall of all decomposition levels for all class of images.Plot 
show in Fig. 17 gives overall performance for all class of images 
for proposed algoritham .Average precision for all classes above 
0.65 and average recall for all classes are above  0.38 .

Table 2. Overall average precision and overall average recall 
for average Precision and average recall of all decomposition 
level for all class of images.

Sr.No 1 D-DT-CWT  
Decomposition Level

Average 
Precision

Average 
Recall

1. 1st Level 
Decomposition 0.82 0.38

2. 2nd Level 
Decomposition 0.82 0.39

3. 3rd Level 
Decomposition 0.81 0.40

4. 4th Level 
Decomposition 0.80 0.43

5. 5th Level 
Decomposition 0.65 0.49
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Fig. 17: Average Precision and Average Recall performance 
for  Average Precision and Average Recall of all  decompositon 
levelfor  all class  images shown in Fig. 9 to Fig. 16  .

VIII. Conclusion
We have presented a new algorithm for digital image search 
and retrieval in this paper. We have used 1 D-DT-CWT on row 
mean and column mean of interband average image and 
each Y, Cb and Cr component of color images separately. This 
decomposition of each row mean and column mean vector up 
to 5th level. As decomposition of 1D DT-CWT goes on increasing 
feature vector size goes on decreasing and average precision 
value goes on decreasing on other hand average recall value 
goes on increasing. The results of proposed methods are shown 
in the form of average precision and average recall of each class 
and each decomposition level. Overall  average performance 
of average precision and average recall of each decomposition 
level as shown in Fig.7. which is good performance. The 
proposed techniques aim to increase the precision and recall 
for image retrieval. For separate color plane performance is 
good as compared to the interband average image.
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