An Efficient Content-based Image Retrieval System
Integrating Wavelet-based Image Sub-blocks with
Dominant Colors and Texture Analysis
Sherin M. Youssef

Saleh Mesbah

Yasmine M. Mahmoud

College of Engineering
Arab Academy for Science and
Technology
Alexandria, Egypt

College of Computer Science and IT
Arab Academy for Science and
Technology
Alexandria, Egypt

College of Engineering
Arab Academy for Science and
Technology
Alexandria, Egypt

Abstract— There is a great need of developing efficient contentbased image retrieval systems (CBIR) because of the availability
of large image databases. Three new image retrieval systems to
retrieve the images using color and texture features are proposed.
The image is divided into equal sized non-overlapping tiles. The
discrete wavelet transform, HSV color feature, cumulative color
histogram, dominant color descriptor (DCD) and Gray level cooccurrence matrix (GLCM) are applied to image partitions. An
integrated matching scheme based on Most Similar Highest
Priority (MSHP) principle is used to compare the query and
database images. The adjacency matrix of a bipartite graph is
formed using the sub-blocks of query and images in the database.
The proposed techniques indeed outperform other retrieval
schemes in terms of average precision and average recall. The
developed techniques are able to perform scale, translation, and
rotation invariant matching between images. In the future, we
need to reduce the semantic gap between the local features and
the high-level user semantics to achieve higher accuracy.
Keywords-component; image retrieval; Dominant color; Gray
level co-occurrence matrix.

I.

INTRODUCTION

Content-based image retrieval is the application of
computer vision techniques to the image retrieval problem of
searching for digital images in large databases. Nowadays, fast
and effective searching for desired images from large scale
image database became an important and challenging research
topic [1, 2]. Because of the increase of the bandwidth
availability and rapid developments in processor, memory and
storage technologies and the propagation of video and image
data in digital form, this made the CBIR technology an
important alternative to traditional text-based image searching,
the CBIR systems can greatly enhance the accuracy of the
information being returned [3]. The query to the database can
be of various types, some of them are: Query-by-sketch, where
the user provides a sketch of the image he is looking for, and
Query-by-example, in which the user gives an example image
similar to the one he is looking for. In this paper, we focus on
the query-by-example approach.
CBIR technology makes full use of image content features
such as, color, texture and shape, etc which are analyzed and
extracted automatically to achieve the effective retrieval [4, 5].
Using a single feature for image retrieval cannot be a good

solution for the accuracy and efficiency. High-dimensional
feature vector will reduce the query efficiency; lowdimensional feature vector will reduce query accuracy, so it
may be a better way using multi features for image retrieval.
The discrete wavelet transform provides a sufficient way for
high-accuracy retrieval system. Color is one of the most
widely used low-level visual features and is invariant to image
size and orientation. The HSV color space is closer to human
conceptual understanding of colors, so it gave good results in
many CBIR systems [6, 7]. The DCD describe the salient
color distributions in an image or a region of interest, and
provides an effective, compact, and intuitive representation of
colors presented in an image [3, 8]. The Color Histogram is
effective in characterizing both the global and local
distribution of colors in an image. It gives accurate results as
proved in [3]. Texture is from the most important visual
features, it refers to the visual patterns of the homogeneity of
regions. Many objects in an image can be distinguished solely
by their textures without any color information. Local features
based methods proved good results [9, 14]. Our proposed
CBIR system is based on the wavelet transform, HSV color
feature, Dominant Color Descriptors, Cumulative Color
Histogram as color features and lastly, Gray-Level Cooccurrence Matrix (GLCM) as a texture feature. The objective
of this work is to develop a technique which captures local
color and texture descriptors in a coarse segmentation
framework of image sub-blocks. The image is partitioned into
equal sized non-overlapping tiles. The features computed on
these tiles serve as local descriptors of color and texture. An
integrated matching procedure based on adjacency matrix of a
bipartite graph between the image tiles is provided. The
combination of these features forms a robust feature set in
retrieving applications. The rest of the paper is organized as
follows. The section II outlines the proposed models. Section
III explores the features used in this work. Section IV presents
the similarity matching method. The section V deals with the
experimental setup, results and analysis. The section VI
presents conclusions and future work.

II.

THE PROPOSED SYSTEM

The main phases of the proposed system include: Image
partitioning into equal-sized sub-blocks, applying the discrete
wavelet transform to each sub-block, converting the subblocks to HSV color space, Non-uniform quantization, color
histogram generation for image sub-blocks, extraction of
dominant color descriptors and texture analysis of each image
sub-block, and finally, the similarity matching using MSHP
principle. The block diagram of the proposed model is
illustrated in Figure 1. In the next sections, each phase will be
described in details.

B. Discrete Wavelet Transform
Wavelet analysis has been widely used in the image
processing because of the unique characteristics and
advantages of signal analysis, especially in the field of image
retrieval. The powerful time-frequency analysis ability of the
wavelet makes the image characteristics can be well described
and provides a feasible way for high-accuracy retrieval system
[11].
A k-level two-dimensional wavelet transform makes image
decomposed into four sub-bands, are known as LL, LH, HL
and HH according to the frequency characteristics, each band
can be used for each decomposition level. We apply the
wavelet transform to decompose the image. Afterward, we
continue our work on the low frequency sub-band which
contains most of the energy of the image as shown in Figure 3.
Figure 4 shows the low frequency sub-band of images subblocks.

Figure 3. 1-level two dimensional wavelet transform on
sample images in the database.

Figure 4. 1-level two dimensional wavelet transform on
images sub-blocks in the WANG database.

Figure 1. The Proposed System.

III.

PROPOSED MODEL PHASES DESCRIPTION

A. Image Pre-processing
Firstly the image is partitioned into 6 (2X3) equal sized
sub-blocks as shown in Figure 2. The size of the sub-block in
an image of size 256X384 is 128X128. The images with other
than 256X384 size are resized to 256X384.

C. Conversion to HSV Color Space
HSV color space is widely used in computer graphics,
visualization in scientific computing and other fields [6, 13].
In this space, hue is used to distinguish colors, saturation is the
percentage of white light added to a pure color and value
refers to the perceived light intensity. The advantage of HSV
color space is that it has the ability to separate chromatic and
achromatic components. HSV color space is superior to other
color spaces for image processing. The values of H in an HSV
color space are the angles of the cylinder, and the values for S
are the radii [12].

Figure 5. The HSV Color Space [17].
Figure 2. Partitioned images.

Because of a large range of each component, it is essential
to quantify HSV space component to reduce computation and
improve efficiency. At the same time, because the human eye
to distinguish colors is limited, do not need to calculate all

segments. Unequal interval quantization according the human
color perception has been applied on H, S, and V components.
Based on the color model of substantial analysis, we divide
color into eight parts. Saturation and intensity is divided into
three parts separately in accordance with the human eyes to
distinguish [7]. In accordance with the different colors and
subjective color perception quantification, quantified hue (H),
saturation (S) and intensity (V) are showed as equation (1).

E. Dominant Color Descriptor
The dominant color descriptor (DCD) is widely applied in
the image retrieval taken as one of MPEG-7 color descriptors.
DCD describes the representative color distributions and
features in an image or a region of interest through an
effective, compact and intuitive format. An image retrieval
method based on the fixed number’s MPEG-7 dominant color
descriptor is employed. It describes color features with a
smaller number of features. This method is expected to
effectively shorten image retrieval time and enhance retrieval
performance. The structure of a DCD, F, is defined as:
F = {pi, ci, vi, s}, i=1, 2… NDCD

In accordance with the quantization level above, the H, S,
V three-dimensional feature vector for different values of with
different weight form one-dimensional feature vector named
P:
P = αH + βS +V
(2)
Where α is quantified series of H and β is quantified series
of S. By experimental studies, α=9 and β=3 produced good
quantization levels, then
P = 9H + 3S + V
(3)
In this way, three-component vector of HSV form onedimensional vector, which quantize the whole color space for
the 72 kinds of main colors. This quantification can be
effective in reducing the images by effects of light intensity,
but also reducing the computational time and complexity.
D. Color Histogram Generation
The color Histogram is derived by first quantizing colors in
the image to 72 bins in HSV color space, and counting the
number of image pixels in each bin. The color histogram is
easy to compute and effective in characterizing both the global
and local distribution of colors in an image. In addition, it is
robust to translation, rotation and scale. However, one of the
weaknesses of color histogram is that when the characteristics
of images should not take over all the values, the statistical
histogram will appear in a number of zero values. The
emergence of these zero values would make similarity
measure that does not accurately reflect the color difference
between images and statistical histogram method to quantify
more sensitive parameters. Therefore, we used a one
dimensional vector P by constructing a cumulative histogram
of the characteristics of image after using non-interval HSV
quantization for P.
As the components of feature vector may have different
physical meaning entirely, their rate of change may be very
different. It will be much of the deviation of the calculation of
the similarity if we do not normalize, so we must normalize
the components to the same range.

(4)

Where NDCD is the number of dominant colors, s is the
spatial coherency value that represents the overall spatial
homogeneity of the dominant colors, pi is the percentage of
pixels in the image corresponding to the ith dominant color, vi
is a vector representing the ith dominant color, and the ci is
optional which is the variation of the dominant color values
pixels around vi. In the most of application, s is set to zero [8].
F. Gray-level Co-occurrence Matrix (GLCM)
Gray-level Co-occurrence Matrix creates a matrix with the
directions and distances between pixels, and then extracts
meaningful statistics from the matrix as texture features.
GLCM is composed of the probability value, it is defined by P
(i, j | d, θ) which expresses the probability of the couple pixels
at θ direction and d interval. When θ and d is determined, P
(i,j| d,θ) is showed by Pi, j. Distinctly GLCM is a symmetry
matrix[15]. Its level is determined by the image gray-level.
Elements in the matrix are computed by the equation shown
below:
(5)
GLCM expresses the texture feature according the correlation
of the couple pixels gray-level at different positions. The
GLCM is computed in four directions for θ=0o, θ=45o, θ=90o,
θ=135o. The GLCM four statistical parameters energy,
contrast, entropy and inverse difference are computed for the
four directions matrices [9, 19].
IV.

INTERGRATED IMAGE MATCHING

In this paper, we used the same matching procedure
proposed in [10]. In our system, a sub-block from query image
is allowed to be matched to any sub-block in the target image.
However a sub-block may participate in the matching process
only once. A bipartite graph of sub-blocks for the query image
and the target image is built as shown in Figure 6. The labeled
edges of the bipartite graph indicate the distances between
sub-blocks. A minimum cost matching is done for this graph.
Since, this process involves too many comparisons; the
method has to be implemented efficiently. To this effect, we
have designed an algorithm for finding the minimum cost
matching based on most similar highest priority (MSHP)
principle using the adjacency matrix of the bipartite graph.

Feature set: The feature set comprises color and texture
descriptors computed for each sub-block of an image as we
discussed in section III.

Figure 6. Bipartite graph showing 6 sub-blocks of target and query
images.

This will prevent sub-block i of query image and sub-block
j of target image from further participating in the matching
process. The distances, between i and other sub-blocks of
target image and, the distances between j and other sub-blocks
of query image, are ignored (because every sub-block is
allowed to participate in the matching process only once). This
process is repeated till every sub-block finds a matching. The
complexity of the matching procedure is reduced from O (n2)
to O (n), where n is the number of sub-blocks involved. The
integrated minimum cost match distance between images is
now defined as:
Dqt=Σ i Σj dij
(6)
Where i=1, 2 …n j=1, 2 ...n. And dij is the best-match distance
between sub-block i of query image q and sub-block j of target
image t and Dqt is the distance between images q and t.
V.

EXPERIMENTAL SETUP

A. Experimental Setup
Data set: Wang’s [16] dataset comprising of 1000 Corel
images with ground truth. The image set comprises100 images
in each of 10 categories. The images are of the size 256 x 384.

Figure 7: One example image from each of the 10 classes of the WANG
database.

The WANG database is a subset of the Corel database of
1000 images which have been manually selected to be a
database of 10 classes of 100 images each. The images are
subdivided into 10 classes such that it is almost sure that a user
wants to find the other images from a class if the query is from
one of these 10 classes. This is a major advantage of this
database because due to the given classification it is possible
to evaluate retrieval results. One example of each class can be
seen in Figure 7. This database was used extensively to test the
different features because the size of the database and the
availability of class information allows for performance
evaluation.

B. Results and Analysis
Three proposed scenarios are presented. In the First
Scenario, The original image is converted into HSV color
space and the partitioned sub-blocks proceed to the dominant
color extraction and texture analysis. In the second scenario, a
k-level wavelet transform is applied to the whole image and
the low frequency sub-band is fed into the RGB to HSV
converter, then the produced HSV sub-band proceeds to color
and texture analysis. In the third Scenario, the discrete wavelet
transform is applied to each image sub-block producing low
frequency sub-band for every tile, each tile proceeds to color
and texture feature extraction.
The results are benchmarked with some of the existing
systems using the same database. This experiment used each
image in each class as a query image. It was carried out with
the number of retrieved images set as 20 to compute the
precision P of each query image and finally obtain the average
precision P/100 (100 images of a class).
The experiments were carried out on a Core i3, 2.2 GHz
processor with 4GB RAM using MATLAB.
The precision and recall measurements of Mehtre et al.
[20] are often used to describe the performance of an image
retrieval system. The precision and recall are defined as
follows:
(7)
(8)
The proposed scenarios are compared with other retrieval
systems. The First system is image retrieval based on HSV
color and GLCM texture features of the whole image, the
second one is image retrieval based on HSV color and GLCM
texture features of an image sub-blocks with one to one
matching principle, the third system is image retrieval based
on HSV color and GLCM texture features of an image subblocks with MSHP principle, those comparisons appear in
Tables 1, 2, 3 and 4. Another comparison of average precision
is carried out with the system of Jhanwar et.al. [21] and the
retrieval system Haung and Dai's [22] which are examined on
the same WANG database. The comparison appears in Table
V.
It is obvious that the proposed models have achieved better
average precision of various images than the other systems
illustrated.

TABLE I.

THE AVERAGE PRECISION OF DIFFERENT METHODS.

Figure 8. The average precision of different methods.
The Figure 9 is a graph showing the comparison of average
recall obtained by proposed systems with other retrieval
systems.
TABLE II.

THE AVERAGE RECALL OF DIFFERENT METHODS

Figure 9. The average recall of different methods.
Figure 10 is a graph showing the comparison of precision
versus the number of images returned obtained by proposed
systems with other retrieval systems.

TABLE III.

PRECISION VS. N UMBER OF RETURNED IMAGES

Figure 10. Precision vs. Number of images returned.
TABLE IV.

RECALL VS. N UMBER OF RETURNED IMAGES

The Figure 11 is a graph showing the comparison of recall
versus the number of images returned.

The Figure 8 is a graph showing the comparison of average
precision obtained by proposed systems with other retrieval
systems.
Figure11. Recall vs. No. of images returned.

TABLE V.

THE AVERAGE PRECISION OF DIFFERENT SYSTEMS

[5]

[6]

[7]

[8]

[9]

[10]

[11]

The Figure 12 is a graph showing the comparison of average
precision obtained by proposed systems with other retrieval
systems illustrated in [20,21].

[12]
[13]

[14]

[15]

Figure 12. The average precision of different systems.

VI.

CONCLUSION

The proposed systems use color and texture features in
addition to discrete wavelet transform to characterize a color
image for image retrieval. HSV, color histogram and DCD can
describe color features of the pixels in an image, while,
GLCM can describe texture distribution. These features are
invariant to scale, translation and rotation. Since the features
used can describe different properties of an image, the
proposed systems integrate these features to retrieve accurate
images. The experimental results show that the proposed
systems outperform the other retrieval systems stated. As a
future work, we plan to reduce the semantic gap between the
local features and the high-level user semantics to achieve
higher accuracy.
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