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Abstract

In this paper we present a novel approach for image retrieval using color and edge information. We
take into account the HSI (Hue, Saturation and Intensity) color space instead of RGB space, which
emphasizes more on visual perception. In our system colors in an image are clustered into a small
number of representative colors. The color feature descriptor consists of the representative colors
and their percentages in the image. An improved cumulative color histogram distance measure is
defined for this descriptor. And also, we have developed an efficient edge detection technique as an
optional feature to our retrieval system in order to surmount the weakness of color feature. During
the query processing, both the features (color, edge information) could be integrated for image
retrieval as well as a standalone entity, by specifying it in a certain proportion. The content-based
retrieval system is tested to be effective in terms of retrieval and scalability through experimental
results and precision-recall analysis.

Key Words: Edge detection, Color histogram, K-Means Clustering Algorithm, Content-Based
Image Retrieval (CBIR).
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1. Introduction

With tremendous growth in the field of
the visual media, there is an increase and an
urgent demand for the better accessibility of
the visual media. Hence, many approaches
have been suggested, in order to improve the
query performance of the CBIR system.
These approaches can be segmented into
two categories [1]:

Manual: In this approach, a human
expert may identify and annotate the
essences of an image such as marks objects,
regions, shapes, foreground and background,
and so on for storage and retrieval.

Computational: Automatic extraction of
visual  information from an image, like
color, shape and texture. There are many
disadvantages, which exist in manual
approach, such as extremely
time-consuming, subjective view of the
annotator is reflected, not scalable to large
archives and inconsistency problem. Thus,
automatic content-based approaches have
received more attention in recent years.

In our system, color and edge feature has
been taken into account. Color feature is
widely used in CBIR systems, as it is the
most important element that enables human

to recognize images and thus it is the
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fundamental characteristic of the image
features.

Many objects in an image have well
defined geometric outlines or contours,
which can often be helpful for human
perception. Moreover, the contours in an
image correspond to edges or boundaries of
regions, so if a retrieval process is to be
performed on the contours, an efficient
method is required to obtain the contour's
shape. We attained this objective using edge
detection process.

The remainder of the paper is organized
as follows. Section 2 focuses on the
common methods used in feature extraction.
Section 3 presents the content-based
retrieval system that we developed is
presented.  Section 4 illustrates the
experimental results of feature extraction
techniques followed by conclusion in

Section 5.

2. Feature Extraction
2.1 Color Feature

In image retrieval, the color feature has
been one of the most widely used visual
features in virtue of that it is relatively
robust to background complication and
independent of image size and orientation.
Some representative studies of color
perception and color spaces can be found in
[2, 3].

There are several color feature



representations that have been developed
and applied in image retrieval such as color
histogram, color moments and color sets.
Among them the color histogram which
statistically denotes the joint probability of
the intensities of the three color channels is
the most commonly used color feature
representation. As the similarity measure for
the color histogram, Swain[4], Ioka[5] and
Niblack et al.[6] proposed L1 metric and L.2
Furthermore,

considering that most color histograms are

metric respectively.

very sparse and thus sensitive to noise,
Stricker and Orengo{7] introduced the
cumulated color histogram that
demonstrated the advantages of the
proposed approach over the conventional
color histogram approach.

The color moments approach proposed
by Stricker and Orengo[7] has been used to
overcome the quantization effects, as in the
color histogram. The mathematical
foundation of this approach is that any color
distribution can be characterized by its
moments. Furthermore, since most of the
information is concentrated on the low-order
moments, only the first moment (mean), and
the second and third central moments
(variance and skewness) were extracted as
the color feature representation. Weighted
Euclidean distance was used to calculate the
color similarity.

To facilitate fast search over large-scale
image collections, Smith and Chang[8,
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9lproposed color sets as an approximation to
the color histogram. They first transformed
the (R, G, B) color space into a perceptually
uniform space, such as HSV, and then
quantized the transformed color space into
M bins. A color set is defined as a selection
of colors from the quantized color space.
Because color set feature vectors were
binary, a binary search tree was constructed
to allow a fast search.

2.2 Edge Feature

To obtain the edge feature, the edge
detection methods which are fundamental to
computer vision are always used. Basically,
the idea underlying most edge detection
methods is the computation of a local
derivative operator. We simply define a
profile perpendicular to the edge direction at
any desired point and interpret the results as
in the preceding discussion. The first
derivative at any point in an image is
obtained by using the magnitude of the
gradient at that point. The second derivative

is similarly obtained by using the Laplacian.

2.2.1 Gradient operators (First order
derivative)
From Equation 2.1, the gradient of an

image f(x,y) at location (x,y) is the vector

of
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It is well known from vector analysis
that the gradient vector points in the
direction of maximum rate of change of f at
(X, y). In edge detection an important
quantity is the magnitude of this vector,
generally referred to simply as the gradient
and denoted V/ , where:

Vf =mag (V) -[G} +G1"

(22)

This quantity equals the maximum rate
of increase of f(x,y) per unit distance in the
direction of V/. Common practice is to
approximate the gradient with absolute

values:
Vf =|G,|+|G,]

2.3)
Which is much simpler to implement,
particularly with dedicated hardware.

The direction of the gradient vector also
is an important quantity. Let @(x,»)
represent the direction angle of the vector
Vf at (x,y). Then, from vector analysis,

a(x,y) = tan "I(EL]

G

(2.4)

where the angle is measured with respect
to the x axis.

Several commonly used Gradient
operators such as the Sobel, and Prewitt,
Roberts operators are based in some way on
measuring the intensity gradient at a point in

the image. It is common to express these

operators as two masks, one for computing
partial derivative along rows and the second
for computing partial derivative along

columns.

2.2.2 Laplacian (Second order derivative)

The Laplacian of a 2-D function f(x, y)
is a second-order derivative defined as

2 2

Vif = %}—c—{— + %y—j;—

2.5)

As in the case of the gradient, Equation
2.5 may be implemented in digital form in
various ways. For a 3 x 3 region, the form
most frequently encountered in practice is

Vif =4z, —(z,+2,+2,+2)

(2.6)

Where the z's have been defined
already. The basic requirement in defining
the digital Laplacian is that the coefficient
associated with the center pixel is positive
and the coefficients associated with the
outer pixels are negative. Because the
Laplacian is a derivative, the sum of the
coefficients has to be zero. Hence the
response is zero whenever the point in
question and its neighbors have the same

value.

3. Proposed Measures
3.1 Overview of Our CBIR System

Our CBIR system offers retrieval by
any combination of color and edge features

and image query is specifying an example



query image. As it is illustrated in Figure
3.1, the system extracts and stores color and
edge features from each image added to the
database. At search time, the system
matches appropriate features from query and
stored images, calculates a similarity score
between the query and each stored image
examined, and displays the most similar

images on the screen as thumbnails.

| Feature Exiraction

-_I I Color Descriptor I | Edge Histograms
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X
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3.2 Color Descriptor

The color feature extraction starts first
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with color model transformation. Each pixel
in an image has a three-dimensional color
vector and different color space approaches
exist to represent color information. One of
these color space is the hardware-oriented
Red-Green-Blue Model (RGB), where the
color vector of a pixel p is the compound of

red, green and blue channels

Vp = (r,g,b) . Another color space
model is the Hue-Saturation-Intensity Model
(HSI) that is based on color descriptions

rather than individual color components

Vy = (4,5,1)  The RGB model has a
major drawback: it is not perceptually
uniform. Therefore, most of the systems use
color space models other than RGB, such as
HSI. Color clustering is performed on each
image to obtain its representative colors.
After clustering, only a small number of
colors remain and the percentages of these
colors are calculated. Each representative
color and its corresponding percentage form
a pair of attributes that describe the color
characteristics in an image. The dominant

color descriptor is defined to be
F={c,p},i=1,.. N}

3.1
Where N is the total number of color

clusters in the image region, Ciis a color

ZP:‘=1

vector, P is its percentage, and <
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Figure 3.2 Procedure diagram for color
clustering

The procedure for color clustering is
shown in Figure 3.2. Firstly, we convert the
RGB color model in to HIS model using the
MTM transformer formulas.

Secondly, an improved K-Means
clustering algorithm proposed by Alsabti et
al.[10]is used on these HSI values to get
representative colors and their percentages
in the image [11].

The efficient K-Means algorithm is
proved able to enhance the computational
speed of the direct K-Means algorithm by an
order to two orders of magnitude in the total
number of distance calculations and the
overall time of computation. This has been
shown to be effective in producing good
clustering results for many practical
applications. The efficient K-Means
algorithm consists of the following steps:

1. A k-d tree is generated to organize the
pattern vectors, by which one can find

all the patterns that are closest to a

given prototype efficiently. There are

some information kept by each node of
the tree:

a. The number of points (m)

b. The linear sum of the points (LS) ,

ie. ZZI I—’i

c. The square sum of the points (SS),

m —2

ie L Pi
2. The initial prototypes are derived as in
the direct K-Means algorithm.
3. A number of iterations are performed as
in the direct K-Means algorithm until

the termination condition is met. And

the number of points C, , the linear

sum of the points Cis and the square

sum of the point Css are maintained

for each cluster i.

During each iteration, we traverse the k-d
tree from the root node with all %
candidate prototypes. A pruning function
is in turn applied on the candidates
prototypes. The traversal stopped when
the number of candidate prototypes is
equal to one. The cluster statistics are
updated based on the information about he
number of points, linear sum and square
sum stored for the internal node. A direct
K-Means algorithm is applied on the leaf
node if there is more than one candidate
prototype.

In addition, because the human visual
system is more sensitive to hues than to
saturation or intensity, the H axis is
quantized more finely than the S axis and
the I axis. In our experiments, we cluster the
HSI color space into 12 bins for hue, 4 bins
for saturation, and 4 bins for intensity.



3.3 Edge Histogram
As mentioned above, the image was
to HSI

generating the color histograms, and the

transformed color space for
value of intensity which corresponds to the
gray-scale representation of the image, was
processed for edge detection. Thus the
intensity channel is convolved separately
with the two Sobel gradient operators to
produce separate measurements of the
gradient component in each orientation (call
these Gx and Gy). These can then be
combined together to find the absolute
magnitude of the gradient at each point and
The

orientations are in turn grouped into 8

directions (0°,45°90°,135,18(9,225 270 315’),

the orientation of that gradient.

Finally the edge histograms are calculated
by summing up the number in each
direction, i.e.

Hi)=| Y a(x,Ma(x,y)=i [i=12..8

3.2)

where @ (x,¥) is the direction value of
a pixel in the image.

The Histogram Intersection method
(denotes in Equation 3.3, 3.4) is employed
for similarity calculations as a result of
texture
comparisons between database images and
query image.

intersection

vector and edge histogram
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(h(1), k(M )) =Y min{ h(I)[ j1, h(M )],

Jj=1

33)
match
> ming RCOL) ACH X T
(h(1) h(M ) = & X
S h(M O]
J=1
(3.4)

4. Performance Experiments

The performance of our content-based
image retrieval system was tested on the
database having 1000 images which used in
SIMPLlIcity [12].

4.1 Evaluating Effectiveness

In order to evaluate effectiveness of our
retrieval systems, two well-known metrics,
precision and recall [13], are used. Since
different queries may lead to different
precision and recall values, the computation
of average effectiveness is needed. To ease
this the

procedure is performed in order to facilitate

computation, interpolation
the computation of average of precision and
recall values [13], which is showed below:

® Individual precision values
interpolated to a set of 11 standard
recall levels: 0%, 10%, 20%, ...,
100%.
Let j € {0,1,2,..,10} be a reference to
the j-th standard recall level. Then,

P(r)

are

P(r)) = max o,

4.1
® So, the interpolated precision at the
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j-th standard recall level is the
maximum known precision at any
recall level between the j-th recall
level and the (j+1)-th recall level.

In this

precision-recall graphs for an image are

section, the interpolated
given (Figure 4.1). The experiment is to
show the different effectiveness of the
system by using three features separately
and the combination of them. There is no
specific reason for presenting the query
images, but they provide a comprehensive
way to evaluate the retrieval effectiveness of
the content-based image retrieval system. To
conclude that the system is effective, the
basic expectation from the interpolated
precision-recall graphs is the fact that they
have to be non-increasing. In all of these
graphs, the precision value is 1 for the first a
few standards recall levels, and while
standard recall levels are increasing, the
continue in a

precision  values

non-increasing manner.

4.2 Query Examples
In Figure 4.1~4.3 shows the result sets
for three example queries using color edge

and an integration of them.
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Figure 4.1 Interpolated Precision Recall Graph
of Searching Result by Using Color
(Image 435.jpg)
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Figure 4.2 Interpolated Precision Recall Graph
of Searching Result by Using Edge
(Image 435.jpg)

Precision

Interpolated P-R Graph of Integrating Features

100%

)

80%™ \r"\'/‘\
:
T

60%

40% \
20% T
07 T T T T T T T T T T
0 10% 20% 30% 40% 50% ©60% 70% 80% %0% 100%
Standard Recall Levels

Figure 4.3 Interpolated Precision Recall Graph

of Searching Result by Using Integration Feature

(Image 435.jpg).




5. Conclusions and Future Work

We have designed and implemented a
content-based image retrieval system that
evaluates the similarity of each image in its
data store to a query image in terms of color
and edge characteristics, and returns the
images within a desired range of similarity.

For the color content extraction, the
color descriptor is used. The expressiveness
of this technique is accelerated via color
space transformation and quantization, and
the color features are extracted by the help
of an improved K-Means Clustering
algorithm, an effective method for
determining the optimal number of classes.
For the edge feature extraction, a
well-known and powerful technique,
histograms, are wused. The histogram
intersection method has been used as the
similarity measure between two feature
vectors.

Our system has been tested on images
used in SIMPLIcity and shown to be an
efficient tool for image retrieval. Based on
the experimental results, the retrieval based
on the color feature is relatively robust to
background complication and independent
of image size and orientation compare to
edge features. But edge feature works as the
accessorial component of color feature by
virtue of the capability of spatial
discrimination. Finally, the retrieval by
integrating these features with a proper
proportion shows the best performance.
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A crucial future work to be done on our
system is to further enhance its capability of
querying with respect to the certain object
regions in images, in which the better results
can be reached by using texture feature.
Thus, the semiautomatic and fully automatic
feature extraction processes will be
included. For the former, the user is
provided a drawing facility that is used for
the specification of regions of interest. For
the latter, the system tries to capture a
rectangular region that represents the
interested content of the image.
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