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Abstract—Content-based image retrieval (CBIR) aims at
searching image databases for specific images that are similar to a
given query image based on matching of features derived from the
image content. This paper focuses on a low-dimensional color based
indexing technique for achieving efficient and effective retrieval
performance. In our approach, the color features are extracted using
the mean shift algorithm, a robust clustering technique. Then the
cluster (region) mode is used as representative of the image in 3-D
color space. The feature descriptor consists of the representative
color of a region and is indexed using a spatial indexing method that
uses R -tree thus avoiding the high-dimensional indexing problems
associated with the traditional color histogram. Alternatively, the
images in the database are clustered based on region feature
similarity using Euclidian distance. Only representative (centroids)

features of these clusters are indexed using R" -tree thus improving
the efficiency. For similarity retrieval, each representative color in
the query image or region is used independently to find regions
containing that color. The results of these methods are compared. A
JAVA based query engine supporting query-by- example is built to
retrieve images by color.
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I. INTRODUCTION

HE use of low-level visual features to retrieve relevant

information from image and video databases has drawn
much research attention in recent years. Color is perhaps the
most dominant and distinguishing visual feature. Color
histogram is the most widely used color descriptor in content
based retrieval research. A color histogram captures global
color distribution in an image. While color histograms are
easy to compute, they result in large feature vectors that are
difficult to index and have high search and retrieval cost. In
addition, spatial information is not preserved in a color
histogram. Thus a large red color blob in a green background
will have the same color histogram as an image containing the
same number of randomly distributed red and green pixels.
Several of the recently proposed color descriptors try to
incorporate spatial information to varying degrees. These
include the compact color moments [1], [2], binary color sets
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[3], color coherence vector [4], and color correlogram [5].
The feature vector dimensions of typical color descriptors are
quite large. For example, the numbers of bins in a typical
color histogram range from few tens to a few hundreds. The
high dimensionality of the feature vectors result in high
computational cost in distance calculation for similarity
retrieval, and inefficiency in indexing and search. Several
methods have been proposed to overcome these problems. In
[6] the dominant colors in the histogram are used, and a
multiresolution color clustering is suggested in [7] to reduce
the computational complexity in distance calculation. Singular
value decomposition (SVD) [8] and Hilbert curve fitting [9]
are used to reduce the dimensionality of the feature vectors.
However, these methods have their own drawbacks. In [8]
SVD is performed on the quadratic matrix of correlations
between the color histogram bins. The resulting eigenvectors
are not related to the feature data, and may result in significant
errors when lower-dimensional transformed feature vectors
are used to approximate the original feature vectors. The
results of Hilbert curve fitting depend on the data
distributions. Points that are close to each other in the original
feature space might be far apart on the Hilbert curve. The
distances in the original space might not be preserved well in
the curve approximation. The color moments descriptor
proposed in [1], [2] has a compact representation. The
moment descriptor includes the average, variance, and the
third-order moment of the colors in the image. A recent study
[10] shows that the color moment descriptor performs slightly
worse than a high-dimensional color histogram. One
drawback of the moment descriptor is that the average of all
the colors might be quite different from any of the original
colors. Given a color moment feature description, it is difficult
to recover the actual colors in the image.

The proposed descriptor is compact, and is based on the
observation that a small number of color/colors are usually
sufficient to characterize the color information in an image
region. Since the descriptor captures the representative or
dominant colors in a given region, we refer to it as the
dominant color descriptor. A Euclidian distance measure is
used for the color descriptor. However, the difference between
the new descriptor and the color histogram descriptor is that
the representative colors are computed from each image
instead of being fixed in the color space, thus allowing the
feature representation to be accurate as well as compact.
Unlike the compact color moments descriptor, the dominant
color representation allows simple visualization of the color
distributions in the image.
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A. Previous Work in CBIR

Current CBIR systems such as IBM's QBIC, allow
automatic retrieval based on simple characteristics and
distribution of color, shape and texture. But they do not
consider structural and spatial relationships and fail to capture
meaningful contents of the image in general. Also the object
identification is semi-automatic. The Chabot project integrates
a relational database with retrieval by color analysis. Textual
meta-data along with color histograms form the main features
used. VisualSEEK allows query by color and spatial layout of
color regions. Text based tools for annotating images and
searching is provided. A new image representation which uses
the concept of localized coherent regions in color and texture
space is presented [24],[25]. Recently, additional systems
have been developed at IBM T.J. Watson [11], VIRAGE [12],
NEC C&C Research Labs [13], Bell Laboratory [14], Interpix
(Yahoo), Excalibur, and Scour.net. In academia, MIT
Photobook [15, 16] is one of the earliest. Berkeley Blobworld
[17], CMU Informedia [18], University of Illinois MARS
[19], University of California at Santa Barbara NeTra [20], the
system developed by University of California at San Diego
[21], Stanford WBIIS [22], and Stanford SIMPLIcity
[23],[24] are some of the recent systems. Segmentation based
on the above features called “Blobworld" is used and query is
based on these features. Some of the popular methods to
characterize color information in images are color histograms,
color moments and color correlograms. Though all these
methods provide good characterization of color, they have the
problem of high-dimensionality. This leads to more
computational time, inefficient indexing and performance. To
overcome these problems, use of SVD, dominant color
regions approach, and color clustering have been proposed. In
this paper, we focus on region-based retrieval of images.

B. Region-Based Retrieval

Region-based approach has recently become a popular
research trend. Region-based retrieval systems attempt to
overcome the deficiencies of color histogram and color layout
search by representing images at the object-level. A region-
based retrieval system applies image segmentation to
decompose an image into regions, which correspond to
objects if the decomposition is ideal. The object-level
representation is intended to be close to the perception of the
human visual system. Many retrieval systems match images
based on individual regions. Such systems include for e.g., the
Netra system and the Blobworld system. To query an image, a
user is provided with the segmented regions of the image, and
is required to select the regions to be matched e.g., color, of
the regions to be used for evaluating similarity. Such querying
systems provide more control for the users. Blobworld is a
CBIR system that fragments an image into regions (blobs),
homogeneous with respect to color and texture, by using an
Expectation-Maximization  clustering  algorithm.  The
Blobworld index-based query resolution algorithm uses an R-
tree like structure to index color descriptors of blobs. This
uses nearest neighbors query on the index. Netra system used
the edge-flow algorithm for image segmentation and colors in
a region are indexed using hexagonal lattice structure. Our

proposed method uses Mean shift robust clustering algorithm
for segmentation of images and interested region/regions are

indexed using R” -tree and the algorithm described in section
Il and uses range query. The remainder of the paper is
organized as follows. In Section |1, preprocessing and feature
extraction is discussed. Section 11l discusses the indexing
methods of the proposed system. In section 1V, experimental
results are provided and discussed. Section V concludes the
paper and future extension of the present work.

Il. PREPROCESSING AND FEATURE EXTRACTION

A. Segmentation

The local color feature extraction starts with color image
segmentation. For image segmentation, we use mean shift
algorithm [26]. Here, color clustering is performed on each
image to obtain regions. After segmentation, only small
number of color remains. Information like number of regions,
time taken to segment an image, boundary points, region
points, and region humbers can be extracted.

Large classes of image segmentation algorithms are based
on feature space analysis. In this paradigm the pixels are
mapped into a color space and clustered, with each cluster
delineating a homogeneous region in the image. Pixels were
directly associated with the mode to which the path
converged. The approximation does not yield a visible change
in the filtered image. Recursive application of the mean shift
property yields a sample mode detection procedure. The
modes are the local maxima of the density. They can be found
by moving at each iteration the window by the mean shift
vector, until the magnitude of the shifts becomes less than a
threshold. The procedure is guaranteed to converge. The
number of significant modes detected automatically
determines the number of significant clusters present in the
feature space. For the color image segmentation algorithm the
L*u*v>* color space was employed since its metric is a
satisfactory approximation to Euclidean, thus allowing the use
of spherical windows.

B. Architecture of Proposed System

Fig. 1 shows architecture of a content-based image retrieval
system. Two main functionalities are supported: Data
insertion and Query processing. The data insertion subsystem
is responsible for extracting appropriate features from images
and storing them into the image database. This process is
performed off-line. The query processing, intern, is organized
as follows: the interface allows a user to specify a query by
means of a query pattern and to visualize the retrieved similar
images. The query-processing module extracts a feature vector
from a query pattern and applies a metric as the Euclidean
distance to evaluate the similarity between the query image
and the database images. Next, it ranks the database images in
a decreasing order of similarity to the query image and
forwards the most similar images to the interface module. The
database images are indexed according to their feature vectors
to speed up retrieval and similarity computation. Note that
both the data insertion and the query processing functionalities
use the feature vector extraction module.
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Fig. 1 Architecture of a proposed system

I1l.  SEARCH AND RETRIEVAL

Each representative color descriptor F is defined to be F=
{ci }, i=1,., 3, where c; is 3-D color vector of a region. Each
object or region in the database is represented using color
descriptor. Given a query image, similarity retrieval involves
searching the database for similar color as the input query.
Searching for the individual colors can be done very
efficiently in a 3-D color space. We consider here only fixed
range queries in which the range value limits the search
range. We consider here only fixed range queries in which the
range value limits the search range.

A. Indexing

In building the database, each image is assigned with
unique image ID. The image region ID is a unique integer
label that identifies each region in the database. The entries in
each index node are sorted by region ID numbers. The
proposed indexing scheme allows the database to be dynamic,
which means that insertion and deletions of database entries
are straight forward and without the need to reconstruct the
entire index structure of the database.

Here, we describe cluster-based indexing method aiming to
speed-up the evaluation of range queries. This is carried out
by reducing the number of candidate images, i.e. images on
which the optimal region-matching problem has to be solved.

We chose n -clusters for grouping the features, where n is
the number of region features chosen for query. The features
in the database are mapped to a corresponding cluster based
on Euclidean similarity measure. Each representative color of
a cluster is indexed using R” -tree rather than indexing all the
regions thus reducing the time. We only access the images,
which are selected for retrieval as candidates.

The procedure is as follows:

1. Given n the number of query regions, for each query
region qj, find the regions belonging to cluster c;, where

j=1..,n.
2. For each regionr, in the image database
a. Find the feature vector f;, for regionr,.
b. For each query region g, in the query set
i. Find query feature vector f;, forg; .
ii. Find the Euclidean distance between f; and f;

m
using: dj; = Z(fik - fjk)z,where mis the
k=1
dimension of the feature vector. This score is zero if
the regions features are identical, it increases as the
match becomes less perfect.
iii. Measure the similarity between f; and f; using

i =dy —7, where 7 is the search range limit set by

user.
iv. If 15 <0, then f; belongs to cluster c¢; and go to

step 2.

After the above procedure is completed, we then index only
representatives of Cj, where j=1,...,n using R -tree. Once

the query is selected by the user, we apply range search on the
tree and the selected regions are retrieved as resultant set.
Members of resultant set is ranked according to overall score
and return the best matches in decreasing order of similarity
along with their relative information.

In case of R” -tree, all the regions in the database are being
indexed. When we pose a query-by-example, based on the
range, selected images are displayed as a resultant set
according to ranking of similarity in descending order.

In sequential search, all the regions stored in the database
are compared for similarity and in turn retrieved for display,
making it inefficient.

All three methods vyield good performance when the
accuracy of resultant set is considered but the proposed
method overscores all the above as depicted in table I and 11.

IV. EXPERIMENTAL RESULTS

The representative color descriptor is tested on a database
of 200 color flag images. After segmentation 440 regions are
obtained. Among them, 13 image regions containing a variety
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of colors and color combinations are chosen as queries. Table
I summarizes experimental data.

Before the evaluation, subjective testing is done to
determine the relevant matches in the database to the query
image regions. The time complexity associated with proposed
method (cluster-index) and other methods are shown in Fig. 2
and listed the values in the Table 1. The efficiency of the
proposed method is high (less time).

The retrievals from proposed method and other methods are
listed in Table IlI. The retrieval accuracy is measured by
precision and recall,

Precision(k) = ¢, /k and Recall (k) =¢c, /M

where k is the number of retrievals, c, is the number of

relevant matches among all the k retrievals, and M is the
total number of relevant matches in the database obtained
through the subjective testing. The precision and recall values
for different queries are listed in Table I. The precision and
recall curves are plotted in Fig. 3 and Fig. 4. It can be seen
from the tables and Fig. 6 and Fig. 7 that the proposed method
achieves good results in terms of the retrieval accuracy. Fig. 5
shows the consistency of precision with respect to different
color features of queries. Chosen one query with the red color
and another is with yellow as in Fig. 6 and Fig. 7. The
retrievals in both examples show good match of colors. Fig. 8
shows the data insertion and display operations from the
database.
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Fig. 2 Time in seconds versus number of retrievals
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Fig. 3 Precision versus number of retrievals
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Fig. 6 Example of region-based image search using the representative

color descriptor. The query is the yellow color of Columbia flag
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.’J-‘-._-.---qh.-ul.l--.-.---l il Ad Gmupieg, tor 1 Tickest peiriesal - [ TABLE Il
RETRIEVALS FOR DIFFERENT COLOR FEATURES WITH THREE METHODS
Color Cluster-Index Sequential
Features (new) R*-tree index Search

oo | we | o | SINo[Querycolor | K |Ck | M| K |C | M| K |C| M

1 |Brown 3 3 3 3 3 3 3 3 3

S—— 2 |Pink Brown 3 3 3 3 3 3 3 3 3

3 |Saffron 6 6 6 6 6 6 6 6 6

4 |Sky Blue 6 5 8 6 5 8 6 5 8

5 |Light green 17 | 17 | 18 | 16 | 16 | 18 | 16 | 16 | 18

6 |Navy Blue 24 | 24 | 26 | 25 | 25 | 26 [ 25 | 25 | 26

7 |Dark Blue 27 | 27 | 28 | 26 | 25 | 28 | 26 | 25 | 28

8 |Black 27 | 27 | 27 | 27 | 27 | 27 | 77 | 27 | 27

9 |Light Blue 29 129 [ 30129 [ 29130 |29]29 |30

Fig. 7 Example (_)f region-based ir_nage search using the re_presentative 10 |Yellow 35 | 34| 361353436 35| 34| 36

color descriptor. The query is the red color of Bahrain flag

11 |Green 55 | 55 | 58 | 55 | 55 | 58 | 55 | 55 | 58

12 |White 72 | 72 | 75 | 72 | 72 | 75 [ 72 | 72 | 75
13 |Red 122|122 123120 | 120|123 | 120120123

Fig. 8 Example database Insertion and Display operations

TABLE |
TIME,, PRECISION, AND RECALL VALUES FOR THREE METHODS

Cluster-Index_(new) R*-tree Index Sequential Search
SI No | Query color | Time | Precision |Recall | Time | Precision | Recall | Time | Precision | Recall
1 Brown  ]0.015 1 1 [0.016 1 1 [0.031 1 1
2 | Pink Brown |0.015 1 1 [0.016 1 1 [0.031 1 1
3 Saffron  |0.016 1 1 [0.016 1 1 [0.032 1 1
4 Sky Blue [0.015| 0.83 | 0.62 |0.016] 0.83 0.62 |0.031| 0.83 0.62
5 | Light green |0.016 1 0.94 [0.031 1 0.88 |0.047 1 0.88
6 Navy Blue |0.031 1 0.92 |0.047 1 0.96 |0.062 1 0.96
7 Dark Blue |0.032 1 0.96 [0.046| 0.96 0.89 | 0.62 | 0.96 0.89
8 Black 0.031 1 1 10.047 1 1 |0.062 1 1
9 Light Blue |0.032 1 0.96 [0.047 1 0.96 |0.063 1 0.96
10 Yellow  [0.046| 0.97 0.94 [0.063| 0.97 0.94 |0.078| 0.97 0.94
11 Green 0.062 1 0.94 [0.078 1 0.94 10.093 1 0.94
12 White  0.078 1 0.96 [0.093 1 0.96 |0.125 1 0.97
13 Red 0.141 1 0.99 [0.188 1 0.97 ]0.219 1 0.97
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V. CONCLUSION

In this work, a representative color descriptor for a region

in an image and cluster-based R” -tree indexing of regions is
proposed. Euclidean similarity measure is defined for the
proposed method. Experimental results show that the

proposed method is fast and accurate over R”-tree and
sequential search methods as we can see from the table values.
The proposed method can be used for color-based image
retrieval where the fastness and accuracy of the result is the
requirement. The same work will be extended for over 5000
natural images to test the efficiency and accuracy of the
retrieval.
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