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Abstract

Most Content-Based Image Retrieval (CBIR) sys-
tems employ color as primary feature with texture
and shape as secondary features. Very few sys-
tems exploit spatial features. None of the available
systems combines all three visual features, texture,
shape and location, for organization and retrieval.
Moreover relatively few systems use Gabor filters
in texture extraction, despite the widely acclaimed
efficiency; Gabor filters are confined only in pure
texture images. In this paper a simple, robust,
flexible and effective image retrieval system is pre-
sented. The proposed system uses weighted combi-
nation of integrated Gabor texture features, shape
features of texture regions and spatial information
features of the texture regions.

1 Introduction

In the computer age virtually all domains of hu-
man life including commerce, government, acade-
mics, crime prevention, engineering, etc are in need
of, and use of images for efficient services. An ac-
tive research area that is in the heart of all the
above domains is the extraction or retrieval of im-
ages from a database given a query (image retrieval
system). An image retrieval system is a system
for searching and retrieving images from a large
database of digital images. The most common
method of image retrieval utilize some method of
annotation such as keywords, or descriptions to the
images so that retrieval can be performed over the
labels. Unfortunately manual annotation is time-
consuming, laborious and expensive. The answer
to the previous difficulty is termed CBIR.

CBIR describes the process of retrieving de-
sired images from the image database on the basis
of syntactical image features. Early research com-
prise of systems such as TRADEMARK [Kat92],

QBIC [NBE+93] and Photobook [PPS94]. More
recent research can be found in [SWS+00]. Most
current CBIR techniques are geared towards re-
trieval by some aspect of image appearance, de-
pending on the automatic extraction and compar-
ison of image features judged most likely to con-
vey that appearance. The features most often used
include color, texture, shape, spatial information
and multi-resolution pixel intensity transformati-
ons such as wavelets or multi-scale Gaussian filter-
ing.

2 Proposed system

2.1 Texture

Texture is a repeated pattern of pixels over the
spatial domain; the pattern can possibly be con-
taminated by noise. The repetition frequencies
might result in textures that appear to be random
and unstructured. Texture are the visual patterns
in an image that have properties of homogeneity
that do not result from the presence of only a sin-
gle color or intensity. Today, the most commonly
used methods for texture feature description are
statistical and transform based methods. In the
present work a transformed based method is used.

The state-of-the-art in transformed based tex-
ture feature extraction uses Gabor wavelets. This
is due to physiological research evidence that Ga-
bor filters model the neurons in the visual cor-
tex of the human visual system. Furthermore,
Manjunath et al. in [MM96] showed that Ga-
bor features performs better than using pyramid-
structured, tree-structured wavelet transform fea-
tures and multi-resolution simultaneous autoregres-
sive model.

A total of twenty four wavelets were gener-
ated from the “mother” Gabor function using four
scales of frequency and six orientations. Redun-



dancy, which is the consequence of the nonorthog-
onality of Gabor wavelets, was addressed by choos-
ing the parameters of the filter bank to be set of
frequencies and orientations that cover the entire
spatial frequency space so as to capture texture
information as much as possible. The lower and
upper frequencies of the filters were set at 0.04 oc-
taves and 0.5 octaves respectively, the orientations
were at intervals of 30 degrees, and the half-peak
magnitudes of the filter responses in the frequency
spectrum are constrained to touch each other.

Each image I (x, y) in the database is convolved
with each wavelet in the filter bank according to
the convolution equation Gmn (x, y) =

∫
I (x − s,

y − t) φ̄ (s, t) where s and t are the dimensions of
the filter and φ̄ (s, t) is the complex conjugate of
the Gabor wavelet. Furthermore, m ∈ {1, 2, 3, 4},
n ∈ {1, 2, . . . , 6} correspond to the scales of fre-
quency and orientations respectively.

By assuming spatial homogeneity of texture re-
gions the mean and the std. deviation of the mag-
nitude of the transformed coefficients was com-
puted according to:

µmn =
∫

|Gmn (x, y) |dxdy,

σmn =

√∫ ∫
(Gmn (x, y) − µmn)2 dxdy.

Finally, the texture feature vector for each image
is constructed using the computed values for the
mean µmn and std. deviation σmn according to:

Ifr (x, y) = [µ00, σ00, µ01, σ01, . . . , µ35, σ35] .

2.2 Shape

Shape of an object is the characteristic surface con-
figuration as represented by the outline or contour.
Shape recognition is one of the modes through
which human perception of the environment is ex-
ecuted. Shape is important in CBIR systems be-
cause it corresponds to region of interests in im-
ages. In CBIR system designed for specific do-
main such as trademarks and silhouettes of tools,
shape segmentation can be automatic and effec-
tive. However this is not the case for a system
having heterogeneous database. In this case shape
segmentation may be difficult or sometimes impos-
sible.

In our proposal the shape features are extracted
using local mean and std. deviation in a search
5 × 5 neighborhood employing the following for-

mulas:

µI (x, y)=
2∑

g=−2
h=−2

I (x − g, y − h) × Z (5, 5) ,

σI (x, y)=
2∑

g=−2
h=−2

I (x − g, y − h) × K (5, 5)

where Z and K are the impulse responses of the
mean and std. deviation filters respectively. For
that, each image in the database passes through
a 5 × 5 grid size Gabor filter bank. Twenty four
output images are then obtained. Afterwards, sim-
ilarly to the pre-filtered image the local mean and
std. deviation of each output of the filter bank is
also calculated using a 5×5 neighborhood accord-
ing to:

µpmn (x, y)=
2∑

g=−2
h=−2

Gpmn (x − g, y − h)×Z (5, 5) ,

σpmn (x, y)=
2∑

g=−2
h=−2

Gpmn (x − g, y − h)×K (5, 5)

Thus for each pixel in the image there are twenty
four reference pixels. Consider the pixel in the im-
age and the twenty four corresponding pixels in the
output of the filter bank, the distance between the
image feature vector and any of the corresponding
pixels feature vector is computed as:

Dpmn (x, y)= |µpmn − µI | + |σpmn − σI |

The computed distance is a measure of similarity
of the texture between a pixel in the original im-
age and the corresponding pixel at the output of
the Gabor filter bank. For every pixel for each dis-
tance Dpmn (x, y) with corresponding pixels in the
output of the Gabor filter, the pixel whose texture
is most likely similar to that of the database image
is

Gqmn (x, y) ≈ I (x, y) , q = arg
24

min
i=1

{Dimn (x, y)}

This results in a filtered image called “texture clas-
sified image.”

2.3 Spatial information

Spatial information is the spatial relationship ex-
isting among properties characterizing image re-
gions within the image and is commonly used to



Figure 1: The GUI of the proposed CBIR system.

addresses the problem of discriminating similar im-
ages in homogeneous or non databases. Feature
like centroid, area and other geometric properties
of local image regions are prime location candi-
dates; they are also the basis for deriving spatial
layout or information.

The two region properties adopted to describe
the spatial features are elementary spatial feature
descriptors, centroid and spatial extent. This is
because the image database is complex and hetero-
geneous. Though elementary features, the spatial
descriptors are invariant to rotation and transla-
tion. The steps taken in spatial information ex-
traction are as follows: (i) Compute the centroid
distances of regions in the binary image obtained
from the texture segmented image, (ii) Thereafter
the spatial extents of the texture regions are also
separately computed. Finally, the number of ele-
ments for each region property was normalized to
100.

2.4 The CBIR system

Have the above feature descriptors as the basis for
CBIR we proceed to develop the system. Figure 1
depicts the GUI of the system which is used by the
user when querying the database. In doing so the
user can select and image and then select whether
to use any of the individual features alone or com-
bined together using the weights in the upper right
corner.

3 Experimental result

The proposed CBIR system was tested using the
test database of University of Washington [Was]

that consists of 977 images. The images are manu-
ally annotated in 110 categories. The performance
of the proposed system is assessed using recall-
precision curves with the help of randomly selected
query-images [Kor97].

Recall is defined as the fraction of relevant ob-
jects that are retrieved whereas precision is the
fraction of retrieved objects that are relevant to
the query. In the case under consideration the rel-
evance or not of an image to a query-image is as-
sessed using the annotation assigned to each indi-
vidual image.

Implementing a CBIR system is a painstak-
ing process. The reason is that the Gabor filter
dictionary adopted for the system design indicates
the frequency of operation and the number of fil-
ters for optimal performance but it does not have
a readymade answer for the filter grid size that
gives optimal performance. On that, it is generally
acceptable that larger Gabor grids are capable of
capturing slowly varying levels than a lower grid
size filter. Therefore, this aspect has been taken
care by computing texture feature of the images in
the database using Gabor filters of grid sizes 5×5,
15 × 15, 25 × 25, 35 × 35, 45 × 45 and 55 × 55.

In assessing the performance of the proposed
system a series of query-images are given to the
system and then one precision curve is computed
per query. Afterwards all the curves are aver-
aged and this yields the so-called average recall-
precision curve. Figure 2 depicts the average curve
for the CBIR system when only texture features
were used. On the other hand Fig. 3(a) and 3(b)
depict the average curves when all three features
are utilized. In the case of Fig. 3(a) the weights
assigned to texture, shape and spatial features are
0.8, 0.1 and 0.1 respectively whereas in Fig. 3(b)
the weights are 0.7, 0.15 and 0.15 respectively.

4 Conclusion

In this paper a novel CBIR system has been pre-
sented. The system puts emphasis on texture,
which is the primary feature, and less emphasis on
shape and spatial as secondary features. Texture
features derived from six grid sizes of independent
and different Gabor filter banks were incorporated
into the CBIR system. The results show that the
combination of all three features provides higher
performance than anyone individually. In the near
future we are planning to add an extra module in
order to allow for the user of the system to provide
feed-back to the query along. Furthermore, soon
we will have a web based demo of our system.
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Figure 3: The average precision when all three features are utilized with weights: (a) 0.8, 0.1 and 0.1, (b)
0.7, 0.15 and 0.15.
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Figure 2: The average precision of the CBIR sys-
tem when using only texture.
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