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Abstract

Proper selection of features and their representation are essential for a good Content-Based Image
Retrieval (CBIR) system. In this paper, we propose a compact feature representation based on the
elements of Colour Co-occurrence Matrices (CCM) in Hue, Saturation, Value (HSV) colour space.
To represent each image in the database, we constructed a feature vector considering all diagonal
elements and Sum-Average [1] of all non-diagonal elements of the CCM. We demonstrate that our feature
representation is superior in terms of system accuracy and online computation time which are attributed to
dimension reduction. We present experimental results with a database of 2000 images from 10 categories.
With our method, we achieved up to 3% improvement in precision. With relevance feedback, we obtained
a further 12% improvement as opposed to 9% with original higher dimension.
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1 Introduction

The selection of features e.g. colour, shape, colour-
layout etc. and their proper representation e.g.
colour histogram, statistical moments etc. are very
important for good system retrieval. The concept
of co-occurrence matrix in texture has been known
for long [1], however, its use in colour has been
reported very recently [2], [3], [4]. A CCM repre-
sents how the spatial correlation of colour changes
with distance i.e. pixel positions. In [3], a Modi-
fied Colour Co-occurrence Matrix (MCCM) is used
where a CCM of Hue is simplified to represent the
number of colour pairs between adjacent pixels (4-
neighbourhood). They did not consider the ad-
verse effect of ignoring Saturation and Value com-
ponents of colour. The diagonal elements convey
the colour information of the entire image whereas
the non-diagonal elements represent the shape in-
formation in an indirect way. In [4], Ojala et. al
demonstrated the effect of quantization of H,S;V
levels on retrieval accuracy.

In this paper, we studied the effect of H-only and
H,S,V together on the system performance. Al-
though, addition of S and V increases feature di-
mension, it provides extra information about im-
ages and thus improves retrieval. The use of all
matrix elements in the feature vector as in [2],
[3] and [4], will contribute to online computation
significantly and this can be worse in real situations
where database size is very large. Also, an increase
in feature dimension essentially means an exponen-

tial growth in the number of training samples. This
limitation, called the Curse of Dimensionality, is a
well known fact in Pattern Classification [5], [6].
Hence, dimension reduction has become a critical
issue in feature representation and image index-
ing of CBIR systems [7]. If there is no informa-
tion loss due to dimension reduction then system
performance would be the same in both spaces.
However, that is an ideal situation. We observed
that diagonal elements of CCMs are much more in
number (about 80%) compared to the non-diagonal
elements (about 20%). This observation is in line
with that reported in [3]. Also, we have noticed
that most of the non-diagonal elements are zero.
Thus representing all the non-diagonal elements
with a single Sum-Average [1] value (for details,
see section 2) attributes to the following benefits:

1. the Sum-Average of non-diagonal elements
would be less sensitive to noise and thus
enhance retrieval performance,

2. the dimension is reduced significantly, thus re-
ducing online computation and retrieval time,

3. compared to other methods of dimension
reduction e.g. Principal Component Analysis
(PCA)[7], computing Sum-Average is very
simple.

We used all the diagonal elements in the feature
vector as they are the majority and manipulating



them in any way would contribute to loss of infor-
mation content of images significantly. Thus, we
constructed a feature vector with all diagonal ele-
ments and Sum-Average of non-diagonal elements
from H,S,V matrices. For rest of the paper, we
refer the original feature space as original dimen-
sion and our one as reduced dimension. With our
method, we achieved improved performance and
faster retrieval.

In CBIR systems, relevance feedback is found to
be very useful in reducing semantic gap, which
is a bottleneck to achieve a successful CBIR sys-
tem [8], [9]. For a given query, the system first
retrieves a set of ranked images according to a
similarity metric, which represents the distance be-
tween the feature vectors of the query image and
the database images. Then the user is asked to
select the images that are relevant or irrelevant to
his/her query. The system uses this information
to improve retrieval results. We used a feature re-
weighting approach to implement relevance feed-
back, where weight of each component in the simi-
larity measure is updated according to information
extracted from the previous iteration. The small
number of training samples can cause problem es-
pecially in high dimension. We have shown that
precision is better with lower dimension.

Sections 2 and 3 describe the proposed approach
and experimental results respectively. Section 4
contains conclusion and future directions.

2 Methodology
2.1 Feature Representation

We used the following nomenclature:

N: Number of images in the database

N,.: Scope i.e. the number of retrieved images

Q, I: Query image and Database image respectively
M: Number of components in the feature vector
L: Number of quantization levels in H,S,V

k: Iteration number in relevance feedback

wk: weight factor for i*" feature component in k**

iteration

Let P be the L x L co-occurrence matrix whose
element p,, indicates the number of times a pixel
with colour level x occurs, at a distance d, relative
to pixels with colour level y. To incorporate the
Sum-Average as described in [1] into our case, we
introduced the following formula:

L-1 L
Sum_ndiag = Z Z (T 4 Y)Pay (1)

z=1y=z+1

where Sum_ndiag are Sum-Average of non-
diagonal elements of P. We chose HSV colour
model as it is known to be perceptually uniform
[8]. We tried to make the spatial correlation
more sensitive to Hue and less sensitive to Value
and Saturation. We experimented with different
levels of quantization and found H,S,V=16,3,3
to be a good choice. As we increased the level
of quantization of H,S,V, we obtained better
precision but after a certain range the change
in precision was insignificant. So we decided
to use 16,3,3 to keep computation low while
still maintaining good precision. We chose co-
occurrence distance d=3 and used pixel pairs
in both vertical and horizontal directions. Thus
we obtained symmetric matrices and needed
only upper diagonal elements to consider. For a
16x16 matrix, the number of diagonal elements
is 16 and the number of non-diagonal elements
is 120. For a 3x3 matrix, this number is 3 for
both diagonal and non-diagonal elements. In our
method, we represented all non-diagonal elements
by a single value. Thus, for H,S,V=16,3,3 the
feature dimension is 148 and it is reduced to 25 in
our approach.

As different feature components have different
range (or values), we normalized them so that they
lie within [0,1] and each component contributes
equally in the similarity measure.  The 3"
normalized feature component, f; is given by,
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where f; org is the original i'" feature component,
w; is the mean and o; is the standard deviation of
fi,org. These values are calculated over the entire
database of N samples. Under the assumption
of Gaussian distribution of values, the term 3o0;
ensures that at least 99% of the samples are within
the range [—1,1]. Any value that is < —1 is set
to —1 and > 1 is set to 1. In order to map the
normalized values from [—1,1] to [0,1], we used
the following formula:

fi+1

fi=1t 3)

2.2 Image Indexing

To find the similarity between I and Q, we used
a weighted Minkowski distance measure, a com-
monly used metric in CBIR,



M
D(I,Q) =Y wi*|fir — fiql (4)
i=1
where w; is the weight of i*" feature component.
When there is no relevance feedback, equal weight
values are used for each feature component. When
relevance feedback is used the weights can be up-
dated (this is the topic of another paper by the
authors to be published elsewhere) according to
the following formula:

k
o )
wf-ﬁ-l _ kle (5)
Urel,i

Here, o, . is the standard deviation of i*" feature
component over N, retrieved images and ¢¥ , . that

rel,i

over the relevant retrieved images in k" iteration.
Please note that in [10] and [11], they have used
similar weight factors, however, there the numera-
tor represented standard deviation over the entire
database. A good feature component should have a
large variation over the entire database images and
a small variation over the relevant images. As the
feature values are normalized, the standard devi-
ation over the entire database remains unchanged
with iteration and thus does not provide any extra
information. However, a feature component that
has small variation over relevant images and a large
variation over the retrieved images is considered to
be good and should be given more weight. Also,
with each iteration a new set of images is likely to
be retrieved and a new Uf\,“i obtained. This is why
we opted to use eqn (5) in weight calculation. In a
few cases, we had only one image retrieved meaning
lefel,i equals to zero. To avoid this situation of
infinite weight value, we used a modified formula
as below:

k
e LI (6)
' 1+ afel,i

3 Experimental Results and Analysis

The data set comprised 2000 images from 10 dif-
ferent categories, namely, Flowers, Fruits and Veg-
etables, Nature, Leaves, Ships, Faces, Fishes, Cars,
Animals, Aeroplanes. Each category contains 200
images. All images have same pixel size of 256 x
256. We used precision as a measure of system per-
formance which is given by the following formula:

No. of relevant retrieved images

(7)

precision = - -
No. of retrieved images

We used all 2000 images as query images and cal-
culated precision after averaging over all query im-

ages. This way it ensures the true representation of
system performance [12], [13]. Results are reported
for different scope values, that is, the number of
retrieved images. First, we investigated the effect
of H-only space and H,S,V together. As expected
we obtained much improvement in precision for
H,S,V together. At scope = 200, it is 2.409% in
original dimension and 5.849% in reduced dimen-
sion (see figure 1). Then, we experimented with
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Figure 1: Effect of H-only and H,S,V together on
precision at different feature dimensions
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Figure 2: Performance comparison in original

dimension and reduced dimension

25-D (“D” stands for dimension) feature vector and
148-D feature vector for scope = 300 (see figure 2).

As, the number of samples per category is 200, we
should be using a maximum scope of 200. However,
this is for an ideal system where all the relevant
images are retrieved as top 200 images. We wanted
to look at the behaviour of both methods at a scope



Table 1: Improvement of Precision (%) from Orf to 5rf

Scope | 148-D | 25-D
20 16.093 | 16.272
200 9.12 12.583

Performance with relevance feedback: Scope = 20
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Figure 3: Improvement in precision with relevance
feedback at scope 20

Performance with relevance feedback: Scope = 200
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Figure 4: Improvement in precision with relevance
feedback at scope 200

beyond 200 where relevant images will be all over
the space.

At scope = 20, precision with 25-D is marginally
worse by 0.7% but at scope = 200, it is improved
by 3.297%. The effect of dimension reduction is
more prominent at higher scope.

In figure 3 and figure 4, we have shown results
up to 5 iterations as after that performance does
not improve significantly, which is good indicating

that the algorithm converges fast. The improve-
ment with relevance feedback (from no iteration
to fifth iteration) is more with 25-D compared to
148-D and also, it is more prominent at higher
scope, see table 1. It is well known that more
training samples are required as feature dimension
increases. Thus with iteration, improvement is
more with reduced dimension compared to original
dimension.

4 Conclusion and Future Direction

The addition of S and V space with H space
contributes to the information content of
images and thus enhances system performance
significantly. The online computation with original
dimension is O(3L?) whereas it is O(3(L + 1)
in our method. This reduction in number of
computations will be very significant in today’s
real situation where image database size is already
very big and is increasing day by day. At low
scope, the precision with our method is marginally
worse which can be attributed to the information
loss due to dimension reduction. At higher
scope, the effect of low dimension becomes more
prominent and as a result, precision with our
method is much better.

However, we need to perform further experiments
with a larger dataset and with different datasets to
get more confidence in experimental findings and
generality in system performance.

Also, we need to investigate other existing methods
(e.g. PCA) of dimension reduction and compare
performance of each method.
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