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Abstract
A novel algorithm based on running sub-blocks with diﬀerent similarity weights is proposed for object-based image
retrieval. By splitting the entire image into certain sub-blocks, we use color region information and similarity matrix
analysis to retrieval images under the query of special object.
Ó 2003 Elsevier Science B.V. All rights reserved.
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1. Introduction
With the tremendous growth of digital images,
content-based image retrieval (CBIR) has gained
much attention (Smeulders et al., 2000; Remco
and Mirela, 2000; Li, 2002a) in recent years. In
order to retrieve a group of content-related images
from the image databases, various CBIR algorithms have been proposed, and some systems
(Niblack et al., 1993; Pentland et al., 1994) have
been developed according to these algorithms. In
these algorithms, visual features (color, texture,
shape and etc. (Tao et al., 2002a)) are extracted
from the images, and used as a criterion to retrieve
those content-related images from the databases.
Though the retrieval processing was approached in
three levels (pixel-level, low-level features and
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high-level concepts) originally, the semantic gaps
between them are being decreased (Smeulders
et al., 2000; Yuan et al., 2002).
Of all the proposed approaches based on lowlevel features, color histogram (Swain and Ballard,
1991; Hafner et al., 1995; Li et al., 2002) is employed extensively. From the mathematical viewpoint, color histogram can be regarded as a color
distribution over a certain color space. Therefore,
diﬀerence color spaces can be employed in CBIR
algorithms to achieve an optimum performance,
such as RGB, HSV, CIELuv (Plataniotis and
Venetsanopoulos, 2000), etc.
On a certain color space, each color channel is
quantized into some bins, and the similarity between the query image and the images in the
databases can be calculated over these bins by
distance metric calculation. To describe the similarity between query image and the images in databases, many metrics are proposed, for example,
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histogram intersection (Swain and Ballard, 1991),
Euclidean metric (Hafner et al., 1995), quadratic
distance (Niblack et al., 1993), etc.
However, color histogram can only represent
the coarse distribution of colors over a certain
color space, and all spatial information is discarded. The histogram speciﬁes the number of
pixels in each color bin, but shows no information
about the location of these pixels within the image.
Therefore, simple color histogram matching may
provide many false-alert retrieval results.
In order to distinguish diﬀerent images with
similar histograms, several methods (Gong et al.,
1995; Chua et al., 1997; Lu et al., 1994; Pass et al.,
1996) are proposed to incorporate spatial information into the color histogram to avoid the falsealert retrieved images. In these approaches based
on spatial-color histogram and color layout (color
feature and spatial relations), the whole image is
divided into sub-blocks, and color features are
extracted for each sub-block, and then the similarity between corresponding sub-blocks is calculated.
Actually, object is an important concept in
Moving Picture Experts Group (MPEG) (MPEG
Requirements Group, 1998a,b), and image semantic segmentation is one way for object-based
image retrieval, for example, some region-based
image retrieval systems have been built (Deng and
Manjunath, 2001; Carson et al., 2002), and some
methods have been proposed for matching the
sub-regions (Wang et al., 2001), but SEMANTIC
is still a hard mission (Tao et al., 2002b), because
of not only the semantic problem but also the
computing speed for the tremendous growth of
digital visual information.
These approaches can work well under the
condition that the image contents are ﬁxed over a
certain background. However, with the spatialcolor-histogram-based CBIR technology, some
content-related images with the query content set
on diﬀerent backgrounds can be missed due to the
one-to-one sub-block histogram matching. Thus,
another approach should be proposed to implement CBIR according to the movable image objects.
In this paper, a novel CBIR algorithm based
on running sub-blocks with diﬀerent similarity

weights for the image retrieval by movable contents is presented. With the proposed algorithm,
the CBIR system can be extended to retrieve the
images with the same content located on diﬀerent
areas.
In the next section, the proposed CBIR algorithm will be presented with detailed analysis.
In Section 3, experimental results from test bed
will be provided. Finally, Section 4 concludes the
proposal and forecasts some possible future
work. Acknowledgements are also given in the
following.

2. Algorithm
Like other CBIR approaches based on subblock color histogram, the ﬁrst step of our
algorithm is to split the images into diﬀerent subblocks. In order to retrieve the images with the
query content located on diﬀerent areas, the query
sub-block is running over the sub-blocks of the
compared image to process histogram matching.
Moreover, diﬀerent parts in an image contribute
diﬀerence eﬀect to human vision perception
(Matlin and Foley, 1991). To take this eﬀect into
consideration, diﬀerent weights are added to subblocks according to their diﬀerent locations.
Therefore, the sub-blocks are compared not only
by their locations in an image but also the perceptions, and this algorithm can rapid improve
the retrieval performance for certain kinds of objects with little inﬂuence of the entire color histograms.
Let I1 , I2 be the query image and an image in the
image database respectively, and SBS1 , SBS2 are
the sub-blocks-sets corresponding to I1 and I2 .
Deﬁne a kind of image blocks set:
SBSk ¼ fsbsij jsbsij  Ik g
where sbsij is a sub-block in image Ik (k ¼ 1, 2),
and i, j are the sub-blocksÕ sequences in the entire
image, whatÕs more, we assume that there are
kSBN1 k ¼ m  n sub-blocks in I1 , and kSBN2 k ¼
l  k sub-blocks in I2 .
Then, the similarity matrix between the query
image and the sampled image can be given by (1).
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where Cði0 ; j0 ; i00 ; j00 Þ ¼ Cðsbsi0 j0 ; sbsi00 j00 Þ is the distance metric between two sub-blocks (sbsi0 j0 and
sbsi00 j00 ). From this matrix, the similarity between
any sub-blocks of the query image and the sampled image can be found by our algorithm. With
the information, the images with the same content
located on diﬀerent parts can be retrieved for postprocessing. For example, when a bird moving
from sky to the forest (Fig. 1), it will be diﬃcult to
retrieve the related images from a large database

by traditional methods, while we can ﬁnd that one
or more sub-blocks are really similar to some of
our matching blocks from the query image I1 .
The overall similarity between the images can
be given by an experimental formula:
X
DðI1 ; I2 Þ ¼
xi0 j0 =½Cðsbsi0 j0 ; sbsi00 j00 Þ þ r
i0 <m;j0 <n;sbsi0 j0 I1 ;
i00 <l;j00 <k;sbs 00

i j

00

I2

ð2Þ

xi0 j0 is the similarity weight of every sub-blocks
which will be discussed later in this paper and r is
a ﬁxed value for the case that Cðsbsi0 j0 ; sbsi00 j00 Þ is
zero, and it is deﬁned as 0.1 in the proposed
scheme. This overall similarity provides ﬂexibility
for CBIR criterion.
In the following, the proposed CBIR algorithm
is described with two detailed steps: image subblock splitting and similarity measurement.
2.1. Image sub-blocks splitting

Fig. 1. The GCH and the sub-blocks.

For our CBIR algorithm, the number of split
image sub-blocks mainly determines the algorithm
complexity and performance. In general, there are
three ways to split the query and sampled image
into sub-blocks: static splitting, semi-dynamic
splitting and dynamic splitting.
For static sub-block splitting (Gong et al., 1995;
Chua et al., 1997), the image is split into subblocks according to a ﬁxed pattern. This way is
simple to implement, but the retrieval may have no
signiﬁcant meaning since the size of the query
content varies in diﬀerent image.
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For semi-dynamic sub-blocks splitting (Lu et al.,
1994), the number of the sub-blocks is increased by
the rule of 1=4q , and the user should predeﬁne a
threshold for the steps. By this way, the color
spatial detail will be more and more precise, and it
is also an important character of our proposed
CBIR algorithm.
In fact, the size of the query object in the image
is a very important factor to decide how to split the
image into sub-blocks. Thus, we propose a dynamic sub-block splitting method based on the size
of the query object. In this splitting method, the
image is split into sub-blocks by the size of object in
the query image. Therefore, balance between the
algorithm complexity and retrieval precision can be
achieved with dynamic sub-block splitting based
on the size of object in the query image.
2.2. Similarity measurement
After splitting the image into small sub-blocks,
jobs are to extract color features of the sub-blocks,
and to calculate the similarity between the query
image and the sampled image in the database.
For algorithm optimization, we set a size
threshold s. When a sub-block size is less than the
pre-determined threshold s, and s can be selected
as 16  16. We regard the average value of all the
pixels in this sub-block as its feature value;
otherwise, if the sub-block size is larger than the
threshold s, color histogram of this sub-block is
used to describe its color attribute.
Various kinds of color histogram can been
presented in diﬀerent color spaces, such as RGB,
HSV, CIELuv and etc. In our algorithm, the
CIELuv color space is preferred for its precision.
A pixel with a RGB value can be changed into
CIELuv color space (Plataniotis and Venetsanopoulos, 2000).
8
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Xn , Yn and Zn are the X , Y and Z of the chosen
reference white.
In CIELuv color space, the distance metric between two colors is given as follow:
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Every of the color channels, L, U or V , is quantized into several bins, and the numbers of the bins
are NL , Nu and Nv .
Thus, the whole color space is fragmentized to
Ntotal areas, and these areas can build a global
color histogram (GCH) where
Ntotal ¼ NL  Nu  Nv
and the distance metric between two color histograms can be calculated by:
D¼

N
total N
total
X
X
i

ð1  dij =dmax Þðxi  yi Þðxj  yj Þ

j

where x and y are the values of every corresponding bin and dmax is the maximum value of dij .
Moreover, it was found that human eyes are
naturally drawn towards the center of an image
(Matlin and Foley, 1991). If an object is located
near the center, it is more notable.
Thus, we arrange the sub-blocks as Fig. 2, and
assign a similarity weight to every sub-block as
1= log R, where R is the Euclidean distance between
a certain sub-block and the central sub-block.

u ¼ 13L ðu0  u0n Þ
v ¼ 13L ðv0  v0n Þ
where

Fig. 2. Similarity weight by 1= log R, where CB stands for the
central block.
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The central sub-block can be located as follows.
Assume the sub-block-sets of an image has m  n
sub-blocks, the central one of all the blocks can be
found by:
CentralBlock ¼ sbsð½m þ1Þ;ð½n þ1Þ
2


SBSk ¼

2



 sbsij  Ik

sbsij 
i < m; j < n

where ½ is the Gauss function to get the maximum
integer small than the input parameter.
The similarity matrix and the overall similarity
between the query image and the sampled image
can be calculated using (1) and (2).

3. Experimental results
According to our proposed CBIR algorithm of
running sub-blocks with diﬀerent similarity
weight, a testbed has been realized with Delphi
programmable language and WIN98.
With the test bench, some retrieval experiments
(Fig. 3) are performed as shown in two steps. The
ﬁrst step is to calculate the overall similarity value.
Before the experiments, we assume a pre-set
threshold value for the overall similarity value. If
the overall similarity value between a sampled
image and the query image is larger than the
threshold value, the sampled image is selected
from the database for the second step. The second
step is to calculate the similarity matrix. If there is
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any sub-block in the matrix whose values are small
than a certain value, it is claimed that the image
has the object that is related to the query image.
Otherwise, the image temporally retrieved at the
ﬁrst step is omitted.
In Fig. 3, the query image is an image with a
bird as the main object. First, the overall similarity
is calculated. Then case (a), (b) and (c) are retrieved from the database since the overall similarity value is over the pre-set threshold s0 .
However, image (d) has no the query object. Thus,
in the second step, the similarity matrix M described in (2) are analyzed as shown in Fig. 4. The
values stand for similarity between sub-blocks. If
two sub-blocks own the same histograms, the value should be zero, while two quite diﬀerent subblocks will return a high value.
The areas of small values are located nearly in
Fig. 4(a), while they are scattered in Fig. 4(b), this
shows: though two sampled image may give the
approximate similarities to a query image containing a certain object, their diﬀerence will be
reﬂected in our approached matrix. Thus, sampled
image (a) can be retrieved ﬁnally, and sampled
image (b) should be discarded.
We got some preliminary results on the small
image database, and test hundreds of queries. E.g.,
Fig. 5 shows the retrieval results by traditional
GCH and our method; our results are much relevant to the query object. Because the entire image
is partitioned into many sub-parts, we can identify
certain object without much concern with the

Fig. 3. Query image & sampled images overall similarity: (a) 0.759, (b) 0.690, (c) 0.898, (d) 0.182.
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Fig. 4. The similarity matrix analysis (SMA). (
) stand for areas of small values; the left (a) and the right (b) ﬁgures stand for the M
matrix between images in Fig. 3(a) and (b) respectively.

Fig. 5. (a) Query image, (b) GCH, (c) SMA.

background; in another words, our algorithm is
region-based. In the future, we will use some more
image segmentation algorithms to divide images
into sub-regions. By this way, we can also build an
indexing structure, which is organized by subregions and spatial relationships to accelerate the
indexing/retrieval speed.

4. Conclusions
CBIR has become an important research ﬁeld in
multimedia information processing. In this paper,

we present a novel CBIR algorithm based
on running sub-blocks with diﬀerent similarity
weights. It is a two-step retrieval processing: (1)
overall similarity calculation and threshold decision; (2) similarity matrix calculation and subblock recognition. By splitting the entire image
into sub-blocks, we use color-layout information
to retrieval images under the query of special object. With the two-step image retrieval processing,
our algorithm can retrieve content-related images
from a large image database and discard those
images without the query object. Further more,
after the CBIR system retrieve the images with the
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same content located on diﬀerent parts of the
sampled images from the image database, some
post-processing, such as relevance feedback (Li,
2002b) can be incorporated to enhance the CBIR
systems for other applications.
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