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Abstract
One of the challenging problems for image content
retrieval is how to represent semantics of images. We
have proposed a new representation for image contents
using visual ontologies and wavelets. We will discuss how
to represent the shape of objects/regions of interest,
colour distribution and texture of the images integrating
visual ontologies with wavelets. Our ideas are: (1)
propose a set of meta ontologies and semantic descriptors
(graphic and symbolic) for visual ontologies; (2) using
visual ontologies and most significant coefficients of a 2D multiresolution wavelet transform to represent image
contents. The visual ontologies are represented by a set of
descriptors, relations, logic operators, and functions; (3)
using a multiresolution wavelet transform to extract the
colour and texture features of target images and map it
into relevant visual ontologies. The query images can also
be represented as visual ontologies or most significant
coefficients of a 2-D multiresolution wavelet; (4) a spatial
query can be integrated with other visual ontologies. The
initial experiments have shown encouraging results.

1. Introduction
How to represent the knowledge of image contents
more effectively is a difficult problem that has been
investigated for several years. Many literatures have been
focused on the low-level features of images. The basic
concepts are motivated by the results of image processing
and computer vision. The individual definitions for
images’ semantic contents lead to the gaps among
different systems.
The demands for overcoming the
difficulties of eliminating different understandings of
image contents have motivated us to investigate a shared
knowledge representation. On the other hand,
interoperability among systems, reusability of software
components, and reliability of systems have become an
important evaluating criteria for distributed content-based
image retrieval (CBIR) systems.
From a point of view for human-computer interaction,

low-level features of images should be transformed into
visual representation of knowledge. A set of well-defined
semantic descriptors and visual ontologies (VOs) are
required in a mapping process. These descriptors serve as
a bridge between low-level representation and a visual
user interface.
An increasing interest on ontology and its applications,
a unifying framework for reducing or eliminating
conceptual and terminological confusion towards shared
understanding of knowledge, has motivated the
investigation of VOs for image contents. Compared to
symbolised ontology, VOs will be able to represent
complex image knowledge in a more detailed and intuitive
way. There are no image processing experts involved to
process a complicated knowledge representation of
images. A shared understanding of images could be
achieved in this way.
Wavelets have recently become enormously popular.
The name “wavelets” was introduced in the early eighties
by Morlet. Grossman has provided the mathematical basis
of Morlet’s idea [11]. Daubechies constructed families of
orthonormal wavelets with compact support [12]. Mallat
put the wavelet transform (WT) in the framework of
multiresolution signal decomposition and provided a fast
implementation of the transform based on the concepts of
filtering theory, which was already well-known in the
image compression literature [15]. All this research
resulted in a comprehensive mathematical framework for
signal analysis with applications in variant fields.
In this paper, we mainly discuss the VOs for the shapes
of objects/regions of interest, colour distribution, and
texture of images; the 2-D multiresolution Haar wavelet
decomposition for colour and texture representations; and
the mapping from visual ontology based space to waveletbased coefficients. In order to define the VOs, additional
foundational descriptors are required to provide semantics
of these ontologies. In a distributed CBIR system based on
a software agent, such ontologies are required to enable
the unambiguous communication between agents.
Many approaches for CBIR have been proposed and a
couple of prototypes have been investigated as well. There
are several representative prototypes among these
prototypes: IBM′s QBIC project [17], MIT′s Photobook

system [18], the Chabot system developed by UC
Berkeley [16], and VisualSEEk and WebSEEk system
developed by Columbia University [13]. Jacob et al.
presented a multiresolution Haar wavelet decomposition
method to speed up colour distribution matching [10].
Our integrated VOs and the multiresolution wavelet
transform (MWT) approach emphasise the visual
representation of image contents and fast multiresolution
querying. Our approach also allows users to select spatial,
shape, colour, and texture ontologies for composite terms
or single term querying. The MWT approach has also
been used for colour and texture retrievals.
This paper is organised as follows: section 2 explains
what the VOs for CBIR are. In section 3, a set of semantic
descriptors for VOs has been proposed. In sections 4, 5
and 6, we will present the VOs for the shapes of
objects/regions of interest, colour distribution and texture
of images, respectively. The approach of the 2-D MWT
has been integrated with our VOs. Section 7 contains the
result of initial experiments for integrating VOs and
MWT. Finally, section 8 ends with the conclusion.

2. The VOs for CBIR
The semantic contents of images are initially
represented by a set of low-level image features for CBIR
so far. The features used most frequently include the
shape, colour histogram, and texture of images. For the
purpose of extraction of these low-level features, several
dozens of image processing techniques have been
developed. The domain experts are usually required be
involved in the complicated knowledge representation of
images. At the same time, rich image contents can not be
well represented by a limited number of key
words/captions. Users find it difficult to extract these
semantic contents or select suitable features to describe
their demands for retrieval. A symbolic and axiom-based
representation of spatial systems has been proposed using
ontology-based knowledge representations [1]. The spatial
reasoning has been investigated in some literatures [2, 3,
4]. These literatures focused on the spatial-related and
reasoning-based solutions. These solutions have been the
basis of spatial representation of our VOs.

hue, chroma, and saturation of any colours.
Rough colours: red, orange, yellow, green, blue, purple,
pink, brown, gray, gold, black, white, etc.
Textures: natural or artificial textures such as clothes,
land, cornfield, and wallpapers.
The meta objects can be considered as a set of meta
ontologies. The meta ontologies also consist of all
operators, complex numbers, and possible constraints.
The relationships among meta objects could be
classified into:
Rough location relations: connects, overlaps, separates,
contains, besides, over, below, left, right.
Precise location relations: relative or absolute
coordinates of objects, angle between two objects .
Rough size relations: larger than, smaller than.
Rough colour relations: light, dark, more light than,
more dark than, and, or, not.
Texture relations: foreground, background, and, or, not.

2.2. Functions and relations for VOs
Functions and relations for the VOs are all interrelationships among objects. Because in the VOs based
image retrieval system, an object is approximately
assembled by a set of meta objects. The functions actually
represent the interrelationships among meta objects. A
function is defined as a limited set of objects and
computation formulas, one for each combination of
possible meta objects. The relations are an arbitrary set of
limited lists of objects, each list is a selection of meta
objects that jointly satisfy the relation.

3. Semantic descriptors for VOs
We define the VOs with a set of semantic descriptors
that can be unambiguously interpreted. The descriptors for
VOs can be classified into two categories: graphic and
symbolic. The graphic descriptors are a set of graphic
meta objects including shape, colour, texture, and spatial
descriptors. Examples of shape graphic descriptors can be
depicted by the basic graphic elements, as shown in
Figure 1.

2.1. Meta ontologies for VOs
Figure 1. Basic graphic elements
The visual ontology we propose here is an ad hoc
paradigm of knowledge representation for CBIR. The
ontologies of objects/regions of interest in an image can
be considered as a set of basic visual elements — meta
objects. These meta objects consist of a set of entities and
can be partially described as follows:
Scalable objects with regular shapes: circle, rectangle,
triangle, ellipse, line, arc, angle, etc.
Colours: red, green, blue components of any colours;

All VOs for shape retrieval can be approximately
assembled and depicted by these graphic descriptors. Any
shape of object in images could be approximately
segmented into these descriptors as well. Texture
descriptors include the texture library with large
collections of natural or artificial texture elements.Various
colour descriptors could be customised with colour
elements or continuous adjustable RGB components.

Another category of descriptors is symbolised. These
descriptors describe the meta objects and their relations.
A graphic descriptor can be mapped into the
corresponding symbolic descriptor.
Table 1. Description for meta objects

defined in this way. The location relationships among
individual assembled meta ontologies will be tracked and
located by their relative (or absolute) coordinates (or
centroids), precisely. Rough locations relationship among
objects can also be represented by the corresponding
descriptors. The functions of SOs define a set of objects
and computation formulae for the corresponding ontology.
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If we define a set of descriptors for meta objects,
Table 1 above can be further symbolised into a set of
simple descriptors, as shown in Table 2.

Table 3. Definitions of SOs

object

Table 2. Symbolic representation for VOs
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Lr set: A set of rough location relations between objects
or regions of interest such as left, right, above, contains,
below, behind, overlap, separate, in front of, intersected.

Obviously, the representation for objects/region of
interest and their relationships in an image become more
simplified. Although we can not depend on these simple
symbols to describe rich contents of images, it should
facilitate an unambiguous, shared understanding of
images. A set of well-defined descriptors should be
available to represent semantic contents of an image more
efficiently.

In Table 3, functions Fe, Fo, Fr are a set of formulas as
follows:

4. The Shape Ontologies (SOs)

Where Xs, Ys are sample coordinates of the shape (edge).
Xc, Yc are centre coordinates of the shape (edge). The
number of sample coordinates depends on the complexity

The shape of an object/region of interest can be
assembled approximately by a set of meta objects with
corresponding relationships. Visual SOs represent these
meta objects and their relationships more easily than other
approaches.
The descriptors and relations can be used to match with
indexed descriptors corresponding to the target images in
an image database.

4.1 Definition of visual SOs
We define the visual SOs with a group of visual
specifications, relationships, and functions. Users will be
able to assemble meta ontologies interactively according
to their desired shape.
Any complicated shape of objects could be similarly

Fe =

(X

s

− X c ) 2 + (Y s − Y c ) 2

Fo = ∑ M om , m ≥ 1
m

of the contour (edge).
where an object is assembled by m meta objects Mo1, Mo2,
…, Mom, m ≥ 1.
Fr = Σ Oij

i= 1,2,…,m; j=1,2,…,k;

where Oij is the i-th object in the j-th region of interest.

4.2 Integrating spatial relationship into SOs
On the basis of SOs, objects of interest can be
represented by a set of descriptors defined above. In order
to retrieve an image related to the variable locations of
objects, we should integrate spatial relationship of objects

into SOs. An example on spatial retrieval can be depicted
by Figure 2.
In Figure 2, three objects of interest A, B, C could be

A

C
B

B

A
C

Figure 2. An example of spatial retrieval
located at different locations respectively. The locations
of A, B, C can be defined by the spatial attribute of SOs.
The information for locations of objects should be
considered as a constraint. When we ignore the constraint,
only other SOs participate in similarity matching. The
changes on locations of objects do not influence the result
of the similarity retrieval. This is an important
specification of a visual ontology based approach.

5. The Colour Ontologies (COs)
The distribution of colours in an image can be
represented in individual colour spaces. Some researchers
represent the colour scheme using colour histograms. The
use of colour histograms for image retrieval has been
explored in [7, 8, 9]. No universal colour feature space is
most suitable for CBIR using colour histogram.
One of the most important approaches for colour
representation is to map a continuously distributed colour
space into a set of discrete colour codes or wavelet
coefficients (WCs). The approach using MWT of the
images has been proposed [10]. The comparisons of
significant WCs between query and target images are
performed to search desired images with colour similarity.
The colour space chosen for representing the images and
performing the decomposition is YIQ. The experiments
have shown dramatic improvement, in both speed and
success rate, over using conventional L1, L2, or colour
histogram norm.
Here we represent and compare the colour similarity
between query and target images using both the visual
COs and MWT. The spatial relationship of objects or
region of interest can be represented by visual COs. We
first introduce the colour spatial model for the
computation of significant WCs with threshold
constraints. Then we define a set of visual COs that can be
used by user-computer interaction. These visual COs can
also be used to represent the colour distribution of an
image in an intuitive way and can be transformed into
corresponding YIQ, YUV, or RGB colour space for
wavelet based or histogram based similarity matching.

5.1. Representation of Colour feature
We use both COs and most significant WCs of the 2-D
Haar MWT to represent the colour feature. A standard
Haar WT of an image is simple to code. It involves a onedimensional decomposition of each row of the image,
followed by a one-dimensional decomposition for each
column of the result. On contrast, non-standard Haar WT
is more efficient to compute. For an m×m image, the
standard decomposition requires 4(m2-m) assignment
operations, while the non-standard decomposition requires
only 8/3 (m2-1) assignment operations. Both standard
basis and non-standard basis of the wavelet have been
selected [14]. For an m×m image, there are m×m different
WCs for each colour channel. Only largest magnitude
coefficients should be selected in order to accelerate the
search, reduce the storage, and improve the discriminatory
power.
The COs we propose here is a set of discrete colour
descriptors represented by common colours with rough
chroma and logic relations. They can also be represented
by continuously adjustable RGB colour components with
rough chroma and logic relations.

5.2. Visual colour ontologies
On the basis of MWT discussed above, we define a set
of visual COs for colour features. These visual COs can
be integrated with the other VOs we proposed.
Table 5. Definition of the visual COs
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In Table 5, primary colour channels are abbreviated as
PCC. The rough colours include a set of common colours
such as brown, yellow, green, blue, black, red, orange,
pink, purple, white, etc. The VOs can also be represented
in RGB primary colour channels. Every colour consists of
a rough chroma attribute, dark, light, or normal,
respectively.
The visual COs defined by RGB space can be
represented by the continuously adjustable colour that

controlled by corresponding scroll bar. Three primary
colour channels can be controlled by the corresponding
scroll bars respectively. Using interactive adjustment, the
desired colour can be obtained. The RGB space can be
further transformed to YIQ, YUV, HSV, or other colour
spaces. In this way, the most significant WCs can be
obtained using MWT.

5.3. Colour similarity matching

modelling,
fractal geometry,
spatial
grey-level
dependencies, co-occurrence matrices and spatialfrequency techniques using Gabor filtering [9].
We describe texture of images using a set of ontologies
that can be interpreted into corresponding descriptors and
texture elements. A collection of texture elements is stored
in the texture library. These elements should be indexed in
advance and mapped into corresponding descriptors as
well.

The colour similarity matching using both VOs and
wavelets can be divided into two cases:
1. The colour feature represented by a set of common
colours with a set of rough chroma. In this circumstance,
COs should be represented by the corresponding colour
descriptors. Each set of descriptors can be considered as a
discrete colour distribution in a certain colour space, such
as a RGB colour space. The relationship between common
COs and most significant WCs can be defined in advance.
The deficiency of this representation is that it is difficult
to obtain any continuous distribution of colours.
2. The colour feature represented by RGB channels
with a set of rough chroma. Each channel of RGB has
certain value that can be easily transformed into any other
colour spaces. The RGB COs can be used to represent any
colour distribution. The MWT approach then can be used
to obtain a set of most significant WCs.
The similarity matching is performed between query
and target COs. After the submission of a real query
image, which is not represented by VOs, the system first
decomposes the most significant COs using MWT and is
mapped into a set of query COs. Then the query COs can
be matched with indexed target COs and rough chroma
constraints. When a query image is interactively defined
as a set of COs the colour similarity matching becomes
simple.

6.1. Definition of visual TOs

6. The Texture Ontologies (TOs)

6.2. Mapping TOs to WCs

Textures are homogeneous patterns or spatial
arrangements of pixels that regional intensity or colour
alone does not sufficiently describe. Therefore textures
have statistical properties, structural properties, or both
[5].
Texture of images is one of the important features for
image retrieval. It describes the content of many real
world images: for instance, clouds, tree, bricks, hair,
fabric all have textural characteristics. It is hard to
adequately model texture. The investigations on texture
have not yet produced any clear solutions for the problems
of texture analysis, classification, segmentation and
synthesis [6]. Most techniques for texture analysis are
investigated and/or evaluated using Brodatz textures and
are not generally applicable to “unconstrained” images.
Recent attempts at modelling texture include random field

We use the MWT to calculate most significant texture
WCs for each texture element in the texture library.
Because a texture ontology corresponds to a certain
texture element, we should calculate the most significant
WCs for every texture element in advance. This means
that if we use the similar approach as colour WT, the TOs
should be mapped into a set of most significant WCs.

Here we define a set of TOs for CBIR. In order to avoid
time-consuming computations in texture matching, TOs
should be represented by the related texture element,
descriptor, rotated angle to X axis, and rough location.

Texture
element
texture
name

Table 6. Definition of TOs
Descriptor Rough
Rotated
location angle
Ttexture name
m×m
0∼ 2π
areas

Logic
operator
∧,∨,¬

In Table 6, texture elements consist of a set of given
texture collection such as body of water, crop field,
mountain, cloud, tree, hair, woven aluminum wire, reptile
skin, brick wall, French canvas, plastic pellets, and so on.
These texture elements come from the Brodatz texture
collection. A texture element can be named using the
corresponding descriptor as Ttexture name abbreviation. Rough
location can be represented by m×m area codes where
m=4, generally. A set of logic operators, (ie. ‘and’, ‘or’,
‘not’), can be added to represent the logic relations among
multiple texture of subimages. Based on the consideration
of individual rotated angle of the texture, the angle of the
texture to X-axis should be defined in a range of 0∼2π.

6.3. Similarity matching by TOs and WCs
The similarity matching using TOs and most significant
WCs can be performed in the following way:
1. Segment an overall query image into m×m
subimages. Each subimage is assigned an individual
area code.
2. For each query subimage perform the 2-D MWT so

that a set of most significant WCs can be obtained.
3. According to the area code which matches
corresponding TOs (most significant WCs) stored in
advance with rough location, rotated angle, and logic
relation constraints, a similarity score can be obtained.
In the case of more complicated texture of images,
more subimages should be segmented in order to obtain
higher matching accuracy.
When query texture is interactively defined using the
sample texture elements in the texture library the texture
similarity matching becomes easy. Sometimes the TOs
should be integrated with other ontologies such as shapes
for more efficient retrievals.

7. Experiments
We measured the speed of our integrated VOs and 2-D
MWT prototype and tested how well our approach
performs as the size of the database was increased (n=550,
and n=2190, respectively). We therefore gathered 2190
images from the World Wide Web with gif or jpg format.
We converted these images into thumbnail and computed
the corresponding WCs for each image, mapped WCs into
VOs, and stored the resulting database locally. On a NT
platform using extended SQL to make queries according
to individual VOs. The success rate and speed of our
prototype are shown as follows:
Table 7. Experiment results
Features
Success rate
Time (second)
n=550 n=2190 n=550
n=2190
Shape
0.87
0.82
0.32
0.56
Colour
0.76
0.73
0.21
0.45
Texture
0.75
0.71
0.42
0.68
Spatial
0.65
0.62
0.19
0.28
Spatial/texture 0.91
0.87
0.46
0.75
Spatial/shape
0.93
0.89
0.41
0.65
The experiment results in Table 7 have shown
encouraging performance. We believe that further
investigations on integrating VOs and MWT should lead
to better results.

8. Conclusion
We have proposed an ad hoc approach for CBIR by
integrating VOs and MWT. We have defined a set of meta
ontologies for assembling desired VOs. The VOs are
mapped into corresponding descriptors and the most
significant 2-D WCs for similarity matching. Mapping
from continuous feature spaces to discrete ontology spaces
and a set of WCs, more efficient image contents similarity
matching can be achieved in an intuitive way. The initial
experiments have shown encouraging results.
Our further investigations include perfect representation
of VOs, a more robust and efficient WT algorithm, the

distributed multi-agent based retrieval, and an interactive
visual query language.
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