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Abstract

This paper presents a new approach to fast
tmage retrieval in a distributed environment.
Focusing on content-based image retrieval, we
wtroduce a dynamic indering and searching
scheme to effectively collect image data from
distributed tmage database. In addition, trans-
portable agents are used as the steering tool for
parallel tmplementation of the proposed algo-
rithms to increase speed.
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1 Introduction

The rapid development of multimedia systems
spans vast areas in computer science and re-
quires intelligent problem-solving systems to
access and retrieve information stored in vari-
ous formats and media forms with robustness,
reliability and efficiency. Very large collection
of images (image libraries) are becoming com-
mon and networking and wireless communica-
tion offer users unprecedented access to these
collections distributed over networks. Nowa-
days, users have a clear preference for access-
ing images in these collections based on their
content. Creating indices for these collections
by hand 1is unlikely to be successful, because
these databases can be gigantic [1]. Deter-

mining how to index and search an image by
its content from large image databases is an
active research area across many disciplines.
Its applications cover a wide range including
defense and civilian satellites, military recon-
naissance and surveillance flights, fingerprint-
ing and mug-shot-capturing, scientific exper-
iments, biomedical imaging, and home enter-
tainment systems.

Despite of the wide applications, it is diffi-
cult to have a uniformed searching engine for
the retrieval task that suits various image con-
tents. At first glance, an image retrieval task
appears deceptively simple because humans
seem to be so good at classifying information
from a large collection of images in terms of
its colours, textures, shapes and object posi-
tions. Unfortunately, in an unconstrained en-
vironment, such a task is beyond the reach
of current technology in image understanding.
There are three primary issues for content-
based image retrieval (CBIR): image feature
extraction and representation, similarity mea-
sure, and retrieval methods. Currently a large
proportion of research into CBIR has been
centred on issues such as which image features
are extracted, the level of abstraction mani-
fested in the features, and the degree of desired
domain independence [2]. However, little has
been reported about the significant connec-
tions and combinations between image feature
extraction/representation, similarity measure
and retrieval methods. Moreover, most of the
existing methods are single-machine oriented
even though different image collections are dis-
tributed located. In order to effectively in-



dex and search images with specific features
from distributed image collections, it is essen-
tial to develop algorithms for dynamic index-
ing and searching. More specifically, a sort of
“agents” 1s required that can be launched to
create index based on specific image feature or
to search specific images with given content.
In this paper, we use transportable agents as
a tool to achieve network-transparent image
indexing and searching, which can

e simultaneously extract useful pictorial in-
formation from different image collection
sources on the network,

e categorise images by an index-on-demand
scheme that allows users to set up dif-
ferent index structures for fast searching,
and

e support a flexible searching scheme that
allows users to choose effective methods
to retrieve images.

This paper presents a new approach to im-
age retrieval by using a platform-independent
transportable agent as tool to support dy-
namic image indexing and flexible image
searching. Section 2 introduces the concept
of platform-independent transportable agent
while Section 3 briefly describes a method for
image feature extraction and representation.
Section 4 highlights a parallel algorithm for
fast image indexing and searching. The initial
experimental results and conclusion are pre-
sented in Section 5 and 6 respectively.

2 Platform-Independent
Transportable Agent

Transportable agents are programs, typically
written in a safe language, such as, TCL and
Telescript, which may be dispatched from a
client computer and transported to a remote
server computer for execution. As an emerge
paradigm for distributed computing, trans-
portable agents can provide all functions sup-
ported by traditional client-server model. De-
pending on the extra features added to the
safe language, an agent not only can mi-
grate between computers, it also can fork and

join. These extra features make transportable
agents more suitable for transactions and in-
formation retrievals that require high flexibil-

ity [2].

In the work reported in this paper, we ex-
tended an available Java-based Agent, such
as Java-To-Go from Berkeley [3]. Initially,
we added migration, communication, synchro-
nization, control and management functions
to the package, which enhanced its function-
ality. A simple agent launched by a user can
be deployed on servers first, and then requests
can be sent from the client to the deployed
agents as in traditional client-server model.
The agent will receive requests from clients,
perform required operations before sending
back results. In the second stage, a control
mechanism (like a Workflow) will be added
into the package developed in the first stage.
An agent then follows the control strategy to
travel between servers and performs its func-
tions on its path. Finally, the agent can be
reclaimed from the final destination. In ad-
dition, a transportable agent can be launched
from a mobile computer to the Internet. In
such a case, after the launch of the agent,
the mobile computer will be disconnected from
the agent. On the completion of the specified
computing task by the agent, the user can re-
gain the control on the transportable agent
from the final destination. Figure 1 shows the
movement of an agent with a specific comput-
ing task, where an agent jumps from machine
to machine and interacts with resources on
each machine.

Machine A ‘/ Machine B

Pt

Machine C

Figure 1: The abstraction of transportable agent



3 Image Feature Extrac-
tion and Representation

In the computer vision approach to retrieval,
the user wants to find an image with certain
attributes. These attributes are computed
from pixel values and may correspond to lo-
cal colour, texture, or matched filter response,
the shape or arrangement of regions defined
by those attributes. To fulfill a request, the
system gives each image a relevance score, and
presents them to the user in order of relevance.
In the work reported here, we aim to convert
gray-scale image to feature image by detect-
ing image feature points. Unlike the existing
approaches [6] which mostly rely on different
individual operators to detect image feature
points, we proposed new types of fractional
functions as discrimination functions to per-
form robust (in the presence of noise), selec-
tive (band limited) and contextual feature ex-
traction [7]. The detected feature points for
each image are pre-detected off-line and will
be used to calculate coarse features for fast
image indexing.

The generalised discrimination functions g(¢)
are defined within the bounds of a multi-
dimensional coordinate system &. In the case
of one-dimensional time-domain signals, £ rep-
resents time ¢; for time-invariant images, ¢
refers to the spatial coordinates (z,y); and
for time-dependent images, £ means (z,y,1).
Let f(¢) be a multi-dimensional periodic or
aperiodic function defined over ¢ € [—o0, o0]
in terms of their zero crossings or zero nodes
(with at least one zero-crossing). Therefore,
the generalised discrimination function g(&) is

defined as

otherwise

O = { FE) i €€ [k ]
such that

I g(€)de = [ f(€)de =0

where k represents a zero crossing (kn, and
ky refers to m*® and n'” zero crossing respec-
tively), m, n are any integers and m < n.

By introducing such a general form, discrim-
inations for feature extraction can be gener-
alised with any order, size and shape or a com-
bination of the three. All such discrimination
functions perform differentiation with inher-
ent aggregation. In addition, these functions
are orthogonal to the aggregation weighting
functions.

With respect to the dynamic image feature ex-
traction we also focus on the so called ‘spatial-
statistical’ measurement to represent texture
feature in image, which involves the computa-
tion of statistics of various local image func-
tions. Rather than representing such texture
measurement in its true value as reported in
the related literatures [7], [8] and our previ-
ous studies [9], we extended the fuzzy com-
pactness approach [10] to measure fuzziness
in terms of texture energy [11] via fuzzy set
[12]. An image I of size M * N and L lev-
els of brightness can be considered as an ar-
ray of fuzzy singletons, each associate with a
value of membership representing its degree of
brightness relative to some brightness level [,
1=20,1,2,...,L— 1. Such an assumption can
be expressed in the notation of fuzzy sets as
follows:

X ={px(wij) = pij/zi;0=1,2,..,M;5 =1,2,..,N},

where px(z;;) or pij/zi;(0 < pi; < 1) de-
notes the grade of featuring some brightness
property p;; by the (i, j)th pixel intensity z;;.

In his previous work, Pal[10] introduced the
index of fuzziness to reflect the average
amount of ambiguity (fuzziness) presented in
an image I by measuring the distance between
its fuzzy property p, and the nearest two-level
property px . A linear index of fuzziness is de-

fined below:
wilX) = 52y T 5, lux (o) — i (23,)]
= ﬁ Zz E] by ax(Tis)

M > EJ min(ux (zij), 1 — px(z:;))

m=1,2,...M;n=1,2,...,.N,

where px(z;;) denotes the nearest two-level
version of X such that



px(zij) =0 if ux(zi;) < 0.5

=1 otherwise.

In contrast to the conventional measurement
of fuzziness in a gray scale image detailed
above, we extended this approach by apply-
ing the distance measurement to feature image
rather than the original image in gray scale.
Accordingly, X refers to the image feature set
and z;; represents the certain feature mea-
surement.

Furthermore, visual shape of an object is an-
other important datum in real world. In gen-
eral, it is difficult to uniquely describe an ob-
ject’s shape in terms of alphanumeric descrip-
tors [13]. We proposed to combine invariant
moments computing and B-Spline curve rep-
resentation to represent shape features.

4 A Parallel Indexing and
Searching Scheme

The problem of how to measure image simi-
larity is a challenging issue for image index-
ing. It is unreasonable to expect that image
database retrieval should only involve a sin-
gle attribute at a time. In the visual domain,
many low-level attributes of the picture con-
spire to generate the rich image content. Thus
many attributes need to be considered simul-
taneously for effective content-based image in-
dexing. Rather than combining different fea-
tures by fixed weights as reported in some re-
search and industrial systems [9], we propose
to combine measures by ranking each image
when ordered by relevance score in terms of
its fuzziness membership. We further com-
bine the ranks of different features with un-
equal weights to get a new similarity measure.
In addition, we introduce a learning proce-
dure to produce the optimal combination of
feature representation for effective similarity
measurement. We used a decision tree for
such a purpose. In contrast to the set-covering
[14] and decision-list [15], our decision-tree
learning strategy uses fuzzy set membership to
make decisions, not raw feature values. Con-
sequently in an interactive setting the learner

is expected to classify all training points cor-
rectly. Furthermore, we also propose an au-
tomatic bias selection method for continuous
learning so as to improve the learning ability.
As opposed to multi-strategy learning, which
selects among several fixed biases, continuous
learning adds the ability to construct new bi-
ases on the fly. A straightforward solution is
to give each feature grouping a weight which
can vary depending on the kind of problem be-
ing solved. We will use a lookup table to store
all the possible weights during the search for
the best weight function over groupings.

It should be pointed out that indexing tabu-
lar data for exact matching or range searches
in traditional databases i1s a well-understood
problem, and structures like B-trees provide
efficient access mechanisms. However, in the
context of similarity matching for visual im-
ages, traditional indexing methods may not
be appropriate. Consequently, data structures
for fast access of high-dimensional features for
spatial relationships have to be developed. As
discussed above, we introduce fuzziness mem-
bership with different weights to combine dif-
ferent feature measurements to a single en-
tity for fast image grouping. Corresponding
to the image database, a 2D matrix is used to
represent the image entities in the database,
which 1s row ordered in terms of the fuzzi-
ness membership. The classification task is
to identify candidates in the matrix which has
the minimum difference with the input sam-
ple measurement. Consequently, a fast paral-
lel searching procedure in such a matrix with
sorted rows is essential. In the work reported
in this paper, we aim to apply parallel search
and multisearch algorithms by use of trans-
portable agent in a distributed computing en-
vironment to improve efficiency.

5 Experimental Results

For a given texture image shown in Figure
2, Table 1 lists some statistical measurements
such as mean, standard deviation SDV | Skew-
ness SK EW, Entropy together with the signal
to noise ratio SN R for the comparison of the
performance at different fractional order.



Figure 2: An example image

Table 1: Statistical measurements at different fractional order

order Mean SDV Skeweness | Butropy SNR
0.0 129.91 46.65 -2.24 3.58 0.00
0.2 131.75 47.43 -2.21 3.79 22.78
0.3 136.32 50.08 -2.16 3.72 19.57
0.4 138.79 50.55 -2.18 3.90 19.28
0.5 133.48 47.87 -2.21 3.75 23.01
0.6 134.07 48.01 -2.22 3.50 23.91
0.7 134.29 48.08 -2.22 3.70 22.92
0.8 137.47 48.14 -2.22 3.81 22.91
0.9 134.68 48.20 -2.22 3.91 22.86

The advantage of use of fuzzy set for image
feature indexing is demonstrated in Figure 3
by comparing histogram distribution of the se-
lected features. For the given image shown in
Figure 2, Figure 3(a) is the gray scale distri-
bution and Figure 3(b) is the texture energy
distribution. Our test results show that the
histograms of feature distribution (e.g. tex-
tures, and shapes) provide better feature mea-
surements for indexing.
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Figure 3(a): Histogram of gray-scale distribution
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Figure 3(b): Histogram of texture energy distribution

6 Conclusion

We conclude that the selective feature ex-
traction with respect to colours, textures and
shapes proves to be powerful for image repre-
sentation. The combination of multiple simi-
larity measures using fuzzy set provides a sim-
ple measurement for image indexing. Further-
more, the parallel implementation using trans-
portable agents reduce the execution time.
Such an approach will be useful for real-time
object recognition and fast image archiving.
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