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Abstract

The main aim of this paper is to present methods
and strategies improving the performance of feature-
based shape similarity retrieval systems.

First we provide a framework for measuring the
performance of shape similarity retrieval systems.
The concepts of relevance and redundancy are used
to select optimal feature subsets and to assess which
features are most important to shape similarity re-
trieval. The most important features seem to be fea-
tures with a high-level abstract interpretation.

The methods have been implemented and tested
in a system for retrieval of Computer Aided Design
(CAD) drawings of aluminium sections called the
DieFinder, yielding significant improvement.
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mance, features, relevance, redundancy

1 Introduction

When data mining large databases with images or
drawings of objects, there is a need to search for
objects with similar or resembling shapes [1]. Our
interest in this field is inspired by a problem within
the aluminium industry where a large database of
Computer Aided Design (CAD) drawings of alu-
minium sections should be made searchable [2].

Exact shape similarity under a simple geometric
transformation was solved over 2000 years ago by
the ancient Greeks, but approximate shape similar-
ity is still a difficult problem to solve [3], see fig. 1.
In this paper we report the results of a dr.scient the-
sis recently submitted on the subject of improving
the performance of shape similarity retrieval sys-
tems [4].

Feature descriptions can be computed automat-
ically for large image databases provided that we
have robust and accurate implementations of the
feature extractors [5]. Retrieval is fast even for huge
image databases, but we still lack an understanding
of which features are most important for retrieval
performance.
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2 Measuring the performance
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the first paper we discuss how to evaluate the
performance of different shape similarity retrieval
methods

.1 Motivatio

To\enable systematic improvement of some compu-
tatidpal method one must be akle to measure the
perforthance of that computational method. Ac-
cordin@\ to recent cover papers the issye of com-
paring rent shape similarity retrieval methods
and syst has mainly been neglected in the re-
search co nity due to the subjective charact
of such co isons [3, 7]. In shape similarity rg-
trieval the c on measure is relevance feedbdck
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3 Selecting feature subsets The degree of partial redundidncy can be m

and distance measures for sured by the multiple corr¢latign coefficient |
The two definitiond are used to selagt feature s

shape similarity retrieval sets and distance measures|for shape similarity

trieval. We use forward sele¢tion, |backward elimi

In the second paper we discuss how to select a dis- tion, hybrid methods and stiochastic| methods st
tance metric and identify the most important shape as genetic algorithms and simulated annealing.

features for shape similarity retrieval [10].

3.1 Motivation
Redundant and irrelevant features are frequently J}[ h G W :

encountered for many applications since it is easy
to compute many features. In a feature-based shape
similarity retrieval system, we wish to select a rela-
tively small subset of features with optimal perfor- |
mance. We also want to select an optimal metric, M % % y
since it influences the performance. These are diffi-
cult tasks since the combinatorial problem of select- -
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g Ieature subsets 1s mcreasing exponentially with

the number of available features. Recent cover pa-
pers have stated that there is lack of papers testing %
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problems [11].

3.2 Methodology

We have introduced the concepts of relevance and
redundancy with respect to shape similarity re-
trieval and have applied these to select optimal rel-
evant and non-redundant feature subsets. Our def-
inition of relevance differs from recent papers on
relevance [12, 13].

Definition 1 (Relevance to retrieval) Let F' be
the complete set of features {fi},—, and let g({
be the performance of shape similarity retrieval with
respect to a feature subset {f}. A feat 18
to
if the retrieval performance g(F) > g(F\{f:}) . A
feature f; is to simz’la ity retrieval
if it is possible to remove a subset of the fe
from F such that f; becomes stron

éct optimal
[14], but are
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a linear fung 2 . 7+ C F\{fi}) of a




4 Which shape features are
most important for shape
similarity retrieval?

In the third paper we assess which individual shape
features are best suited for shape similarity retrieval
[16].

4.1 Motivation

It is easy to compute a large number of features
from well-defined shapes, the literature on feature
extractors is enormous, see e.g. [5, 17]. It is how-
ever an unsolved issue in shape similarity retrieval
which features are really important for retrieval per-
formance. There is an obvious need to assess the
individual features in a shape similarity retrieval.

4.2 Methodology

First, we provide a hierarchy of requirements to each
individual feature. Necessary requirements are in-
variance, global scope, indexability and computabil-
ity. To assess the individual features we have fo-
cused on the objective requirements of relevance,
redundancy, independence and statistical orthogo-
nality. We present a much longer list of wanted
requirements, but most of them are not evaluated
in the paper.
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Figure 4: Query result for a building section

(ALG0109)

4.3 Results

110 different shape features have been assessed us-
ing redundancy and relevance as the objective mea-

sures. We are able to eliminate many features using
covers to measure the redundancy of each feature.
Features with high-level abstract interpretations are
most relevant to the task of shape similarity re-
trieval.

The 12 most important features for our applica-
tion are rectangularity (area and perimeter frac-
tion), diameter, circularity (area fraction), area,
perimeter, U-shape, length of fins, thickness (ab-
solute and ratio), area of holes and number of fins.
We would like to stress that other features may be
important for other applications.

5 Conclusion
The major contributions in the dr.scient thesis are:

e A framework for measuring the perfor-
mance of shape similarity retrieval meth-
ods based on human perception of similarity,
application-specific information and the math-
ematical representation has been established

[6].

e We have defined the two concepts of relevance
and redundancy with respect to shape simi-
larity retrieval. This approach is new within
shape similarity retrieval. We have used these
two concepts to select optimal feature sub-
sets containing those features which are most
important to shape similarity retrieval. We
have showed empirically that we can reduce
a large feature set with many redundant and
a few irrelevant features by 80 % and at the
same time increase retrieval performance sig-
nificantly [10].

e We have assessed the importance of individ-
ual shape features with respect to shape sim-
ilarity retrieval by the relevance and redun-
dancy of the individual features [16].

In addition some minor contributions have been
achieved that are not reported here.

e A robust method for computing geometric mo-
ments from polygons have been described and
we have proved that some commonly used
methods are sensitive to the slope of the in-
dividual line segments in a polygon [18].

e We have presented a new method for measuring
complexity of non-fractal objects based on the
divider-step method which is commonly used to
estimate the fractal dimension of fractal objects

19].



The methods have been implemented and tested
in a system for retrieval of Computer Aided Design
(CAD) drawings of aluminium sections called the
DieFinder, yielding significant improvement [4].
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