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Abstract

Three-dimensional shape searching is a problem of current interest in several different fields. Most techniques have been developed for a

particular domain and reduce a shape into a simpler shape representation. The techniques developed for a particular domain will also find

applications in other domains.

We classify and compare various 3D shape searching techniques based on their shape representations. A brief description of each

technique is provided followed by a detailed survey of the state-of-the-art. The paper concludes by identifying gaps in current shape search

techniques and identifies directions for future research.
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1. Introduction

Shape has been studied by philosophers, psychologists,

mathematicians, scientists, and engineers. For over a

century, philosophers and psychologists have tried to

understand the human visual perception (HVS) system

that recognizes three-dimensional shapes from two-dimen-

sional images picked up by the human eye [1–5]. Over the

last four decades, scientists have tried to develop Artificial

Intelligence (AI) techniques to enable computers to perform

the same functions as the HVS system [6–8]. However, the

aspects of ‘shape’ that philosophers and psychologists have

studied are not directly applicable to the engineering

domain. For example, while philosophers primarily focus

on mechanisms of shape perception by humans, engineers

make decisions based on shape-related attributes such as

manufacturability and functionality. As Koenderink [9]

suggests, ‘Things have a shape for you, the person in whose

perception the things exist. Shape depends on the percep-

tion—that is, the mode of interaction and the expectation
0010-4485//$ - see front matter q 2004 Elsevier Ltd. All rights reserved.
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(your ‘theories’ or ‘models’).’ Section 1.1 defines ‘shape’

and ‘3D shape searching’ in the context of this paper.

1.1. What is ‘shape’?

The Merriam–Webster Dictionary [10] defines the noun

shape as ‘the visible makeup characteristic of a particular item

or kind of item,’ ‘a spatial form or contour,’ and ‘a standard or

universally recognized spatial form.’ Although these descrip-

tions work for what is commonly understood by the word

shape in the English language, they are not sufficient in the

context of analysis and representation of shapes.

Marr [11] described shape as, ‘. the geometry of an

object’s physical surface. Thus, two statues of a horse, cast

from the same mold have the same shape.’ Kendall [12]

defined shape as, ‘. all the geometrical information that

remains when location, scale, and rotational effects

(Euclidean transformations) are filtered out from an object.’

However, there is no standard definition of shape. For the

purpose of this paper, we will use Kendall’s definition of

shape. ‘Three-dimensional shape searching’ refers to

determining similarities among 3D shapes from a large

database of 3D shapes.
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1.2. Motivation

Shape-based retrieval of 3D data has been an area of

research in disciplines such as computer vision [13],

mechanical engineering [14], artifact searching [15], mol-

ecular biology [16], and chemistry [17]. All the shape

searching methods reviewed in this paper have been

developed and implemented for a specific discipline.

However, most of these methods are relevant to CAD and

engineering problems. The 3D shape searching area has so far

been dominated by research in vision and computer graphics,

where researchers have extensively studied the ‘shape

matching’ problem. However, CAD and engineering appli-

cations of 3D shape searching warrant very different

considerations than the shape matching problem. For

example, domain knowledge about manufacturing processes,

cost and material selection play a very important role in the

search process. In addition to shape matching, there is a need

for development of advanced engineering applications such

as clustering and automated classification. We hope that this

paper will encourage research in combining shape and

product information for applications in CAD and

engineering.

1.3. Need for shape searching in engineering

As design personnel within companies retire, newer and

often untrained personnel with little or no knowledge of

companies’ previous design methods are being hired.

Previous search methods employing keywords have had

limited success rates since design personnel are unaware of

previous contexts, projects, and part or people’s names. As

organizations become more and more geographically

distributed, better information systems will be required to

locate and reuse corporate knowledge.

A 1994 survey reported that designers spend about 60%

of their time searching for the right information [18]. In an

paper in Scientific American, Gunn [19] estimates that ‘only

20% of the parts initially thought to require new designs

actually need them; 40% could be built from an existing

design and 40% could be created by modifying an existing

design.’ More recently, Ullman [20] estimates that more

than 75% of design activity comprises reuse of previous

design knowledge to address a new design problem.

However, physical inventories such as tooling are often

not located or not reused, resulting in significant losses.

Design and associated knowledge reuse is the key to

reducing new product development time.

Engineering design and manufacturing have progressed

extensively from 2D to 3D in the last decade. Advances in

3D graphics hardware have contributed to the widespread

use of 3D models. The use of 3D models is especially high

in net-shape manufacturing processes such as injection

molding and casting, where it is critical to visualize and

understand the part accurately before building expensive

tooling. Approximately 66% of CAD modeling in the mold
making industry was being done in 3D in 2001. This was

expected to increase to 80% in 2003 [21]. As a result, the

shapes of products and associated tooling have increased

considerably in complexity and number, contributing to a

3D model explosion.

The simplest form of searching is by keyword in

filenames, part numbers, or context attached to the CAD

model. Product Lifecycle Management (PLM) systems

allow part-name based searching of 3D models. However,

this method is not robust primarily for the following

reasons:
†
 All models will not have a well-defined attached

design/manufacturing context.
†
 Keywords such as project names or part names may be

unknown to the user.
†
 The context may be too narrow or too broad to retrieve

relevant models.
†
 The context changes with time, such as when designers

or naming conventions change.

A significant amount of knowledge generated during the

design and manufacturing phases are associated with the 3D

model because of the growing interdependence of PLM,

MRP and CAD systems. Most of this knowledge is

geometry-related (manufacturing process details) or even

geometry-dependent (analysis results). Therefore, a search

system which is capable of retrieving similar 3D models

based on their shape will also retrieve related knowledge

that cannot be discovered by other means.

This paper summarizes the state-of-the-art in 3D shape

searching and suggests future trends for applicability of this

technology to engineering. The paper is structured in the

following manner. Section 2 introduces basic terminology;

Section 3 describes the essential qualities of a shape

representation; Section 4 gives an overview of 3D shape

searching techniques. Section 5 delves in detail into state-

of-the-art. Finally, Sections 6 and 7 compare the various

techniques with respect to efficiency and effectiveness and

describe future trends.
2. Similarity metrics

Before proceeding further, it is important to define the

term ‘similar’ and how ‘similarity’ can be measured. The

Merriam–Webster Dictionary [10] defines the adjective

similar as ‘having characteristics in common: strictly

comparable’ or ‘not differing in shape but only in size or

position.’ We are more concerned with the latter part of

the definition. Typically, similarity is measured in terms

of a similarity (or dissimilarity) metric (or measure). In

database terms, similarity is quantified as a metric.

Metrics have been applied in databases to find similar

documents [22], images [23], audio [24], and movies [25].

A metric should satisfy the metric axioms [26]. Let S be a

set of objects. A metric on S is defined as the function
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d : S!S/<; which satisfies the following axioms for all

x,y,z2S.

Positivity : dðx; yÞR0 (1)

Identity : dðx; yÞ Z 05x Z y (2)

Symmetry : dðx; yÞ Z dðy; xÞ (3)

Triangle inequality : dðx; yÞCdðy; zÞRdðx; zÞ (4)

Most 3D shape representation schemes convert a shape

into a feature vector or a relational data structure (e.g.

graphs or trees). This section only describes feature vector-

based similarity metrics. For the similarity metrics based on

relational data structures such as graphs, the reader is

referred to the corresponding papers described in Section 5.

Feature vectors are represented as points in feature space in

a database. The similarity between two feature vectors is

reflected in the distance between corresponding points in

feature space. Some common distance metrics that have

been used are described below:

2.1. Lp (Minkowski) distance

The Minkowski distance metric between two points x;

y2R
N is defined as

Lpðx; yÞ Z
XN

iZ0

jxi Kyij
p

" #1=p

(5)

The Minkowski distance with pZ1 is called the Manhattan

or City-block distance, while the Minkowski distance with

pZ2 is simply the Euclidean Distance between two points.

L2ðx; yÞ Z
XN

iZ0

jxi Kyij
2

" #1=2

(6)
2.2. Hausdorff distance

The Hausdorff distance can be used to compare two

point sets of different sizes. The directed Hausdorff distance
~hðX;YÞ is the maximum over all points in point set X of the

distances to point set B and is defined as

~hðX;YÞ Z max
x2X

min
y2Y

dðx; yÞ (7)

where d(x,y) is another distance measure (e.g. Minkowski

distance).

The Hausdorff distance H(X,Y) is the larger of ~hðX;YÞ

and ~hðY ;XÞ:

HðX; YÞ Z maxf~hðX; YÞ; ~hðY ;XÞg (8)
2.3. Correlation metric

The correlation metric is also known as the cosine

metric; i.e. it gives a measure of the angle between two sets
of vectors measured from the mean. It is defined as

Cðx; yÞ Z

PN
iZ1ðxi K �xÞðyi K �yÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN

iZ1ðxi K �xÞ2
PN

iZ1ðyi K �yÞ2
q (9)

where �x and �y are the means of the two vectors and N is the

number of observations or features in each vector. The value

of C(x,y) ranges between K1 and C1.
3. Content-based retrieval

A significant amount of work has been done in the past

two decades on text-based document retrieval. The Google

search engine has become a de facto standard as a text-based

search engine. More recently content-based retrieval

systems have been developed for images, audio, and

video. Content-based retrieval systems retrieve objects

based on the integral similarity of objects. Retrieval by

integral similarity totally differentiates content-based sys-

tems from typical search systems, which retrieve objects by

some specific attributes of the objects.

Significant work has been done in the 2D shape matching

domain applied to image databases (for example, QBIC [27]

and Virage [28]). Some commonly used methods of 2D

shape matching are through the use of moments [29],

Fourier coefficients [30], curvature scale space [31], shape

contexts [32], and skeletons [33]. For a comprehensive

discussion and detailed review of content-based image

retrieval, the reader is referred to Refs. [23,34–39]. Some of

the first search systems to match 2D shapes in the

mechanical engineering domain were developed by Chung

and Kusiak [40], Berchtold and Kriegel [41] and Smith et al.

[42]. Any method employed for shape matching and

analysis reduces a shape into a simpler shape represen-

tation. Detailed reviews of various shape representation

techniques are available in Refs. [43–46]. Below we

describe the difference between a shape representation and

a shape description.

3.1. Shape representation

Marr and Nishihara [47] define a shape representation as:

‘A formal scheme for describing shape or some aspects of

shape together with rules that specify how the scheme is

applied to any particular shape. The result of using a

representation to describe a given shape is a description of

the shape in that representation. A description may specify a

shape only roughly or in fine detail.

Loncaric [43] distinguishes between a shape represen-

tation and a description in this way: ‘Shape representation

methods result in a non-numeric representation of the

original shape (e.g. a graph) so that the important

characteristics of the shape are preserved. The word

important in the above sentence typically has different

meanings for different applications. Shape description refers
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to the methods that result in a numeric descriptor of the

shape and is a step subsequent to shape representation. A

shape description method generates a shape descriptor

vector (also called a feature vector) from a given shape. The

goal of description is to uniquely characterize the shape

using its shape descriptor vector.’

Woodham [48] discriminates between shape represen-

tation and description thus: ‘The term representation is used

to identify a formalism, or language, for encoding a general

class of shapes. The term description is restricted to mean a

specific expression in the formalism that identifies an

instance of a particular shape, or class of shapes, in the

representation.’ In other words, shape description is an

instantiation of a shape representation. We will use this

definition for a shape representation.

3.2. Criteria for a shape representation

The following criteria have been commonly cited by

researchers such as Marr and Nishihara [47], Woodham

[48], Binford [49], Brady [50], Haralick et al. [51], and

Mokhtarian and Mackworth [52] regarding criteria while

formulating or evaluating a shape representation:
a.
 Scope. The shape representation must be able to describe

all classes of shapes. For example, a shape representation

designed to describe planar surfaces and junctions

between perpendicular planes would only have cubical

solids within its scope, but would be unable to describe

spherical solids or solids with curved surfaces.
b.
 Uniqueness. There should be a one-to-one mapping

between shapes and descriptions of shape within a

representation. This is particularly important because at

some point during searching, the difficult problem of

deciding whether two shape descriptors represent the

same shape would arise.
c.
 Stability. For a particular shape representation, the shape

descriptor must be stable to small changes in shape. In

other words, small changes in shape must produce small

changes in the description.
d.
 Sensitivity. The shape representation must be capable of

capturing even subtle details of the shape. This is a

contradictory condition to the stability criterion above.

These opposing conditions can only be satisfied if it is

possible to de-couple the stable information that captures

the more general and less varying properties of a shape

from information that is sensitive to the finer distinctions

between shapes [11].
e.
 Efficiency. It must be possible to efficiently compute and

compare descriptors within a shape representation from

input data. In the context of shape searching, it may

either be comparison of feature vectors or comparison of

other data structures.
f.
 Multi-scale support. The representation must describe

shape at multiple scales as a hierarchical structure.

Details are suppressed until they are required.
Further, hierarchical structures are also efficient in terms

of storage and are rich in information. The representation

should define a natural semantic segmentation and coarse

to fine levels of detail. As an example, a pinhole in a metal

casting is not significant when the task is part identifi-

cation. But it is significant in identifying defects in parts.
g.
 Local support. The representation must be information

preserving and, if required, should be able to be

computed locally. Local means the scale at which the

representation is computed. This may be essential for

detailed inspection.
4. Overview of techniques

Without being complete, we classify 3D shape searching

techniques based on shape representations into the follow-

ing categories (see Table 1):
(a) Global feature-based; (b) manufacturing feature

recognition-based; (c) graph-based; (d) histogram-

based; (e) product information-based; and (f) 3D object

recognition-based.
4.1. Global feature-based-techniques

Global feature-based methods use global properties of

the 3D model such as moments, invariants, Fourier

descriptors, and geometry ratios. Efficient ways to calculate

these features from the mesh representation of an object

were demonstrated in Ref. [53]. Key limitations with global

feature-based methods are that they fail to capture the

specific details of a shape and are not very robust, and fail to

discriminate among locally dissimilar shapes.

4.1.1. Moments

The three-dimensional moments of order pCqCr of a

3D model r(x1,x2,x3) are defined in terms of the Riemann

integral as [54]

mpqr Z

ðN

KN

ðN

KN

ðN

KN
x

p
1x

q
2xr

3rðx1; x2; x3Þdx1 dx2 dx3 (10)

It is assumed that r(x1,x2,x3) is piecewise continuous,

therefore bounded, and it is zero in R3 space except at a

finite part. The set of moments {mpqr}, p,q,rZ0,1,2.
uniquely determine the 3D model r(x1,x2,x3) and vice versa.

Other variations on these moments are found in Ref. [55].

Fig. 1 illustrates moment calculations in continuous and

discrete space (for a voxel model).

A partial yet reasonably accurate description of the 3D

model can be obtained by using some subset of moments

{mpqr} [56]. Based on moments, a number of moment

invariants can be defined that are invariant under translation,

rotation, and scaling. A small number of lower order



Table 1

Qualitative comparison of 3D shape searching techniques

Technique Shape rep-

resentation

Paper Refs. Refs. for

cost

Computational cost (*) Comparison cost (*) Multi-scale

support

Local

support

Advantages Limitations

Global fea-

ture based

Moments [87,88,93] C O(N3) where N is the

number of voxels along

each axis

O(N) where N is the number of

extracted moments

No No a. Fast computation and

comparison; b. General

Shape Classification

a. Low stability for

some classes of shapes

Spherical

harmonics

[96,97,99,

100]

C O(N3K) where N is the

number of voxels along

each axis and K is the

number of spherical

functions

O(N) where N is the number of

extracted harmonics

No No

Mfg. FR

based

Feature

relationship

graph

[102–105,

107,108]

C N/A N/A No No a. Uses manufacturing

domain knowledge

a. Same shape may have

different recognized

features

Graph

based

B-Rep

graph

[110,111] [111] None O(N0Nj!L0Lj) where N0 and

Nj are number of nodes less

the number of toroidal sur-

faces and L0 and Lj are number

of links in graphs G0 and Gj

respectively

No Yes a. Graphs contain detailed

shape information; b. Par-

tial matching possible

a. Large graph sizes

affect efficiency; b.

Similar models need not

have similar graphs

Graph

spectra

[112,

114–116]

[115] O(V3) where V is num-

ber of B-Rep graph

vertices

O(N) where N is the size of

spectra considered

No Yes

Reeb graph [67,117,

118]

[67] O(V log V) where V is

number of mesh vertices

O(M(MCN)) where M and N

are number of nodes in the two

graphs with M£N

Yes No a. Simpler representation

than B-Rep graph; b. Fast

partial matching including

local attributes possible

a. Not applicable to all

classes of shapes; b.

Choice of Reeb function

affects results signifi-

cantly

Skeletal

graph

[119–121] [121] O(N3) where N is the

number of voxels along

each axis

NP-complete in the worst case Yes Yes

Histogram

based

Shape his-

tograms

[74,124] C O(N3B) where N is the

number of voxels along

each axis and B is the

number of histogram

bins

O(B2) where B is the number

of histogram bins

No No a. Quick comparisons

possible in large databases;

b. Good method for general

shape classification

a. Large number of bins

required to accurately

describe a shape

Shape dis-

tributions

[75,126,

127]

[75] O(S log N) where S is

number of samples and

N is number of triangles

O(B) where B is the number of

histogram buckets

No No a. Different shapes can

have similar distri-

butions

Product

information

based

GT code [131–134] C N/A N/A No No a. Uses enterprise specific

domain knowledge

a. Difficult to automate

because of high depen-

dence on human inter-

vention

Section

image

[40,42,132] C N/A N/A No No a. Works well for legacy

drawings in 2D; b. Useful

for searching 3D models

from 2D drawings

a. Large amount of data

and time required for

training neural network

for complex shapes

(continued on next page)
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Fig. 1. Calculation of 3D moments in continuous and discrete space.
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moments can be used, thereby discarding the noisy and less

critical higher order moments. These lower order moments

can thereby be used as a feature vector for shapes.

4.1.2. Spherical harmonics

Spherical harmonics are a decomposition of a spherical

function by finding the Fourier transform on a sphere [57].

The theory of spherical harmonics says that any spherical

function f(q,f) can be decomposed as the sum of its

harmonics as

f ðq;fÞZ
X
lR0

X
jmj%l

almYm
l ðq;fÞ 0%q%p; 0%f%2p (11)

where alm are the Fourier coefficients and Ym
l ðq;fÞ are the

solutions to the normalized Laplace’s equation in spherical

coordinates. The spherical harmonic coefficients can be

used to reconstruct an approximation of the underlying

object at different levels. Similar to moments, a partial yet

accurate description of the part can be obtained by using a

limited subset of Fourier coefficients. Fig. 2 illustrates

spherical harmonics calculations for a CAD model.

4.1.3. Geometric parameters

Other geometric parameters and ratios such as surface

area to volume ratio, compactness (non-dimensional ratio of

the volume squared over the cube of the surface area),

crinkliness (surface area of the model divided by the

surface area of a sphere having the same volume as the

model), convex hull features, bounding box aspect ratio, and

Euler numbers are also used as shape descriptors. However,

the discriminating characteristics of these descriptors are

very limited.

4.2. Manufacturing feature recognition-based techniques

The CAD community has worked on automated feature

extraction since Kyprianou’s seminal thesis [58] on feature

extraction in 1980, much earlier than the computer graphics

community had. An automated feature recognition program

extracts instances of manufacturing features from an

engineering design done with a CAD program or solid

modeler. An extensive survey of feature recognition

techniques is available in Refs. [59,60]. Most feature

recognition techniques use a standard library of machining



Fig. 2. Illustration of the Spherical Harmonics-based representation of a 3D model.
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features. Some techniques for feature recognition are rule-

based [58], graph-based [61], and neural network-based

[62]. The shape representation for a 3D model is determined

by various properties of extracted machining features. Most

techniques are not robust in extracting features successfully

and are still a significant challenge for research.
4.3. Graph-based techniques

The topology of 3D models is an important shape

characteristic. Topology is typically represented in the form

of a relational data structure such as graphs and trees.

Subsequently, the similarity estimation problem is reduced

to a graph or tree comparison problem. While tree

comparison tends to be fast and easy compared to graph

comparison, most engineering components cannot be

represented as trees. On the other hand, graph comparison

costs increase proportionally with graph size. Topological

graphs can be matched based on exact or inexact matching

techniques. While exact matching looks for noiseless

matches between two graphs, inexact matching results in a

measure of similarity between the graphs even in the

presence of noise. However, the major advantage in

representing 3D models as topological graphs is that it

allows representation at multiple levels of detail and

facilitates matching of local geometry.

Some 3D shape matching approaches determine simi-

larity based on the boundary representation (B-Rep), which

is represented as a graph. Graph matching algorithms are

employed to determine similarity between corresponding

B-Rep graphs. However, a host of other approaches have

emerged that convert the surface representation of a 3D

model into a simpler topology preserving representation.

These include Reeb graphs, shock graphs and skeletal

graphs. All of these methods yield smaller graphs thereby

allowing faster comparisons, as compared to B-Rep graphs.

However, these representations may often be an over-

simplification of shape, leading to problems in pruning large

3D databases. Other approaches derive graph invariants

such as number of nodes and edges, degrees of nodes, and

eigenvalues (spectral graph theory) directly from the B-Rep

graph for quick shape comparison.
4.3.1. B-Rep graph matching

In the engineering domain, 3D models are often

represented as Boundary Representation (B-Reps), the

most common formats being Initial Graphics Exchange

Specification (IGES) and Standard for Exchange for Product

Data (STEP). The B-Rep format represents a shape as a

graph in terms of bounded B-Spline surfaces. The nodes of

the graph represent the set of bounding surfaces while the

edges represent the intersecting curves between correspond-

ing surfaces. These representations tend to be large and

complicated even for simple shapes, thereby posing a

challenge for graph matching algorithms. A number of

approximate algorithms based on heuristics and randomiz-

ation are often employed to determine the best match

between graphs. One approach converts the B-Rep graph

into a Model Signature Graph, which is essentially a map of

the B-Rep graph, but with different node attributes that

describe the geometric properties of the corresponding

surfaces in the manufacturing context.
4.3.2. Spectral graph theory

Spectral graph theory is a branch of mathematics that

relates the Eigenvalue spectra of the adjacency matrix of

graphs with other geometric invariants of the graph [63].

Chung [64] proposed a refined version of the graph spectra,

which is based on the Laplacian matrix of the graph and

correlates with the graph invariants better than the spectra of

the original adjacency matrix. The Laplacian of a graph G is

defined as follows

LGðu; vÞ Z

1 if u Z v and dv s0

K
1ffiffiffiffiffiffiffiffiffi

dudv

p if u and v are adjacent

0 otherwise

;

8>><
>>:

where u and v are nodes of the graph G, and di represents the

degree of node i. The graph spectra obtained for different

graphs in this manner are then compared using various

distance measures. These measures are intuitive only when

the objects to be compared have graphs of the same size.

However, when the sizes of the graphs are not the same, the

spectra have different lengths thereby making a comparison



Fig. 3. Multi-resolution Reeb graph using a Height function in 2D.
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difficult. McWherter and Regli [65] overcame this problem

by padding constant values to the smaller of the two graph

spectra to make them have the same lengths.

4.3.3. Reeb graphs

Reeb [66] defined a skeleton structure, called the Reeb

graph, which is determined using a continuous scalar

function on an object. Three types of scalar functions

have been used, namely Height function, Curvature

function, and Geodesic distance. Geodesic distance has

been used in many applications because it provides

invariance against rotation and robustness against noise

and small perturbations. The function is integrated over the

whole body to make it invariant to the starting point and is

also normalized to achieve scale invariance.

A Multi-Resolution Reeb Graph (MRG) was developed

by Hilaga et al. [67] where a 3D model is divided into a

number of levels based on the value of the scalar function. A

node of the Reeb graph represents a connected component

in a particular region, and adjacent nodes are linked by an

edge if the corresponding connected components of the

object contact each other, as shown in Fig. 3. Hence, the

MRG has the following properties: (a) It contains parent–

child relationships between nodes of adjacent levels; (b) by

repeated partitioning, the MRG converges to the original

Reeb graph as defined by Reeb (finer levels approximate
Fig. 4. Skeletal Graph based r
the object exactly); and (c) an MRG of a certain level

implicitly contains all the information about the coarser

levels. For example, in Fig. 3(c), the node S1 contains the

information about S4 and S5 and the node S0 in Fig. 3(a)

contains the information about the nodes S1, S2, and S3 as

shown in Fig. 3(b). The larger shaded regions in Fig. 3(c)

correspond to the children of nodes S1, S2, and S3,

respectively.

4.3.4. Skeletal graphs

Skeletal graph-based techniques compute the ‘skeleton’

for a model and convert it into a skeletal graph as its shape

descriptor. The concept of a skeleton was proposed by Blum

[68]. A skeleton in 2D is the medial axis, while in 3D it is

the medial surface. Skeletonization can be performed by

various methods such as distance transform [69], thinning

[70], or Voronoi-based methods [71]. Additionally, curve

skeletonization [72] methods have been proposed to convert

a 3D model into a medial axis type representation. The

skeletal graph (Fig. 4) stores the various entities obtained

after skeletonization in a graph data structure. Advantages

of skeletal graph-based methods are that the graphs are

topology preserving and are smaller in size than B-Rep

graphs. Hence, they can be used for subgraph isomorphism

at a very low computational cost. Additionally, local part

attributes can be stored for a more accurate comparison. It is
epresentation of shape.



Fig. 5. Space partitioning techniques for generating shape histograms.
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important to note that many engineering shapes are not

amenable to skeletonization by thinning.

4.4. Histogram-based techniques

Histogram-based techniques sample points on the surface

of the 3D model and extract characteristics from the

sampled points. These characteristics are organized in the

form of histograms or distributions representing their

frequency of occurrence. Similarity is determined by a

comparison of histograms by means of a distance function.

The accuracy and effectiveness of histogram-based tech-

niques depend on the number of sampled points. A larger

number of sampled points result in higher accuracy.

However, the efficiency is inversely related to the number

of sampled points.

4.4.1. Shape histograms

Shape histograms evolved from the section coding

technique developed for retrieving 2D polygons described

in Ref. [73]. Shape histograms [74] are based on a

partitioning of space in which 3D models reside. The

complete space is decomposed into disjoint cells, which

correspond to the bins of the histograms. As a preprocessing

step, 3D models are made invariant to translation by moving

the origin to the centroid. Three techniques are suggested for

space partitioning—a shell model, a sector model, and a

spiderweb model as a combination of the former two. Fig. 5

illustrates these space partitioning techniques.
a.
 Shell model. The space is decomposed into concentric

shells around the center point. This representation is

independent of rotation. Any rotation of the 3D model

around the center point of the model results in the same

histogram.
Fig. 6. Geometry based shape functions
b.
for
Sector model. The space is decomposed into sectors that

emerge from the center point of the model. This

representation closely matches the section coding

technique for 2D shapes. Computation of sector

histograms is a complicated task and it makes use of

vertices of regular polyhedrons and their recursive

refinements on a sphere. Once the points are uniformly

distributed, the Voronoi diagram of the points defines an

appropriate decomposition of space.
c.
 Spiderweb model. The spiderweb model represents more

detailed information and has higher dimensionality than

the above two models. Since the resolution of the

decomposition is a parameter, the number of dimensions

can be tailored for a particular application.
4.4.2. Shape distributions

Shape distributions represent the shape signature as a

probability distribution sampled from a shape function

measuring the geometric properties of a 3D model [75].

Selection of the shape function (Fig. 6) is the primary step in

this technique.

Fig. 6 illustrates typical geometry-based shape functions

as explained below:
A3:
ge
Measures the angle among three random points on the

surface of a 3D model.
D1:
 Measures the distance between a fixed point and one

random point on the surface.
D2:
 Measures the distance between two random points on

the surface.
D3:
 Measures the square root of the area of the triangle

among three random points on the surface.
D4:
 Measures the cube root of the volume of the

tetrahedron among four random points on the surface.
nerating shape distributions.



Fig. 7. Example of a Group Technology code for a sheet metal component.
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4.5. Product information-based techniques

The techniques encompassing product information-based

systems are specifically designed for the domain of

engineering parts. Part designs are described either based

on their manufacturing attributes or on their geometry.

While group technology-based representation schemes

address both these issues, they require the user to describe

the shape of the part based on its drawing. On the other

hand, 2D section image-based methods try to eliminate user

input to a large extent by classifying the parts based on their

2D image attributes. Image processing techniques along

with neural networks have been used to compare and cluster

parts based on their silhouette images.
4.5.1. Group technology (GT)

Group technology [76] coding and classification schemes

attempt to capture design and manufacturing attributes such

as the main shape and size features of the product, production

quality, and material. Additionally, the manufacturing

information may also include a part-machine assignment

matrix, which describes the process planning information. All

the attributes described above are either a binary number or a

numeric value, thereby resulting in a string of features as seen

in Fig. 7. Part similarities are determined based on string

matching techniques. GT coding schemes provide a systema-

tic way of representing product information. However, GT

codes often have to be generated manually or interactively by

answering a series of questions and applying appropriate

coding rules. This is a slow and inconsistent procedure and is

prone to human error. An extensive amount of user interaction

between the designer and the system has been the main reason

for the marginal success in mechanical engineering of this

approach to similarity-based retrieval of parts.
4.5.2. Section image-based

Section image-based techniques rely on the 2D silhouette

representation of parts or their sections to determine
similarity. In this approach, the boundary of the part section

image is represented using a binary pixel matrix (binary

image), while image processing techniques are used to

compare them. In particular, the contour of the silhouette

can be converted into a set of Fourier descriptors, which are

affine-invariant descriptors of the silhouette shape. The

similarity between different parts is determined by compar-

ing the binary images or their Fourier descriptors through

the use of a neural network [77]. Both GT and section

image-based approaches are only suitable for extruded

shapes that have relatively constant cross-sections or shapes

that can be described with only a few features. The

increasing complexity of engineering designs does not

allow descriptions based on such a predefined set of

geometric features and may also result in ambiguous

representations.
4.6. 3D object recognition-based techniques

Three-dimensional object recognition techniques have

been studied extensively by the computer vision commu-

nity. Many methods have been developed for 3D object

recognition. Some of them are based on aspect graphs

[78–80], extended Gaussian images [81], superquadrics

[82], spin images [83,84], and geometric hashing [85].

Extensive reviews of 3D object recognition techniques are

available in Refs. [45,46,86]. We present three methods that

have been used for detecting shape similarity from a

database of models.
4.6.1. Aspect graph

The aspect graph representation [78,79] identifies

regions of the viewing sphere where equivalent views and

neighborhood relations on the viewing sphere generate a

graphical structure of views. Each node of the aspect graph

represents a ‘general view’ or ‘aspect’ of the 3D object and a

maximally connected region on the viewing sphere. Each

link represents some view even where transitions occur



Fig. 8. Multiple 2D views or ‘aspects’ of a 3D model are extracted and the corresponding aspect graphs are used to match 3D objects.
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between two neighboring views, namely, the accidental

views. Cyr and Kimia [80] use two shape similarity metrics,

one based on curve matching and the other based on shock

graph matching, and conclude that the latter is more suited

for generating aspects and for recognition. The recognition

of an unknown view is done by matching it with stored

prototypes for each object and by ordering them according

to the shape similarity metric (Fig. 8). The resulting match

gives the identity of the object as well as its pose. It may,

however, be noted that pose estimation is not as important

for engineering design similarity problem as it is for

machine vision. It is also important to note that aspect

graph-based shape similarity approach has only been

applied to multi-media databases, but never tested for

engineering shapes.

4.6.2. Extended gaussian images (EGI)

Horn [81] discussed the use of extended Gaussian images

(EGI) for object recognition and object attitude determi-

nation. Depth maps or needle maps (surface-normal

direction maps) computed for real-world scenes are

processed to create an orientation histogram for the visible

half of the Gaussian sphere in presegmented objects.

Because the extended Gaussian image uniquely determines

the convex polyhedra, this technique appears to be ideal for

convex object recognition without occlusions. Non-convex

objects are handled in general by creating a separate

orientation histogram for every view in a discrete set of

views and matching against this enlarged data structure.

Although occlusion is not a common problem in

CAD/engineering applications, many engineering parts are

non-convex.

4.6.3. Geometric hashing

In this technique, originated by Lamdam and Wolfson

[85], a 3D object is parsed into basic geometric features

such as surface points. From the points set, a set of basis

points are chosen and the coordinates of all the remaining

points with respect to that basis are calculated and are then
stored in a histogram for each coordinate set. This is

repeated for all basis combinations, and the resulting

histogram is stored in a hash table. This is called geometric

hashing. The objects are indexed based on the hashing and,

in turn, used for matching with the query model. The bin

that receives the highest number of votes for the query

model indicates the set of models that is similar to the query

model.
5. State-of-the-art

Most 3D shape searching methods have a preprocessing

stage before conversion into a shape representation. The

most common preprocessing stage is a conversion into a

canonical representation, which is invariant to rotation,

translation, and scaling. From here on, this is referred to as

normalization.

5.1. Global feature-based techniques

The 3dbase system was developed by Cybenko et al.

[87]. After normalization, a series of feature vectors are

extracted, namely, second order moment invariants, spheri-

cal-kernel moment invariants, bounding box dimensions,

the object centroid, and surface area. The correlation metric

is used as the similarity measure.

Elad et al. [88] used moments of 3D objects as the feature

vector. They suggested that moments up to order 4–7 are

usually sufficient to represent the object. Before computing

moments for objects, a normalization process is performed.

The similarity measure is a weighted Euclidean distance

between feature vectors. The system uses a Support Vector

Machine (SVM)-based algorithm to learn from the user’s

relevance feedback and adjusts the weights to compensate

for the user’s similarity notion.

Rea et al. [89] used geometric ratios such as compact-

ness, crinkliness, the number of facets, surface area to

volume, and the number of holes (using Euler’s equation for
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faceted objects). Additional shape signatures such as convex

hull compactness and crinkliness were also used in

Ref. [90]. The Euclidean distance measure was used as

the similarity metric. A database of 101 shapes from a

family of similar shapes was generated randomly using the

ACIS modeler scheme. The search engine results were

compared with the human perception of similarity. The

prototype of the search system can be found at http://www.

shapesearch.net. Other search systems based on global

features are described in Refs. [91–95].

Vranic and Saupe [96,97] developed a 3D shape

descriptor based on spherical harmonics. The Fourier

transform on the shape uses spherical harmonic functions

to represent any spherical function. Feature vectors are

extracted from the normalized model using spherical

Fourier coefficients. These harmonic coefficients can be

used to reconstruct an approximation of the underlying

object at different levels. A nearest neighbor search is used

to find the most similar models. The prototype of the search

system can be found at http://merkur01.inf.uni-konstanz.de/

CCCC/. The precision-recall diagrams show that the method

using spherical harmonics performed better than moments.

Related techniques [98] used Extended Gaussian Images as

a starting point to generate a spherical harmonic expansion.

A harmonic-based representation was developed by

Kazhdan et al. [99,100]. In this method, a model is

voxelized into a 64!64!64 grid and aligned such that its

center of mass is at the center of the voxel grid, and its

bounding sphere has radius 32. The voxel grid is decom-

posed into 32 different functions by restricting the voxel

grid to spheres with radii 1–32. Each function is decom-

posed into 16 spherical harmonic components analogous to

a Fourier decomposition into different frequencies. Thus,

each model is represented by a 32!16 signature. The

Euclidean distance metric is used to compare two

harmonic representations. Ohbuchi et al. [101] proposed a

technique that uses a rotation invariant Fourier descriptor

of depth images for a 3D model. Forty-two depth

images were generated for a 3D model at regular intervals

on a unit sphere.

5.2. Manufacturing feature recognition-based techniques

Ramesh et al. [102] developed a feature recognition-

based technique to identify similarities between parts. The

part domain is limited to parts having planar and cylindrical

surfaces. A maximal cell convex decomposition method is

proposed as an approximation to a unique decomposition.

Once the decomposition is obtained, the cells are mapped to

an editable library of machining features following a series

of rules, possibly with user interaction. Next, part

characteristics that capture the spatial and dimensional

relationships among features are derived. Seven character-

istics are defined: feature existence, feature count, feature

direction, feature size, directional distribution, size distri-

bution, and relative orientation. Feature existence
determines the existence of particular features on a part,

which in turn determines the variety of operations for

machining the part. Feature count is a measure of the

number of instances of a feature on the part. Feature

direction is a measure of the number of machining setups

required for the part. Feature size reflects the number of

tools required to machine each feature type on the part.

Directional distribution is relevant to the number of

operations that can be performed in the same setup. Size

distribution is relevant to the number of operations

performed by the same tool. Relative orientation is a

measure of the number of setups in general. The similarity

measure between two parts is the summation of similarity

with respect to each characteristic.

Cicirello and Regli [103,104] used a graph-based

approach to assess the similarity of solid models. The

approach starts with mapping the solid model to a set of

STEP AP 224 machining features. Feature extraction is

carried out using the FBMach System developed by

AlliedSignal. Then a model dependency graph (MDG) for

the set of features is constructed. The MDG is a

representation of the design features and interdependencies

of those design features of a CAD model [105]. It is a

directed acyclic graph where the nodes represent design

features, and the edges between nodes represent spatial

dependency between features. The direction of the edges

represents the order in which the design features were

applied during the design phase. However, the similarity

between two models is assessed by computing the size of the

largest common subgraph (LCS) of the corresponding

undirected model dependency graphs (UMDG). Since the

LCS problem is NP-complete, a heuristic method was

developed to compute the LCS. A variant of iterative

improvement search (hill-climbing/gradient descent) was

used. Additionally, domain knowledge (holes map to holes,

etc.) and auxiliary constraints (vertex degree, size, and

location) were used to refine and narrow down the search

space. However, a major limitation is that the MDG for a

model is not unique because features can be constructed in

different ways and orders [106].

The approach developed in Ref. [107] uses a graph-based

approach to similarity assessment. A design signature is a

graph structure where nodes represent various attributes of

the design, and edges represent various relationships

between attributes. The attributes may be different depend-

ing on the problem at hand. The concepts of equivalence

hierarchy and classification trees are introduced. An

equivalence relationship between two designs is the

similarity between two designs with respect to an attribute.

An equivalence hierarchy is a set of equivalence relations

that make progressively more detailed distinctions between

designs. A classification tree uses the equivalence hierarchy

to construct a tree structure where the similarity between

two designs is the depth of their deepest common ancestor.

As an example, a prototype system for classifying machined

parts is discussed. The nodes of the design signature

http://mathworld.wolfram.com/
http://mathworld.wolfram.com/
http://mathworld.wolfram.com/
http://mathworld.wolfram.com/
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represent machining features, while edges represent

relationships between features. The equivalence relation-

ship between two designs is graph isomorphism between

their design signatures.

An approach to search a database of 2 1/2-D components

is discussed in Ref. [108]. Spatial interactions between

features are represented by a place vocabulary. The place

vocabulary consists of a graph where nodes represent shape

features, while edges represent feature interactions. Mul-

tiple feature interactions are represented by an envisionment

(a forest of trees representing all potential interpretations for

a component). The information in the place vocabulary and

envisionment is combined into a unique maximal feature

subgraph representation (MFSG) for every model in the

database. The MFSG consists only of maximal features that

cannot be subsumed by other features. Similarity between

two models is then reduced to matching blocks of the

maximal subgraph of the query component to the maximal

subgraph of components in the database. A related approach

is found in Ref. [109].

5.3. Graph-based techniques

5.3.1. B-Rep graph matching

El-Mehalawi and Miller [110] used the attributed graph

matching approach to compare CAD models of engineering

parts in the STEP format. The models are converted from

the STEP format to attributed graphs whose nodes contain

geometric attributes that represent the surfaces of the STEP

model. The graph matching process and the experimental

results are described by El-Mehalawi and Miller [111]. The

paper takes an inexact graph matching approach that avoids

the combinatorial problems associated with exact matching.

Similarity measures are generated using an inexact graph

matching algorithm based on integer programming. How-

ever, most of the models tested in the paper have small sizes

and moderate complexity. Two parts with surfaces on the

order of 200 were also compared with success. However, the

times taken for comparisons have not been presented. While

topological graph matching based on the original detailed

representation is a good approach for similarity determi-

nation, it becomes unworkable for large and complicated

models.

5.3.2. Spectral graph theory

McWherter et al. [112] made use of a specialized graph

structure called the Model Signature Graph (MSG) con-

structed from the B-Rep representation [113]. MSGs are

essentially attributed graphs with the vertices representing

the faces of the model and the vertex attributes describing the

qualities of the face. These attributes include type of surface

(flat, curved, etc.), relative size, topological identifier of the

faces (planar, conical, etc.), underlying geometric represen-

tation of the surfaces (type of function), the surface area, and

a set of surface normals or aspects for the face. Similarly,

edges between surfaces are described with attributes such as
their topological identifiers, concavity/convexity, geometric

representation, and the length of the curve.

Peabody et al. [114] also used the frequency histograms

of these attributes in comparing two models. The type

histogram for a given solid model essentially represents the

frequency of the 13 types of surfaces and eight types of

curves found in the ACIS solid modeler. The MSG

essentially is as complex in topology as the original B-

Rep structure. Various graph properties extracted from

MSGs, such as vertex and edge counts, maximum,

minimum, mean, mode, and standard deviation of vertex

degrees, as well as graph diameter, are also used to compare

similarities between models. In addition, McWherter et al.

[115] employed spectral graph theory to describe the

topology of the MSGs. The distance between graph spectra

is called Eigen distance. The Type Histogram together with

all the graph invariants is referred to as the Invariant

Topology Vector (or ITV), which has 33 features. Similar

models are conjectured to have similar ITVs and, hence, the

distance between ITVs provides an approximate measure of

the similarity between models. The distance measures are

calculated based on the L2 norm. Variable-size graphs are

dealt with by ‘truncating’ the Eigenvalue spectrum or

‘padding’ it with a set of constant values (of 0.0, 1.0 or 2.0)

in order to maintain a constant size of the Eigenvalue array

for all models. However, it is important to note that the

adjacency matrix of the MSG represents certain properties,

which cannot be completely captured by the Eigenvalues.

This method is suitable for complicated graph structures,

which are not amenable to graph matching algorithms that

are at best NP-hard.

McWherter et al. [116] provided a method for comparing

the substructure of the solid models. The approach consists

of partitioning the MSG into two or more subgraphs by

removing the edges that cross the partitions with the aim of

separating the highly connected components. Partitioning is

continued iteratively while also indexing the Eigenvalues of

each of the components at each stage. This is a step towards

obtaining refined similarity measures that describe a solid

model in terms of its local properties. However, optimal

partitioning of the graph is again an NP-hard problem.

While the similarity metrics used in these papers can be

computationally fast and seem very useful for pruning the

search space in large databases, the metrics do not seem to

be satisfactory in producing refined similarity measures that

can finely distinguish 3D models.

5.3.3. Reeb graphs

Hilaga et al. [67] used Multi-resolution Reeb Graphs

(MRGs) for representing the topology of 3D shapes as an

extension of the original Reeb graphs. Due to the high

computational costs of calculating the integral of geodesic

distance, they used Dijkstra’s algorithm to evaluate an

approximate value.

For topology comparison, the similarity between nodes is

estimated based on the similarity of the node attributes,



Fig. 9. An illustration of the rank of a voxel during dilation.
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while a coarse-to-fine strategy is adopted for topological

correspondence comparison. The coarse-to-fine strategy is

believed to help avoid the combinatorial explosion of the

topology matching. Experiments were performed on 230

models where the searching took on an average 12 s for each

model, thereby leading to 0.05 s per similarity

measurement.

Chen and Ouhyoung [117] extended the MRG approach

proposed by Hilaga et al. to handle practical parts. The

claim was that the original MRG-based method needed

some modifications for accurate determination of the search

key. To achieve this objective, the paper recommends

adequate preprocessing by resampling the original triangu-

lated models to split large triangles into smaller triangles

before determining the MRGs. A database of 445 models

was used for testing the system. The search system is

implemented and demonstrated on their website at http://

3dsite.dhs.org/~dynamic. The paper reported the average

time for comparing two models as 0.08 s, compared to the

0.05 s reported by Hilaga et al. The extra computation time

may be attributed to the extra costs of preprocessing the

models for better accuracy.

Bespalov et al. [118] applied the MRG-based approach

for a large number of engineering parts. They, however,

reported that small variations in topology produced

significantly different similarity between models. The

MRGs were also found to be sensitive to the surface

connectivity of the VRML models, thereby producing

spurious entities.

In summary, the MRG-based approach has the following

advantages: (a) it works for non-orientable, non-closed, and

non-manifold surfaces; (b) it is position, orientation, and

scale independent; (c) it considers local and topological

similarity while comparing the 3D objects; and (d) it adopts

a hierarchical strategy to reduce the search space through

multiple levels of resolution. Major limitations of an MRG-

based approach are the following: (a) it is affected by

surface connectivity; (b) it is more sensitive to geometry

than topology; (c) it is not amenable to sub-graph matching;

(d) it does not always represent the skeleton; and (e) it

produces vertices of different density. Chen and Ouhyoung

[117] concluded that using a hierarchical medial axis-based

method would be more useful in overcoming some of these

problems, while Bespalov et al. [118] recommended using

better scalar functions that also take into account the

topology of the object.

5.3.4. Skeletal graph-based techniques

Sundar et al. [119] presented a skeletal graph-based

method using distance transform. The skeletonization

method thins the volumes to a desired threshold based

upon a thinness parameter given by the user. A family of

different skeletal voxels is each thinner than its parent. The

thinness parameter for a voxel is the difference in value of

the distance transform at the voxel and the mean distance

transform values of its 26-neighbors. Once the skeletal
voxels are generated, they are converted into a directed

acyclic graph by applying the minimum spanning tree

algorithm. A topological signature vector is also stored for

each graph similar to Ref. [112]. The graph isomorphism

algorithm is reformulated to find the maximum cardinality,

minimum weight matching in a bipartite graph. A recursive

depth-first search is applied in order to preserve the

hierarchical structure of the graph. Two measures of

similarity are calculated—topological and local shape

similarity. Local shape similarity is calculated by matching

the radial distribution of the distance field values at each

node in the graph. A database of 100 models was used for

testing both global and local similarities.

Iyer et al. [120] and Lou et al. [121] used thinning as the

skeletonization method. A 3D model is converted into a

voxel model and then into a thinned skeleton. The thinned

skeleton is converted into a skeletal graph through a

skeleton marching algorithm. The skeletal graph consists

of nodes, edges, and loops. Each edge in the skeleton

translates into an independent geometric entity, while each

loop represents a hole in the 3D model, thereby giving a

shape to the model in physical space. Skeletal graphs

preserve the geometry and topology of the model and are

considerably smaller than the B-Rep graphs and insensitive

to minor perturbations in shape. Additionally, feature

vectors such as moment invariants, geometry and voxeliza-

tion parameters, and graph parameters are stored in the

database. The search process consists of feature-vector

searching as well as skeletal graph-based searching. A

database of 150 models was used to test similarities between

models. However, thinning does not yield intuitive

skeletons for many engineering components, especially for

shell-like parts. In order to overcome the disadvantages of

the skeleton-based approach, they also describe a multi-step

search approach that uses both global feature vectors and the

skeletal graphs in different steps.

Kim et al. [122] presented a method for reducing 3D

solid models into skeleton graphs based on medial axis

transform and dilation. Triangulated models of the objects

are initially voxelized with certain resolution, and skeletons

are obtained based on the rank of the voxels in the model.

The rank of a voxel is defined as the number of layers of

voxels surrounding it. For example, in Fig. 9, pixel A has a

rank of 0, while pixel B has a rank of 1. Hence, the skeleton

http://mathworld.wolfram.com/
http://mathworld.wolfram.com/
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of this image consists of pixels A and B. These pixels are

called nodes. For each pixel in the skeleton, k dilations are

performed around a pixel with rank k, starting with the

pixels having highest rank K. Dilations are then performed

successively for all pixels in the skeleton thereby recon-

structing the object. However, care is taken not to dilate any

node pixels of lower rank that are already a part of the

dilations of a pixel with higher rank. This method is directly

extended to 3D voxel models. The graph is finally obtained

by the union of nodes for which dilation was performed.

Each node now holds information on all the voxels that were

formed during dilation and its own rank. If two nodes have

common voxels then the voxels are assigned to the node

with a higher degree while performing the union operation.

In order to reduce the size of the graph, a method is

presented to merge nodes based on a threshold rank and size

of the nodes. Experiments on a few models are presented

showing a considerable decrease in the size of the graphs.

The above method is prone to problems with voxeliza-

tion resolution. Different graphs may be produced by

varying the resolution during voxelization. To remedy this

problem, if the same resolution is applied to all models, the

graphs generated may not reflect the perception of the user.

Nagasaka et al. [123] converted a 3D model into a voxel

model and subsequently converted it into a line skeleton

based on distance transform. A distance measure, DS,

denoting the distance of a voxel from the surface, is defined

for all the voxels in the model. The voxels with the

maximum DS values constitute the skeleton and are defined

by three types of geometries, lines, circular rings, and

triangles. These skeletons are linked to each other with or

without distance for connected and disconnected skeletons,

respectively. Each skeleton is associated with a set of nine

attributes including the DS distribution, volume, and link

strength. The similarities among 36 casting workpieces are

compared based on their skeletons, where each skeleton is

represented as a tree with 126 leaves. A back-propagation-

based neural network is trained using these attributes to

classify the objects into a set of three distinct groups (called

master data objects). All the other models in the database are

classified into one of these three groups. Although some of

the models have reasonable similarity estimates, others have

similarity estimates that are counter-intuitive.

5.4. Histogram/distribution-based techniques

Ankerst et al. [74] used shape histograms in searching for

3D protein structures. Before the computing of shape

histograms, models are normalized with respect to translation

and rotation. Then a Principle Axes Transform is performed

on the model. The Euclidean distance function neglects any

relationship between vector components and, hence, a

quadratic distance function isused inorder to detect similarity

of histograms. However, this leads to increased dimension-

ality. In order to achieve good efficiency, a multi-step query

processing paradigm is followed. An index-based filter step
produces a set of candidates, and a subsequent refinement step

performs the expensive exact evaluation of candidates. A

multi-dimensional index structure is used to minimize the

number of accessed index pages.

A similar search technique for mechanical parts using

histograms was proposed in Ref. [124]. As a preprocessing

step, the models are normalized into a canonical form and

voxelized. The 3D space is divided into axis parallel

equisized partitions. Each of these partitions is assigned to

one or several bins in a histogram depending on the specific

similarity model. By scaling the number of partitions, the

dimensionality of the feature vector is controlled. However,

there is a tradeoff between dimensionality and accuracy of

representation.

A variation on histogram-based techniques was proposed

in Ref. [125], where shapes are matched using 3D shape

contexts. Shape contexts were first proposed for 2D shapes

in Ref. [32]. A shape is represented as a discrete set of points

sampled from the internal or external contours on the shape.

For a point, the relative coordinates of the remaining points

are computed as a distribution. This histogram is known as

the shape context.

Osada et al. [126] used shape distributions for the

comparison of 3D models. The D2 shape function as

described in Section 4.4.2 was chosen for computation since

it was found to be robust and efficient. Additionally, it is

invariant to translation and rotation.

Having calculated the distances between random points,

the distances are normalized using the mean distance. The

shape distribution is a 1D probability distribution that

measures the frequency of occurrence of distances within a

specified range of distance values. The dissimilarity between

two 3D models is calculated using various distance measures

such as Minkowski LN norms. The prototype of their search

engine can be found at http://shape.cs.princeton.edu/.

A similar approach was used in Ref. [127] to compare

solid models of mechanical parts. The D2 shape function

[75] was used and shape distributions are generated.

However, the shape distribution for a part is split into

three separate distributions. The first distribution (IN) is

calculated for all pairs of points where the line connecting

them lies inside the model. The second distribution (OUT)

considers pairs of points where the line connecting them lies

outside the model. The third distribution (MIXED) is

calculated for all pairs of points where the line connecting

them passes both inside and outside the model. The

dissimilarity between models is calculated similar to

Ref. [126].

Ohbuchi et al. proposed another variation of the

technique in Ref. [128]. Two 2D histograms Angle-Distance

(AD) and Absolute Angle-Distance (AAD) were calculated

based on the D2 shape function [75]. The AD histogram was

constructed by measuring both the distance between a pair

of points and the angle formed by the surfaces on which the

pair of points are located. The AD distribution performs

well for models that have properly oriented surfaces with

http://mathworld.wolfram.com/
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a consistent representation. The AAD histogram was

calculated for models that have unoriented or inconsistently

oriented surfaces. The AAD histogram calculates the

absolute value of the inner product to increase robustness.

It was found that the AD and AAD histograms outperformed

the method described in Ref. [126]. Ohbuchi et al. [129] also

proposed a related method that generated AAD histograms

for an Alpha Shape [130] of a 3D model.

5.5. Product information-based techniques

5.5.1. Group technology

A system for exchanging of product information between

designers and manufacturing service providers over the

Internet in a distributed setting was developed by Kalyana-

pasupathy et al. [131]. As part of this system, a distributed

GT code generation system was developed and is claimed to

be useful for comparing similarity between parts.

The GT code generation system requires the user to

answer many questions regarding the main attributes of each

part indexed in the system.

Iyer and Nagi [132,133] conducted experiments on a

randomly generated database of parts. The objective was to

develop a design decision support system allowing a

designer to assess the manufacturability of a new design

and to select optimal partners to contribute to the realization

of the design by evaluating the cost, quality, cycle time, etc.

The paper adopted a two-pronged approach to finding

similar parts using the GT Code. In the first part, the user

submits a query about the number of attributes that are

based on the GT Code of the part. This specifies the search

intent of the user, in addition to which the user must specify

a desired level of similarity. The system returns parts with

similar attributes, subsequently being input to the next

module, which sorts the retrieved parts based on their

critical design information.

Hermann et al. [134] developed design similarity

measures in the context of variant process planning. They

require a user to define the process plan similarity measure

and select the process plan attributes. Subsequently, the user

must also define a mapping function between the design

attributes and the process plan attributes. The design

attributes are the geometric attributes in the GT Code of

the design. Finally, the user also needs to define the design

similarity measure between two designs based on their

design attributes. This approach makes the following

assumptions: (a) the user can (at least approximately)

estimate the process plan for a new design; (b) there is one-

to-one mapping from the design and the process plan

(excludes alternate plans); and (c) the user must be able to

correlate between the design attributes and the process plan

attributes. The implicit assumptions here are that the user is

a part of manufacturing and process planning, rather than

design. Therefore, this approach is not relevant for the early

design process where a designer would be expected to

perform cost estimation for new designs.
5.5.2. Section image-based

Back-propagation-based Artificial Neural Networks

(ANNs) were used by Chung and Kusiak [40] for grouping

engineering parts based on their part geometry. The geometry

of a standard part is described in terms of a vector representing

the binary image of the envelope (shape). The ANN takes this

part geometry expressed as a vector for binary values as the

inputandclassifies it intooneoffivepredefinedclasses.All the

parts used in this study were binarized into images of standard

size (12!16 pixels). The network was trained with five

different parts and tested with 15 parts that were generated by

distorting these five parts. However, most of the parts

considered here are prismatic and simple, making the

approach difficult to generalize. It is also difficult to ‘reason

out’ with neural networks with regards to the classification.

LeeandFischer [135]used thegeometryof thepartsaswell

as their process routing data for grouping parts based on their

GT Code. Their approach for representing the geometry is

based on the similarity invariant Fourier description of the

two-dimensional image of the parts. The process routing data

such as machine-part matrix, process times, size of the part,

etc. are also obtained for the same part, and a complete vector

of all the features (geometry and process data) is used for

training and testing a Fuzzy ART-based neural network. The

Neural Network is designed to classify test images to one of

nine different training classes provided while training based

on 13 input attributes (five geometry and eight manufacturing

process features).

Smith et al. [42] also used an ART-based neural network to

classify parts into groups using the GT coding scheme. Pixels

from the 2D silhouette images of parts are used as input for

training the neural network. However, the representation

proposed in Ref. [42] is richer than simple silhouettes.

Important geometric information such as positions of holes

and bend-lines are separated before being fed into the neural

network. In addition to 2D silhouette based representations,

3D voxel-based representations were also proposed. How-

ever, the process becomes complicated and unmanageable

even for small number of parts in 3D. Therefore, the authors

propose using the coefficients of the geometric equations for

the facets of the 3D model as the parameters to the neural

network. Therefore, each facet of the 3D model is represented

as a point in 4D space where each dimension represents the

coefficientsof the facet.Theauthors report that this systemhas

been implemented in the Boeing Company as part of the

Neural Information Retrieval System (NIRS) for design

retrieval.

5.6. 3D object recognition-based techniques

5.6.1. Aspect graph

Cyr and Kimia [80] used aspect graphs to assess the

similarity between 3D models. The object recognition

scheme itself has been used in generating the aspects so as

to reduce the indexing of the objects in the database.

A shock graph-based shape similarity metric was used.
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The shock graph-based metric is more sensitive to the

view changes in the adjacent views than the curve

matching-based metric. Adjacent views are clustered in,

thus generating the aspect using a seeded region growing

technique, which satisfies the local monotonicity and

object specific distinctiveness of the aspect view criteria.

After the aspects have been generated, the comparison of

two 3D models is done by matching the 2D aspect views.

The results presented are based on a database of 18

objects.
5.6.2. Extended gaussian images (EGI)

Shum et al. [136] proposed a variant of the EGI. Each

polyhedral 3D surface object without holes is represented

using the local curvature distribution over a deformed

tessellated sphere, similar to the Gaussian sphere. The

tessellated sphere is iteratively deformed to coincide with

the nodes of the sphere and the original data set. The

similarity metric is defined as a distance function on the

sphere. The distance between two shapes can be computed

in time O(n2), where n is the number of nodes. The results

based on experiments with nine freeform shapes are

presented using the L2 metric. This approach is valid only

for shapes with topology genus zero.
5.6.3. Geometric hashing

Leibowitz et al. [137] used geometric hashing for

comparing protein molecules for multiple structural align-

ment and core detection in an ensemble of protein

molecules. The 3D object consists of the set of data points

pertaining to the atomic coordinates here. It was observed

that the geometric hashing implementation is memory

intensive. Wolfson and Rigoustos [138] described the 3D

implementation aspects of the geometric hashing algorithm.

Gueziec et al. [139] discussed the use of geometric hashing

in 3D medical image registration, where the crest lines in

images are the main geometric features used for hashing.
6. Discussion

Global feature-based methods while being computa-

tionally efficient are unable to discriminate among

dissimilar shapes. Manufacturing feature recognition-

based methods do not decompose shapes uniquely.

Additionally, they may require human intervention.

Topological graph-based techniques are intractable for

large graphs because of the high complexity of graph/

subgraph matching problems. Skeletal graph-based

methods are not applicable to all kinds of shapes.

Histogram-based methods have a tradeoff between

computational cost and number of sampled points.

Sampling a lower number of points leads to very low

accuracy. Product information-based techniques are not

robust or require extensive human input. Three-dimen-

sional object recognition techniques have been tested for
limited shapes and have high storage/computational costs.

In summary, each technique has its own advantages and

limitations. The choice of technique depends on the type

of shape being searched and the level of discriminating

power required by the application. As an example, if the

application requires classification of shapes, global object

features could be used. If the application requires

detection of local dissimilarities among relatively similar

shapes, techniques that allow local support such as

topological graph-based or skeletal graph-based

techniques can be used. Table 1 summarizes the

advantages and limitations of all the 3D shape searching

methods described above.

All the above techniques have only been implemented in

a research setting and have undergone limited testing.

Additionally, there are very limited performance criteria

and databases for 3D shape search techniques. Hence, it is

difficult to quantitatively compare or evaluate these

techniques.

A large body of work has been done in the information

retrieval (IR) area to evaluate information retrieval systems

[140–142]. System efficiency and search effectiveness are

two criteria extensively used by IR researchers for

quantitative comparison of search techniques.

6.1. System efficiency

System efficiency is composed of representation effi-

ciency and database retrieval (comparison) efficiency. We

summarize the computational and comparison costs for some

shape-based search techniques in Table 1. For some

techniques such as feature recognition and section image-

based techniques, it is difficult to determine algorithmic

complexity. Nevertheless, for the sake of completeness, we

have presented complexities for those algorithms that have

been analyzed in literature. It is important to note that this is

not a comprehensive study of algorithmic complexity of all

techniques. Additionally, there are many variations of the

same approach leading to different computational costs. For

such approaches, we have used the computational costs

presented by the earliest study.

6.2. Search effectiveness

Search effectiveness is defined as the ability of a search

technique to retrieve a maximum number of relevant shapes

within a limited number of retrieved shapes. Search

effectiveness has been used extensively by Information

Retrieval researchers. However, computation of effective-

ness requires a substantially large dataset of standard

documents against which one can perform measurements.

The ideal search system would have the maximum possible

effectiveness, i.e. all relevant models are retrieved and all

retrieved models are relevant. However, in practice, this is

not possible because high-level shape content is described by

low-level descriptors in the database, which cannot fully



Table 2

Measures of search effectiveness

Precision TP/(TPCFP)

Recall TP/(TPCFN)

Sensitivity TP/(TPCFN)

Specificity TN/(TNCFP)
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capture the shape. The terminologies which will be used in

assessing search effectiveness are described in Table 2 [143].
a.
 True Positives (TP)—the number of relevant results

retrieved
b.
 False Positives (FP)—the number of irrelevant results

retrieved
c.
 True Negatives (TN)—the number of irrelevant results

not retrieved
d.
 False Negatives (FN)—the number of relevant results not

retrieved.

Search effectiveness can be quantified collectively by

Precision/Recall curves [143] or the Receiver-Operating

Characteristic (ROC) curve [144] of the search system.

ROC curves plot specificity at a range of sensitivities. An

example of a Precision/Recall curve for some 3D shape

searching methods has been described in Ref. [145].
7. Future trends

We believe that the 3D shape searching area is still in its

nascent stages. Some important issues that need to be

addressed are:
a.
 Applications for 3D shape search. 3D shape search lends

itself to a variety of real-world engineering applications.

For example, diverse applications have been proposed in

literature such as clustering similar 3D models [114,

121], range queries [65], nearest neighbor queries [115,

121,146,147] and automated model classification [148].

Current research does not consider domain knowledge in

engineering in application development. Domain knowl-

edge coupled with shape-based techniques will be

imperative for widespread use of 3D shape search

systems. Additionally, to make it easier for industries

to implement such systems, tight integration with

CAD/CAM/PLM systems will be necessary.
b.
 Application-driven benchmark databases. Three-dimen-

sional shape searching is being applied in diverse areas

such as mechanical engineering, bio-informatics, medi-

cal imaging, and computer vision. Applications in these

areas are driven by different requirements and con-

straints. A critical need for evaluating various search

techniques is the development of benchmark databases

for various application domains. Two such benchmark

databases are the Princeton Shape Benchmark (http://

shape.cs.princeton.edu/benchmark/) and the National

Design Repository (http://www.designrepository.org),
both of which have datasets for download [149,150]. For

applicability of shape search techniques to engineering

databases, comparative studies need to be performed

using standard datasets consisting of real-world engin-

eered components. Since users of 3D shape search

systems are likely to be from different engineering

departments, standard datasets must reflect the percep-

tion of different users. For example, while a designer

might think that two components are similar, a

manufacturing engineer might suggest two totally

different manufacturing processes for them.
c.
 Improving search effectiveness. Relevance feedback

techniques reduce the semantic gap between the user’s

notion of similarity and the system notion of similarity

and improve search effectiveness [88,151–153]. Simi-

larity is a subjective measure and differs from user to user.

The shape representation and corresponding similarity

measure should be customizable. This can be accom-

plished using hierarchical or multi-step search strategies

[146,147]. Effectiveness can also be enhanced by

developing interfaces that help the user compose queries

that accurately represent the user’s intent or by develop-

ing active learning strategies for automatic annotation

[154]. Currently, a large gap exists between engineering

and research in the psychological sciences. Studies done

by cognitive psychologists will be useful in under-

standing user intent thereby improving search effective-

ness. For example, Corney et al. [90] used human input to

optimize parameters for improving search performance.
d.
 Better shape representations. Shape representations

should be designed keeping in mind the human

perception of shape/similarity [3,11]. Interdisciplinary

research with cognitive sciences will help yield better

shape representations.
e.
 Increasing efficiency. System efficiency can be increased

by using parallel or distributed computing methods for

computer intensive tasks. Depending on the application,

it may be more desirable to obtain a quick, information-

preserving shape representation than a time-consuming,

exact shape representation. However, it is also undesir-

able to obtain an oversimplified shape representation.

Database efficiency can be increased by the use of

appropriate indexing methods.

Three-dimensional shape searching is receiving a lot of

interest from researchers worldwide. We are optimistic that

a feasible shape search system will drive newer applications

in the future.
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[17] Bruno IJ, Kemp NM, Artymiuk PJ, Willett P. Representation and

searching of carbohydrate structures using graph-theoretic tech-

niques. Carbohydrate Res 1997;304:61–7.

[18] Leizerowicz W, Lin J, Fox MS. Collaborative design using WWW

Proceedings of the WET-ICE’96, CERC, University of West

Virginia 1996.

[19] Gunn TG. The mechanization of design and manufacturing. Sci Am

1982;247(3):86–108.

[20] Ullman DG. The mechanical design process, 2nd ed. New York:

McGraw-Hill; 1997.

[21] Christman A. It’s all about the geometry Moldmaking technology

magazine, May 2001. PA: Communication technologies; 2001.

[22] Brin S, Page L. The anatomy of a large scale hypertextual web search

engine. Proceedings of the Seventh International World Wide Web

Conference (WWW7), vol. 30 1998 p. 107–17.

[23] Castelli V, Bergman L. Image databases: search and retrieval of

digital imagery. New York: Wiley; 2001.

[24] Foote J. An overview of audio information retrieval. ACM

Multimedia Syst 1999;7(1):2–11.
[25] Veltkamp RC, Burkhardt H, Kriegel H-P. State-of-the-art in content-

based image and video retrieval. Dordrecht: Kluwer Academic

Publishers; 2001.

[26] Copson ET. Metric spaces. UK: Cambridge University Press; 1968.

[27] Faloutsos C, Equitz W, Flickner M, Niblack W, Perkovic D,

Barber R. Efficient and effective querying by image content. J Intell

Inf Syst 1994;3:231–62.

[28] Bach JR, Fuller C, Gupta A, Hampapur A, Horowitz B, Humphrey R,

Jain R, Shu C. Virage image search engine: an open framework for

image management Proceedings of the SPIE Storage and Retrieval

for Image and Video Databases, vol. 2670 1996 p. 76–87.

[29] Hu MK. Visual pattern recognition by moment invariants. IRE Trans

Inf Theor 1962;8(2):179–87.

[30] Persoon E, Fu KS. Shape discrimination using Fourier descriptors.

IEEE Trans Syst, Man Cybern 1977;7:170–9.

[31] Mokhtarian F, Abbasi S, Kittler J. Efficient and robust retrieval by

shape content through curvature scale space. In: Image Databases and

Multi-Media Search, Proceedings of the First International Workshop

IDB-MMS’96, Amsterdam, The Netherlands 1996 p. 35–42.

[32] Belongie S, Malik J, Puzicha J. Shape matching and object

recognition using shape contexts. IEEE Trans Pattern Anal Mach

Intell 2002;24(4):509–22.

[33] Liu T-L, Geiger D. Approximate tree matching and shape similarity.

Proceedings of the Seventh International Conference on Computer

Vision 1999 p. 456–62.

[34] Tamura H, Yokoya N. Image database systems: a survey. Pattern

Recogn 1984;17(1):29–43.

[35] Gudivada VN, Raghavan VV. Content-based image retrieval

systems. Computer 1995;28(9):18–22.

[36] Jain R. Infoscopes: multimedia information systems. In: Furht B,

editor. Multimedia systems and techniques. Dordrecht: Kluwer

Academic Publishers; 1996. p. 217–53.

[37] Veltkamp RC, Hagedoorn M. State-of-the-art in shape matching. In:

Lew M, editor. Principles of visual information retrieval. Berlin:

Springer; 2001. p. 87–119.

[38] Veltkamp RC, Tanase M. Content-based image retrieval systems: a

survey. Technical Report UU-CS-2000-34. Netherlands: Utrecht

University; 2000.

[39] Special Issue on Digital Libraries. IEEE Trans Pattern Anal Mach

Intell. 1996:18(8).

[40] Chung Y, Kusiak A. Grouping parts with a neural network. SME

J Manuf Syst 1994;13(4):262–75.

[41] Berchtold S, Kriegel HP. S3: similarity search in CAD database

systems. Proc SIGMOD’97 1997;97:564–7.

[42] Smith S, Escobedo R, Anderson M, Caudell T. A deployed

engineering design retrieval system using neural networks. IEEE

Trans Neural Netw 1997;8(4):847–51.

[43] Loncaric S. A survey of shape analysis techniques. Pattern Recogn

1998;31(8):983–1001.

[44] Besl PJ, Jain RC. Three-dimensional object recognition. Artif Intell

1985;17(1):75–145.

[45] Alt H, Guibas LJ. Discrete geometric shapes: matching, interpolation,

and approximation: a survey. Technical Report B 96-11, EVL-1996-

142. Berlin: Institute of Computer Science, Freie Universität; 1996.

[46] Arman F, Aggarwal JK. Model-based object recognition in dense-

range images—a review. ACM Comput Surv 1993;25(1):5–43.

[47] Marr D, Nishihara HK. Representation and Recognition of the

Spatial Organization of Three-dimensional Shapes. Proc R Soc Lond

B 1978;200(1140):269–94.

[48] Woodham RJ. Stable representation of shape. In: Pylyshyn Z, editor.

Computational processes in human vision. New Jersey: Norwood;

1987.

[49] Binford TO. Survey of model-based image analysis systems. Int

J Robot Res 1982;1(1):18–64.

[50] Brady M. Criteria for representations of shape. In: Beck J, Hope B,

Rosenfeld A, editors. Human and machine vision. London:

Academic Press; 1983. p. 39–84.

http://mathworld.wolfram.com/


N. Iyer et al. / Computer-Aided Design 37 (2005) 509–530528
[51] Haralick RM, Mackworth AK, Tanimoto SL. Computer vision

update. In: Barr A, Cohen PR, Feigenbaum EA, editors. Handbook of

artificial intelligence. Addison-Wesley; 1989. p. 519–82.

[52] Mokhtarian F, Mackworth AK. A theory of multiscale curvature-

based shape representation for planar curves. IEEE Trans Pattern

Anal Mach Intell 1992;14(8):789–805.

[53] Zhang C, Chen T. Efficient feature extraction for 2D/3D objects in

mesh representation IEEE International Conference on Image

Processing (ICIP 2001), Thessaloniki, Greece 2001.

[54] Sadjadi FA, Hall EL. Three-dimensional moment invariants. IEEE

Trans Pattern Anal Mach Intell 1980;2(2):127–36.

[55] Khotanzad A, Hong YH. Invariant image recognition by Zernike

moments. IEEE Trans Pattern Anal Mach Intell 1990;12(5):489–97.

[56] Duda RM, Hart PE. Pattern classification and scene analysis. New

York: Wiley; 1973.

[57] http://mathworld.wolfram.com/

[58] Kyprianou L. Shape classification in computer-aided design. PhD

dissertation. UK: Cambridge University; 1980.

[59] Regli WC. A survey of automated feature recognition techniques.

Technical Report, SRC-TR92-18. The Institute for Systems

Research, University of Maryland and Harvard University; 1992.

[60] Henderson MR, Srinath G, Stage R, Walker K, Regli W. Boundary

representation-based feature identification. In: Shah J, editor.

Advances in feature based manufacturing. Amsterdam: Elsevier–

North Holland Publishers; 1993.

[61] Joshi S, Chang T-C. Graph-based heuristics for recognition of

machined features from a 3D solid model. Comput-Aided Des 1988;

20(2):58–66.

[62] Prabhakar S. An experiment on the use of neural nets in form feature

recognition. MS Thesis. Tempe, AZ: Arizona State University; 1990.

[63] Cvetkovic D, Doob M, Sachs H. Spectra of graphs. New York:

Academic Press; 1979.

[64] Chung FR. Spectral graph theory: American Mathematical Society;

1997.

[65] McWherter D, Regli WC. An approach to indexing databases of

solid models. Technical Report DU-MCS-01-02. Philadelphia, PA:

Drexel University; 2001.

[66] Reeb G. Sur les Points Singuliers d’une Forme de Pfaff Complete-

ment Integrable ou d’une Fonction Numerique (On the singular

points of a completely integrable Pfaff form or of a numerical

function). Comptes Randus Acad Sci Paris 1946;222:847–9.

[67] Hilaga M, Shinagawa Y, Kohmura T, Kunii TL. Topology matching

for fully automatic similarity estimation of 3D shapes. In:

SIGGRAPH.: ACM Press; 2001 p. 203–12.

[68] Blum H. A transformation for extracting new descriptors of shape.

In: Dunn E, editor. Models for the perception of speech and visual

form, Cambridge, MA, 1967. p. 362–80.

[69] Borgefors G. Distance transformations in arbitrary dimensions.

Comput Vis, Graph, Image Process 1984;27:321–45.

[70] Lam L, Lee SW, Suen CY. Thinning methodologies: a comprehen-

sive survey. IEEE Trans Pattern Anal Mach Intell 1992;14(9):

869–85.

[71] Ogniewicz RL, Kubler O. Hierarchical voronoi skeletons. Pattern

Recogn 1995;28(3):343–59.

[72] Sanniti di Baja G, Svensson S. A new shape descriptor for surfaces in

3D images. Pattern Recogn Lett 2002;23(6):703–11.

[73] Berchtold S, Keim DA, Kriegel H-P. Section Coding: Ein Verfahren
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[125] Körtgen M, Park G-J, Novotni M, Klein R. 3D shape matching with

3D shape contexts. In: Proceedings of the Seventh Central European

Seminar on Computer Graphics, Budmerice, Slovakia 2003.

[126] Osada R, Funkhouser T, Chazelle B, Dobkin D. Matching 3D models

with shape distributions. In: Proceedings of Shape Modelling

International, Genova, Italy 2001 p. 154–166.

[127] Ip CY, Lapadat D, Sieger L, Regli WC. Using shape distributions to

compare solid models. Proceedings of ACM Symposium on Solid

Modeling and Applications 2002;273–80.

[128] Ohbuchi R, Minamitani T, Takei T. Shape similarity search of 3D

models by using enhanced shape functions Proceedings of Theory

and Practice in Computer Graphics 2003, Birmingham, UK 2003.

[129] Ohbuchi R, Takei T. Shape-similarity comparison of 3D shapes

using alpha shapes. Proceedings of Pacific Graphics, Canmore,

Canada 2003 p. 293–302.

[130] Edelsbrunner H, Mücke E. Three-dimensional alpha shapes. ACM

Trans Graph 1994;13(1):43–72.

[131] Kalyanapasupathy V, Lin E, Minis I. Group technology code

generation over the internet ETC97/CIE-4290, 1997 ASME Design

Engineering Technical Conferences, September 14–17, 1997,

Sacramento, CA 1997.

[132] Iyer S, Nagi R. Identification and ranking of similar parts in agile

manufacturing. In: Proceedings of the Fourth Industrial Engineering

Research Conference 1995.

[133] Iyer S. Identification and ranking of similar parts in agile

manufacturing. MS Thesis. Buffalo, NY: SUNY; 1995.

[134] Hermann JW, Singh G. Design similarity measures for process

planning and design evaluation. Technical Research Report, TR97-

74. College Park MD: Institute of Systems Research, University of

Maryland; 1997.

[135] Lee SY, Fischer GW. Grouping parts based on geometrical shapes

and manufacturing attributes using a neural network. J Intell Manuf

1999;10(2):199–209.

[136] Shum H, Hebert M, Ikeuchi K. On 3D shape similarity. In:

Proceedings of IEEE Conference on Computer Vision and Pattern

Recognition 1996, p. 526–31.

[137] Leibowitz N, Fligelman ZY, Nussinov R, Wolfson HJ. Multiple

structural alignment and core detection by geometric hashing In:

Proceedings of the Seventh International Conference on Intelligent

Systems in Molecular Biology, Heidelberg, Germany 1999 p. 169–77.

[138] Wolfson H, Rigoutsos I. Geometric hashing: an overview. IEEE

Comput Sci Eng 1997;4(4):10–21.
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