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Chapter 1

In tro duction

Large databasesof 3-dimensional (3D) data are becoming available on the Internet, and in various do-

mains such asComputer Aided Design(CAD), Molecular Biology (3D Protein Models), Computer Graphics,

Medicine and Archeology.

Recent advances in laser scanning technology made it easier to reconstruct geometrically precise 3D

models of objects. Stanford University's Digital Michelangelo1 and Digital Formae Urbis Romae 2 projects

are examples of such attempts to create archives of cultural heritage. Laser scanning is also helpful in

generating realistic 3D models of human headsand bodies to be used in �lm industry and animation.

Other kinds of domain speci�c archives are also available. For example, National Design Repository

is an online database of CAD models 3 and Protein Data Bank4 is an online database of 3D biological

macromoleculestructures. HUGO 5 is an anatomical 3D volume and surfacedata set basedon the Visible

Human Project. 6

As the number and variety of the 3D models continue to grow there has been an increasing interest in

applications to help peoplenavigate through theselarge databases.Searching for a model in a large database

1http://www.graphics.stanf ord .edu /da ta/m ich
2http://www.formaurbis.sta nfo rd.e du/ inde x.h tml
3http://edge.mcs.drexel.ed u/r eposito ry/f rameset .ht ml
4http://www.rcsb.org/pdb
5http://www.viewtec.ch/med div /hug o_e.htm l
6http://www.nlm.nih.gov/re search/ vis ible /vi sibl e_human.ht ml
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of 3D models is not an easy task. Even though each model might have a �le name or other textual data

associated with it, most of the time such information will not be enough to fully describe what the model

actually is. Instead of trying to label a model, a better approach is to let the model speak for itself, namely,

using the content rather than the user assignedsubjective textual information about the model.

3D models of most real life objects can be discriminated by their color, texture and shape information.

Color and texture would not be useful for somekinds of models, such as the 3D Protein Models. Therefore,

shape is the lowest common denominator in describing 3D data.

We all have an idea about the concept of shape but there is no universal de�nition. The most commonly

cited de�nitions are the following :

� Merriam-Webster Dictionary 7

Shape(noun) :

1. The visible makeup characteristic of a particular item or kind of item.

2. A spatial form of contour.

3. A standard or universally recognizedspatial form.

� Kendall's de�nition [KDTH99 ]

Shape is all the geometrical information that remains when location, scaleand rotational e�ects are

�ltered out from the object.

Kendall's de�nition suggeststhat shapeof an object is invariant to similarit y transformations, for example,

the 3D model of a car, shouldbeconsideredasthe sameshape, even if it is rotated, scaledor movedto another

location. Given two models, the intuitiv e way to determine if they are similar is to �nd correspondences

between these two models and align them accordingly. The degreeof alignment in the end would give an

idea about the similarit y of the shapes. This is known as the shape registration problem and a well-known

method has been intro duced by Besl and McKay [BM92]. The main application area of this technique is

to align multiple views (e.g., 3D point clouds) of the samemodel for 3D model reconstruction. It is not an

e�cien t method for the purposeof 3D model retrieval in large databases.
7http://www.w- m.com
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The approach in today's research on 3D model retrieval is to describe the model in a compact manner

(either as feature vectors or structural descriptions like graphs) and compare these compact descriptions

instead of the models themselves. Sinceshape should be invariant to rotation, translation and scaling either

the descriptions should be invariant to thesetransformations or the whole databaseof 3D models should be

put into a canonical coordinate system before any similarit y matching can be done. This is known as the

posenormalization problem.

This report presents a survey of the emerging �eld of content based3D shape retrieval. As we already

established that shape is the lowest common denominator to describe the 3D data, we use the terms 3D

shape, 3D model and 3D object interchangibly. Likewise, in literature, the phrases3D Model Retrieval or

3D Model Search Engine refer to the sameresearch area.

Tangelderand Veltkamp from Utrecht University, Netherlands evaluate the shape retrieval methods with

respect to several aspectssuch asthe ways shapesare represented, similarit y/dissimilarit y measures,retrieval

performance,abilit y to perform partial matching, robustnessand posenormalization requirements [TV04].

Iyer et al. from Purdue University, School of Mechanical Engineering give an overview of shape searching

techniques including CAD speci�c methods as well [ILJ + 04]. Another survey that explains some of the

existing techniques is given by Atmosukarto and Naval from National University of Singapore [AN03]. Also

a Siggraph2004courseon 3D shape retrieval has been given by Funkhouser and Kazhdan from Princeton

University, Department of Computer Science[FK04].

The organization of this document is as follows:

Chapter 2 givesan overview of 3D shape representation techniques. As there are di�eren t ways of 3D

shape reconstruction(laserscanning,stereovision basedreconstruction, structure from motion), or modeling

(for exampleCAD tools), ways to organizethesedata in digital environment di�er as well. Representations

for static and dynamic models (articulated or deformable) are presented but the rest of this report reviews

the similarit y and matching methods for static shapesonly.

Chapter 3 covers shape similarit y and matching concepts.

Chapter 4 surveys di�eren t ways to describe the 3D shapes for the purposeof similarit y matching and
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model retrieval. The methods are divided into two main categories: they either make use of the 3D model

directly(mo del based)or work on a number of 2D projections of the 3D model (view based). Model based

methods can be either purely geometric, structural or a combination of geometric and structural properties

of the shapes. Geometric methods generateeither global or local descriptions of the shapes.

Chapter 5 presents the structure of a general3D shape search engineand describesthe function of each

subsystem.

Chapter 6 givesan overview of 3D shape retrieval performancemeasuresand related issuesthat a�ect

the performance.
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Chapter 2

Represen ting 3D Shapes in Digital

World

Replicating the objects of the real world in digital environment hasalways beenan interesting task for many

applications. The quality of these models were limited by the capacity of the hardware and the software.

Recent advancesin hardware let peoplevisualize and manipulate complex models easily. Modern scanning

technologiesalso made it possibleto generategeometrically precisemodels of objects. Besidesthe advances

in hardware, modeling software (e.g., CAD tools) becamemore sophisticated with a lot more capabilities.

Sincethere are various ways of creating models of objects, the techniques to represent the data in digital

environment vary aswell. This chapter will give a brief overview of thesetechniques. As we have mentioned

earlier, these are the representations of the shapes of the objects, therefore texture or color (photometric

data) are not covered here.

This chapter will mainly cover the methods to represent the 3D models that would be usedas input data

in a 3D shape retrieval system. Someof these representations are more commonly available than others,

mostly becauseof the reasonsrelated to the nature of the model generation process.

In a digital world, the primary task with a 3D model is to visualize it. Sometimes,it may be required to
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edit the model. The main concern is e�ciency in storing and displaying the models. Di�eren t tasks would

require di�eren t kinds of representations. For example, if the task is to recognizethe objects in a scene,

we might not need very detailed models of the objects. An overview of 3D model reconstruction, object

recognition and related techniques are beyond the scope of this report. Someof the related literature on

thesetechniquesare by Campbell and Flynn [CF01], Jain and Dorai [JD00], Bennamounand Mamic [BM02]

and Pope [Pop94].

The shapes are divided into two main categories: static shapes and dynamic shapes. Static shapes are

rigid shapes that do not changein time by deformation or articulation. For example,model of a co�ee cup

is a static shape, and the human face is a dynamic shape since its shape changeswhile speaking, smiling

and so on. This report focuseson the shape retrieval techniquesfor the static shapes,therefore the dynamic

shape representations are going to be brie
y mentioned only.

2.1 Static Shapes

There are two di�eren t paradigms in representing the objects : model based(object centered) or view based

(viewer centered) methods. Model based methods directly make use of the 3D data, while view based

methods store a number of 2D projections of the 3D model.

2.1.1 Mo del Based Represen tations

A 3D shape can be represented in di�eren t levels of abstraction. The �rst level is as a set of points in

3D space,this representation will be just raw data therefore it lacks a structure, but would be enough for

visualization purposes.In 2D images,this corresponds to the pixels.

The secondlevel of abstraction is the boundary of the shape, in the caseof 3D shapes, the boundaries

are surfaces.In 2D this corresponds to curves.

The third level of abstraction is to think of the shape in terms of the volume it occupies. In the caseof

2D shapes, this corresponds to the area.
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2.1.1.1 Poin t Based Represen tations

� Poin t Clouds

De�nition A point cloud is de�ned as a set of points P = f p1 ; p2 ; :::; pN g where P� R 3 and

p i = (x i ; yi ; zi )T .

Figure 2.1: 2D snaphotsof two point clouds (Stanford Bunny and a CAD model)

� Range Images

Rangeimagesare similar to intensity imagesin the sensethey capture the shape from onepoint of view,

but instead of the color information the pixel values carry the depth (or distance from the camera)

information.

Figure 2.2: Angel image from Ohio State University (intensity and range images)
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This represenation is generally used in 3D model reconstruction where multiple range images of an

object are merged. This is an application of 3D shape registration.

In range images the encoding of depth(distance) may vary depending on the processthat generates

the images. For example, in �gure 2.2, 1 the further away the objects from the camera, the darker the

corresponding pixel valuesare. The opposite is true for the range image given in �gure 2.3. 2

Figure 2.3: Polyhedral objects from USF RangeImage Database(rangeand intensity images)

2.1.1.2 Surface Represen tations

A 3D shape can be represented in terms of its outer surfaces,just as a 2D shape can be represented based

on its boundaries. This section will cover the mathematical models to represent the shapesas surfaces.

� Polygon Soups

This type of representation is generally usedby computer aided modeling tools. They are also called

polygon soup models sincethe polygons might not be totally connectedto cover a solid. In 3D model

retrieval literature theseare consideredill-de�ned models. A large number of 3D models available on

the Internet are polygon soups.

1http://marathon.csee.usf. edu/ran ge/ DataBase.ht ml
2http://sampl.eng.ohio- st ate. edu/~sa mpl/dat a/3 DDB/RID/min olt a/an gel .069 9/i ndex.ht ml
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Figure 2.4: A CAD model as polygon soup

� Polygon Meshes

Polygon meshis a very popular representation for 3D models becauseof its simplicit y.

De�nition A polygon mesh3D model is de�ned by a pair of ordered lists:

M = < P; V >

where V = f v1 ; v2 ; :::; vN g is the list of vertices and vn = (xn ; yn ; zn )T , P = f p1 ; p2 ; :::; pR g is the

list of planar polygons and p r = (vn ;1 ; vn ;2 ; :::; vn ;k r ). kr is the number of vertices in polygon p r . If

k = 3 for all p r then the mesh is called a triangle mesh.

Figure 2.5: A polygon meshmodel of the Calcaneusfoot bone (from [CF01])
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� Parametric Forms

De�nition A genericparametric form for a 3D surfaceis given as follows:

S(u; v) =

2

6
6
6
6
6
6
4

x = f (u; v)

y = g(u; v)

z = h(u; v)

3

7
7
7
7
7
7
5

where u and v are the parametric variables. A 3D surfaceis generatedfrom the Cartesian product of

two curves. A nonuniform rational B-spline (NURBS) is one type of parametric form which is de�ned

as follows:

S(u; v) =
X

i

X

j

B h
i;j N i;k (u); M i;l (v)

where N and M are B-spline basis functions of order k and l . B h
i;j are the homogenouscoordinates of

the control points.

Parametric forms are useful in initial model speci�cation from which a polygon mesh representations

can be generated[CF01].

Figure 2.6: A curved NURBS shown as a mesh(from [CF01])

12



� Sub division Surfaces

The idea behind subdivision surfacesas it is described by Zorin and Schroeder [ZS99] is prett y simple:

Subdivision de�nes a smooth curve or surfaceas the limit of a sequenceof successive

re�nements.

The following �gure shows how a detailed surface is generated using a coarserepresentation. Each

triangle in the left mesh is divided into four triangles according a subdivision rule, the result is the

model in the middle. The rightmost model is generated from the middle one repeating the same

process.

Figure 2.7: Subdivision Surface(from [ZS99])

Subdivision surfacesare very useful representations in modeling and animation since they capture

multiple levels of resolution of a model. Details on thesetechniquescan be found in [ZS99].

� Implicit Surfaces

De�nition A 3D surfacecan be de�ned implicitly as the zero-setof an arbitrary function f as follows:

S = f (x; y; z)jf (x; y; z) = 0g

13



The following �gure shows a model generatedby the equation

f (x; y; z) = 2x4 � 3x2y2 + 3y4 � 3y2z2 � 2x3z + 6z4 � 1 = 0

Figure 2.8: Implicit surface(from [CF01])

� Sup erquadrics

De�nition A superquadric (S) is a closedsurfacespannedby a vector in which x; y; z are speci�ed as

functions of the angles� and ! using a spherical product of two 2D parameterizedcurves.

A Superellipsoid is one type of superquadric which has the parametric form:

S(� ; ! ) =

2

6
6
6
6
6
6
4

x(� ; ! )

y(� ; ! )

z(� ; ! )

3

7
7
7
7
7
7
5

=

2

6
6
6
6
6
6
4

a1cos� 1 (� )cos� 2 (! )

a2cos� 1 (� )sin � 2 (! )

a3sin � 1 (� )

3

7
7
7
7
7
7
5

; �
�
2

� � �
�
2

; � � � ! � �

S(x; y; z) =

" �

( x
a1

)
2

� 1 + ( y
a2

)
2

� 2

� � 2
� 1

+ ( z
a3

)
2

� 1

#� 1

= 0

where (a1; a2; a3)T is a scaling vector and � 1,� 2 represent the degreeof squarenessin latitude and

longitude planes.
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Superquadrics can model a variety of free-form objects with the addition of special operations like

tapering, twisting or bending. The following �gure shows a deformed superquadric which is tapered

along the z axis then twisted about the z axis. [CF01]

Figure 2.9: A deformedsuperquadric (from [CF01])

2.1.1.3 Volumetric (Solid) Represen tations

� Voxels

Voxel is the minimum 3-D unit in a volumerenderingwhich is equivalent to the pixel in a 2-D rendering.

This is the simplest form of spacesubdivision basedrepresentation which is not memory e�cien t. This

representation is generally usedin medical applications.

Figure 2.10: An airplane represented as voxels (from [KFR03])
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� Octree

Octree is a spacesubdivison based representation in which a cubic spaceis recursively divided into

smaller cubic volumesand an hierarchical data structure is built. The following �gure shows how an

octree is built for the given solid model.

Figure 2.11: Octree Representation

The white nodesrepresent the subvolumesthat arecompletely empty, black nodesrepresent subvolumes

that are completely occupied, and gray nodes represent the subvolumes that are partially occupied.

This is a more memory e�cien t representation comparedto voxels.

� Binary Space Partitioning (BSP) Tree

Binary spacepartitioning tree is an alternativ e representation to octree. BSP tree provides a search

structure as well as a representation of the geometry of one object or the spacethat contains multiple

objects.

Figure 2.12: BSP Tree for one 2D object (from [Nay96])
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Each non-terminal node represents a plane dividing the spaceinto two parts. The planesdividing the

spacecan be in any orientation.

Figure 2.13: BSP Tree representing a 2D region with multiple objects (from [Nay96])

� Constructiv e Solid Geometry (CSG)

Constructive Solid Geometry is a hierarchical representation. Each shape is madeof primitiv e shapes.

Boolean set operators are usedto put the shapestogether.

Figure 2.14: CSG
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� Generalized cylinders

These are also known as sweep representations since a cross-sectioncontour C(s; � ) is swept along a

spacecurve A (s) which acts as the principle axis (spine) of the model.

Figure 2.15: Generalizedcylinder (from [CF01])

2.1.2 View Based Represen tations

View basedrepresentations stem from the observation that similar 3D shapes look similar from the same

viewpoints, therefore a number of views (2D projections) of objects could be used to represent the shapes.

This is generally used for the purposesof object recognition. This section will brie
y cover someof these

techniques.

� Silhouettes

Silhouettes contain the boundary of a shape from one view point. In order to represent a 3D shape,

a collection of silhouettes should be generated and stored. This can be seenas a more economical

representation comparedto model basedrepresentations.

Common usageof this representation is object classi�cation where matching is donebetweenoneview

(silhouette) of a 3D shape and a databaseof objects represented as collection of silhouettes of models

at hand. But the problem with this representation is that, in theory, di�eren t 3D shapesmight have

the sameset of silhouette images.
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Figure 2.16: Silhouette imagesof a chair (from [DYCO03])

� Asp ect Graphs

3D shapes look di�eren t when viewed from di�eren t viewpoints. For example, a cube looks like a

squarewhen viewed from the top. Basedon this idea, the spaceof views can be partitioned into view

classesor characteristic views. Within each class, the views share a certain property. A clustering

algorithm might be usedto generatethe view classes.

A view class representation called an aspect graph was proposed by Koenderink and van Doorn in

1979 [KD79]. The nodes of the graph represent the aspects namely a class of views and the edges

connect di�eren t nodes which have a certain change in aspect. These appearancechangesfrom node

to node are called visual events. Aspect graphs are complicated data structures therefore their usage

is limited.

Figure 2.17: Aspect graph representation
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2.2 Dynamic Shapes

In modeling and vision applications dynamic shapesare often encountered. Theseshapesmay be articulated

or deformable, thus they may changein time. There are various representations for this type of models. The

following are someexamples[SS01]:

� Snakes: Activ e Con tour Mo dels

Fitting a deformablecontour (snakes) to a given set of points is an optimization problem that can be

cast as energy minimization subject to someconstraints. Activ e contour models have been proposed

by Kass, Witkin and Terzopoulos in 1987 [MKT87 ]. They de�ne the total energy as a sum of three

components: internal contour energyby bending or streching the contour, imageenergyby the amount

of �tness betweenthe contour and image intensity or gradient and external energy due to the de�ned

constraints.

� Deformable Volumetric Mo dels

Motion of the human heart hasbeenmodeledusing tetrahedral volume elements that can deform based

on the motion of the heart. This work has beendone by Park, Metaxas and Axel [JPA96].

� Ballo on Mo dels

This is a deformable mesh representation in which the edgesin the mesh are modeled as springs so

that the entire meshcan deform to �t the shape either by streching or contracting. One such model is

presented by Chen and Medioni [CM95].
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Chapter 3

Shape Similarit y and Matc hing

Concepts

Shape matching is an important conceptin a number of applications like retrieval, recognition or registration.

It is the processof determining how similar two shapesare. Generally, this is doneby computing a distancein

terms of a dissimilarit y measure,where small distance meanssmall dissimilarit y and large similarit y [Vel01].

De�nition : Given a set of shapes S = f s1; s2; :::; sN g, the similarity distance is de�ned as d(si ; sj ) :

S � S ! R+ [ 0 where si ; sj �S . Function d may have someof the following properties:

� (i) Identit y: 8si �S , d(si ; si ) = 0

� (ii) Positivit y: 8si ; sj �S; si 6= sj , d(si ; sj ) > 0

� (iii) Symmetry: 8si ; sj �S , d(si ; sj ) = d(sj ; si )

� (iv) Triangle Inequality: 8si ; sj ; sk �S ,d(si ; sk ) � d(si ; sj ) + d(sj ; sk )

� (v) Transformation Invariance: Given a transformation group G, 8si ; sj �S; g�G , d(si ; g(sj )) = d(si ; sj )

Identit y property means that a shape completely matches itself. Positivit y property ensuresthat two

di�eren t shapesnever match completely.
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De�nition A distance function that has identit y, positivit y, symmetry and triangle inequality properties

is called a metric.

De�nition A distance function that has identit y, symmetry and triangle inequality properties is called a

pseudo-metric.

De�nition A distance function that has identit y, positivit y and symmetry properties is called a semi-

metric.

3.1 Classi�cation of Shape Matc hing Problems

Given two shapess1; s2 and a dissimilarit y measured, Veltkamp [Vel01] givesthe following classi�cation of

the shape matching problems:

� Computation problem

Let d be a transformation invariant dissimilarit y function. Compute d(s1; s2).

� Decision problem

Let d be a transformation invariant dissimilarit y function. Given a threshold value t, decidewhether

d(s1; s2) < t.

� Decision problem

Given a threshold value t, decidewhether there exists a transformation g where d(g(s1); s2) < t.

� Optimization problem

Find the transformation g where d(g(s1); s2) is minimum.

A number of shape matching applications can be posedbasedon this classi�cation:

� Shap e based retriev al

Given a databaseof shapesS = f s1; s2; ::; sN g, and a query shape q, retrieve the shapesthat are similar

to q. This can be done in two ways:
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{ (Decision problem) Given a threshold value t, retrieve all the shapeswhere d(q; si ) < t.

{ (Computation problem) Retrieve the top k shapeswhere d(q; si ) are minimum.

� Shap e recognition and classi�cation

{ (Decision problem) Given a shape s and a model o, determine if d(s;o) is su�cien tly small.

{ (Computation problem) Given a shape s, k classesof shapesand a representativ e shape for each

classr1; r2; :::; r k �nd the classof r i where d(r i ; s) is minimum.

� Shap e alignmen t and registration

(Optimization problem) Given two shapess1 and s2, �nd the transformation g such that d(g(s1); s2)

is minimum.

In 3D shape retrieval literature, the problem is generally posedas a computation problem as mentioned

above. Given a query model, the system returns a number of most similar models in the database.

The ways in which the shapesare described for shape matching, guidesthe choice of similarit y measure.

Chapter 4 gives an overview of the techniques used in 3D shape retrieval literature. In this section, most

commonly used similarit y measuresare presented. Veltkamp [Vel01] givesan overview of shape matching

within the computational geometry framework, that also includes similarit y measuresused in matching

polygons and curves.

� L p Norm (Mink owski Distance)

This measureis used if somenumerical descriptions basedon the whole shape are extracted. These

descriptions are in the form of �xed length vectors (feature vectors), so the similarit y comparisonsare

made on thesevectors.

De�nition Given two points x; y�R k , the L p distance is de�ned as:

L p = (
kX

i =1

jx i � yi jp)1=p
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For p � 1, L p distance is a metric.

If p = 1, it is called L 1 norm or Manhattan distance or city block distance.

If p = 2, it is called L 2 norm or Euclidean distance.

L p norm is not a transformation invariant dissimilarit y measure.

Figure 3.1: The plot of points in 2D satisfying jjxjj p = 1

� Hausdor� Distance

De�nition Given two shapesrepresented by two setsof points:

X = f x1; x2; :::; xM g and Y = f y1; y2; :::; yN g the Hausdor� distance betweenX and Y is de�ned as:

H (X ; Y) = max(h(X ; Y ); h(Y; X ))

where h(X ; Y ) = max
x�X

min
y �Y

jj x � y jj and jj :jj is usually Euclidean distance.

Figure 3.2: Visualization of Hausdor� distance

The Hausdor� distance is a metric. However, it is not transformation invariant and also not robust

against noise. The advantage of using this metric is that partial matching is possible.
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� Elastic Matc hing Distance

De�nition Let A = f a1; a2; :::; aM g and B = f b1; b2; :::; bN g be two �nite sets of ordered contour

points, and let f be a correspondencebetweenall points in A and all points in B where the following

condition holds: f8 ai ; aj 2 A; ai < aj ) f (ai ) � f (aj )g

A stretch s is de�ned as:

s(ai ; bj ) = (ai ; f (ai )) =

8
>>><

>>>:

1 if f (ai � 1) = bj or f (ai ) = bj � 1

0 otherwise

(3.1)

The Nonlinear Elastic Matching Distance betweenA and B is de�ned as:

N EM (A; B ) = m
f

in
X

s(ai ; bj ) + d(ai ; bj )

where d(ai ; bj ) is the di�erence betweenthe tangent anglesat ai and bi .

A dynamic programming algorithm to compute this distance exists. Elastic Matching Distance is not

a metric sinceit doesnot obey the triangle inequality.

� Earth Mo ver's Distance

This is also known as transport distance.

De�nition Given two weighted point patters

A = f (A1; w(A1)) ; (A2; w(A2)) ; :::; (AM ; w(AM ))g and B = f (B1; w(B1)) ; (B2; w(B2)) ; :::; (BN ; w(BN ))g

where A i ; B i 2 R2, the transport distance betweenA and B is the minimum amount of work it takes

to transform A to B .
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3.2 Distance Functions for 3D Shape Matc hing

By de�nition, the shapeof a 3D object is independent of any translation, scaling and rotations applied to

it. Therefore, the distance function is desiredto be invariant to thesetransformations. A distance function

consideringall possibletransformations can be given as follows :

D(si ; sj ) = min
g2 G

d(si ; g(sj ))

where G is the group of transformations.

It is clear that, the distance function given above is not an e�cien t similarit y measure for 3D shape

matching. The following are two ways to de�ne transformation invariant

De�nition(P ose normalization):

Given a set of shapesS = f s1; s2; :::; sN g, a metric d(si ; sj ) and a group of transformations G.

Let n be a many-to-one function where 8g 2 G; si 2 S;n(g(si )) = ŝi and 8si ; sj 2 S;d(si ; sj ) � d(ŝi ; ŝj ).

Then

d(si ; sj ) � d(ŝi ; ŝj ) = d(g(si ); g(sj ))

In 3D shape matching, the group of transformations G contain any combination of translation, scaling

and rotation.

The function n de�ned on this G is called a pose normalization function .

De�nition(In varian t features):

Given a set of shapesS = f s1; s2; :::; sN g, a metric d(si ; sj ) and a group of transformations G.

Let f + be a function where 8g 2 G; si 2 S; f + (g(si )) = f + (si ) and d(si ; sj ) � d(f + (si ); f + (sj )).

Then

d(si ; sj ) � d(f + (si ); f + (sj )) = d(g(f + (si ); g(f + (sj ))

The function f + is called an in varian t feature extraction function .
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3D Shapesin their representation forms are not well suited for matching. Thereforesimpli�ed descriptions

(shape descriptors) capturing the signi�can t features of the shapesare needed.

De�nition(Shap e descriptor generation):

Given a set of shapesS = f s1; s2; :::; sN g, a metric d(si ; sj ).

Let f be a function where 8si ; sj 2 S;d(si ; sj ) � d(f (si ); f (sj )).

The function f is called a shap e descriptor generation function .

If f is also invariant to translation, scalingand rotations then it is called an in varian t shap e descriptor

generation function .

Shape descriptors could be numerical or structural.

Numerical shape descriptors generatea mapping X ! R n where X is the spaceof original shape repre-

sentations.

De�nition (3D Shap e Based Retriev al Problem) : Givena databaseof 3D shapesS = f s1; s2; :::; sN g

and a query shape q, retrieve the shapes that are similar to q.

Solution :

(Decision Problem) Given a threshold similarit y value t, retrieve all the shapeswhere d(f (q); f (si )) < t.

(Computation Problem) Retrieve the top k shapeswhered(f (q); f (si )) are minimum whered is a distance

function, preferably a metric. where f is a shap e descriptor generation function .

If f is not invariant to translation, scaleand rotations then the shapeshave to be posenormalized �rst.
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Chapter 4

3D Shape Matc hing for Retriev al

This chapter gives an overview of the 3D shape retrieval literature. A great variety of methods have been

proposedwithin the recent couple years. The 3D model representation that is widely worked on are the

polygonal representations, simply becausethey are widely used computer graphics and CAD applications.

Givena polygon model, it is alsopossibleto createa volumetric model via a procedureknown asvoxelization.

Therefore, almost all of the research done on 3D shape retrieval considerspolygon (mesh or polygon soup)

models or voxelized models as inputs.

Given a dataset of various 3D models, the main approach is to create simpler representations for these

models so that similarit y comparisonsbetween the models could be made in a computationally e�cien t

manner. This is a very important issue,especially if the databaseis large, since the retrieval results should

bereturned after a reasonablequerying time. In 3D shaperetrieval literature, thesesimpli�ed representations

that areextracted from the inital modelsarecalledshape descriptors. As the namesuggests,shapedescriptors

should be descriptive enough to be able to discriminate similar and dissimilar shapes and as compact as

possible so they are not aimed for visualization purposes. Shape descriptors can be either numeric (e.g.,

feature vectors, histograms and such) or structural (e.g., graphs).

There are two main approaches to shape matching. First approach is to use the 3D model as it is and

generate shape descriptors based on the geometrical and/or topological properties of the model. This is
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called the model based approach. Some model based techniques require that the models to be put in a

canonical coordinate system before processing. This is known as posenormalization and it is a necessary

step if the shape descriptor is not invariant to similarit y transformations (translation, rotation and scaling).

Translation invarianceis achievedby translating the center of massof the model to the origin, scaleinvariance

is achieved by scaling all the models to the samedimensions. Rotation invariance is a more complicated

issue. The general technique used is the principal component analysis (PCA) which computesthe principle

axesof the model, then the model is rotated so that its principle axeswould match the prede�ned canonical

coordinate system. There are various problems with this technique. First of all, PCA does not guarantee

the correct ordering of the principle axeswhich may result in improper alignments of somemodels. Also,

for polygon meshes,the area of individual polygonsmay di�er and this would a�ect the computation of the

principal axesof the model. A weighted PCA algorithm hasbeenproposedin order to handle this situation.

The alternativ e approach to model basedapproach is the view basedapproach in which a number of 2D

projections of the models are used in order to generatea shape descriptor for shape matching. Generally,

the 2D shape descriptors are used in the view basedcase. There has been extensive research on 2D shape

matching and Zhang and Lu [ZL04] give a recent overview of the 2D shape descriptors. The challenge in

view basedtechniques is that one has to capture enough number of views to be able to cover all possible

aspects of 3D model.

4.1 Mo del Based Techniques

Model based techniques for 3D shape retrieval make use of the 3D shape at hand. There are two main

approaches in model based 3D shape retrieval. Sometechniques consider the geometric properties of the

shapesonly and thesepropertiescanbe either global or local. Other techniquesconsiderstructural properties

of the shapeslike the holesor the components they contain.
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4.1.1 Geometric Techniques

These methods exploit the quantitativ e properties of the shapes. Some examplesof these properties are

volume, aspect ratio, surface area, curvature or other kinds of numerical descriptions extracted from the

shape. These properties could be characterising the shape either globally or locally. Most global methods

are computationally e�cien t but they do not allow partial matching, in contrast to this, local methods are

not computationally e�cien t though they can be used in partial matching as well.

4.1.1.1 Global Shap e Descriptors

Global methods aim to capture the characteristics of the shape as a whole. There are a great number of

approachesproposedin order to describe the global shape of an object. This section presents someof these

approachesgrouped by the main ideasthat they use.

Features Given a shape, maybe the �rst approach one thinks of is to describe the shape in terms of some

measurements (features) that would help discriminate the shape from other shapeseasily. Examplesof such

featuresare volume, surfaceareaor statistical moments computed basedon the shape surfacesor the volume.

Sincethesefeaturescan only describe a shape very roughly they are not very discriminativ e but they can be

used as an initial �ltering stage in 3D shape retrieval applications since they can be computed very easily

and e�cien tly .

Elad et al. [ETA00] propose a moments based method that works polygon meshes. They de�ne an

approximated moment according to the following formula:

M̂ [k1; k2; k3] =
1
N

NX

j =1

xk1
j yk2

j zk3
j

The authors �rst sample N points from the surface of the model. Invariance to translation is done by

using centralized �rst moments. Scaleand rotation invariance is achieved using a singular value decompo-

sition technique on a 3 � 3 matrix that is formed by calculating the secondmoments on the samplepoints

representing the model. After the normalization step, they calculate moments up to somepre-speci�ed order
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and form a feature vector using these values for each 3D model. The similarit y measureis the Euclidean

distance betweenthesefeature vectors.

Zhang and Chen [ZC01] describe e�cien t ways to compute the volume, surfacearea and moments of 3D

models represented as polygon meshes.

Feature Distributions Thesemethods are not directly basedon somemeasurements on the shapesbut

the distributions of those measurements. This section will cover someof thesetechniques.

Osada et al. [OFCD02] present a method that computes a shape distribution sampled from a shape

function measuring global geometric properties of the shape. Therefore shape similarit y matching can be

made in terms of probabilit y distribution comparisons. They de�ne various shape functions basedon the

global geometry of the shape:

� A3: Measuresthe angle betweenthree random points on the surfaceof a 3D shape.

� D1: Measuresdistance between a �xed point and one random point on the surface. They use the

centroid of the boundary of shape as the �xed point.

� D2: Measuresthe distance betweentwo randomly chosenpoints on the surface.

� D3: Measuresthe squareroot of the area of the triangle formed by three randomly chosenpoints on

the surface.

� D4: Measuresthe cube root of the volume of the tetrahedron formed by four randomly chosenpoints

on the surface.

These functions are easy to compute and they are invariant to rotations and translations. In order

to generate shape distributions using these functions, they sample N points on each shape distribution

generatedby the functions above. Then they create histograms for B equi-width bins. These histograms

are the approximations to the distributions. Shape similarit y matching reduces to histogram matching

which can be done in various ways among which are, the Mink owski norm, Kolmogorov-Smirnov distance,

Kullback-Leibler divergence,earth mover's distance, Bhattacharyya distance, � 2 statistic.

31



The authors implement eight easy to compute similarit y measures. Let a; b be the two shapes to be

compared and f a ; f b be the probabilit y distribution functions (pdf) for these shapes approximated by the

histogramsasexplainedaboveand let ^f a ; f̂ b bethe cumulativ edistribution functions. The similarit y measures

are:

� � 2 : D (a; b) =
R ( f a � f b )2

f a + f b

� Bhattacharyya Distance : D(a; b) = 1 �
Rp

f af b

� Mink owski (L p) norm on pdf: D (a; b) =
R

jf a � f bjp)
1
p where p=1,2,1

� Mink owski (L p) norm on cdf: D (a; b) =
R

j ^f a � f̂ bjp)
1
p where p=1,2,1

Sincethe modelsare not scalenormalized, a normalization procedureis applied to the distributions. They

report that the D2 function gave the best results in their experiments. Someextensionsto D2 method are

given by Obhuchi et al. [OMT03] and Ip et al [ILSR02]

Obhuchi et al. [OOIT02] describe a method that computesa number of statistics along the principle axes

of the 3D models. The method work on the polygon meshmodels. First, they align the models with respect

to their principle axesand for each of theseaxesthey compute the following histograms along the axes: (1)

the moment of inertia about the axis, (2) the averagedistance to surfacesfrom the axis, (3) the variance

of distance to surfacesfrom the axis. This proceduregenerates9 feature vectors which are concatenatedto

form onefeature vector per model. They useEuclidean distanceand Elastic-matching distancefor similarit y

comparisons.Their experiments show that the method performs well on rotationally symmetric modelsonly.

Spatial Maps These methods aim to capture the spatial organization of the shapes. The 3D spaceis

divided into sectionsand the distributions of model points or other features for each section are computed.

The neighbourhood relations between these sectionsare also consideredduring the similarit y comparison.

The following is an example technique.

Ankerst et al. [AKKS99] describe a method that has two main parts. The �rst part intro ducesshape

histograms based on the discrete representations of the models. The second part is the de�nition of a
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quadratic distance function. Initially the shapes are aligned to their center of mass. A set of uniformly

sampledsurfacepoints are usedfor computing the histograms.

They proposethree methods to create the shape histograms. Each method de�nes a di�eren t decompo-

sition of the space. These are: a shell model in which the 3D shape is decomposed into concentric shells

around the center point, a sector model in which the 3D shape is decomposedinto sectorsthat emergefrom

the center point of the model and a spiderweb model as a combination of the two.

The shell model is rotationally invariant while the other two models are not. The authors argue that

Euclidean distance is not a good similarit y measure for their purposesbecauseit does not consider the

relationshipsbetweenthe components of a featurevector. Sincein this case,the components re
ect the spatial

relationships of point distributions with respect to the spacedecomposition model, they usea quadratic form

distance function de�ned as follows :

d2
A = (x � y) � A � (x � y)T =

NX

i =1

NX

j =1

aij (x i � yi )(x j � yj )

where N is the dimension of the feature vector, namely the number of bins in the spacedecomposition

model. A is the similarit y matrix wherethe components aij represent the similarit y of the components in the

feature vector. As it canbeseen,if A is the identit y matrix then this distanceis the Euclideandistance. Using

this distance function, it is easyto assignsimilarit y weights depending on the neighbourhood relationships

betweenthe bins.

In tegral Transforms and Special Functions Techniquesfrom Calculus and Analysis have beenapplied

to various �elds such as digital image processingand signal processing.In the 3D shape retrieval literature,

sometechniquesutilizing integral transforms (by utilizing their coe�cien ts) and somespecial functions have

beenreported. This section brie
y overviewssomeof thesetechniques.

De�nition A general integral transform is de�ned as :

F (s) =
Z �

�
K (s; t)f (t)d(t)
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where the function K(s,t) is called the kernel function. Depending on the kernel function the integral

transforms take di�eren t names. Somecommontransforms are Hough transform, Fourier transform, Wavelet

transform, Radon transform and Laplace transform.

3D shape retrieval techniquesutilizing thesetransforms apply the discreteform of the transforms sincethe

data is discrete and make useof the coe�cien ts in a way to create a feature vector as the shape descriptor.

Zaharia and Preteux [ZP01] describea 3D shaperetrieval systembasedon the 3D HoughTransform(3DHT)

as the shape descriptor on the polygon meshes.They posenormalize the 3D models. Becauseof the limita-

tions of the PCA algorithm, they compute 3DHTs on the model over all possibleorderings of the coordinate

axes. This gives them a set of 48 3DHTs which is called the Optimized 3DHT(O3DHT) since it achieves

rotation invariance. In order to comparetwo models, they calculate L 1 and L 2 distanceson each of these48

corresponding 3DHT shape descriptorsand the distancebetweenthesetwo models is chosenasthe minimum

distance among them.

Vranic and Saupe [VS01] present a discrete 3D Fourier transform(3DDFT) based method to generate

descriptors on polygon mesh models. Initially , they pose normalize the models. Rotation invariance is

achieved using a variant of the PCA algorithm. Then 3D Fourier transform is applied to voxelized models.

They generatea feature vector that contains the real valued coe�cien ts of the transform. They experiment

with L 1 and L 2 distancesas similarit y measure.

Paquet et al. [PMN + 00] proposeWavelet transform basedshape descriptors for 3D model retrieval. Daras

et al. [DZTS04] describe an algorithm that usesthe 3D Radon transform and a similarit y measurethat is

basedon the L 1 distance.

Somespecial functions have also beenusedin the context of 3D shape retrieval. Kazhdan et al. [KFR03]

give an algorithm that is basedon the spherical harmonics. They voxelize the polygon mesh models and

intersect the voxelizedmodelswith concentric spheres,describingeach sphereasa spherical function in terms

of how much of the model falls into that sphere. The next step is the harmonic decomposition (frequency

decomposition) of thesespherical functions. They sum up the harmonicswithin each frequencyand generate

a 2D map of L 2 distancesindexed by the radius of the sphereand the frequency. This shape descriptor is
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invariant to rotations around the center of massof the model. They also report that spherical harmonics

decomposition can be applied to any shape descriptor which is de�ned as a function on the voxel grid to

achive rotation invariance. Novotni and Klein [NK03] describe a method that uses3D Zernike moments

as the shape descriptors. The shape descriptors they create using 3D Zernike moments are also rotation

invariant.

Information Theory Approac h Pageet al. [PKPA03] proposea method that measuresthe shape com-

plexity of 3D model surfaces. Using the curvature information, they compute the entropy of the curvature

and call this measureshape information . Their motivation is that, intuitiv ely, a pin for example, is much

more complicated than the sphere, so there should be a way to de�ne this quantitiv ely. They exploit the

concept of entropy that is de�ned as follows for the discrete case:

H = �
MX

i =1

pi log2pi

Uniformly sampling points on the polygon mesh and calculating an estimate to the Gaussiancurvature

on these points distributed into M equi-width bins, the authors estimate the probabilit y density function

(pdf) for the curvature on a shape. Using the de�nition given above, they calculate the entropy H based

on the M bins they create. This givesa scalar metric that tells how complex a 3D shape is in terms of the

Gaussiancurvature.

The authors had claimed that a sphereshould be the simplest shape in terms of curvature complexity. To

support their claim, the shape information metric described above gives0 for the sphere. Their experiments

con�rm that models with a variety of curvature valueshave more complexity than the symmetrical models

or the models with repeating curvature values.

Volumetric Di�erence These techniques are basedon the observation that di�eren t shapesoccupy the

volume in di�eren t ways. This can not be captured by a simple volume di�erence technique. Two shapes

might have the sametotal volume, though they are not similar. Becauseof the nature of the comparison,
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all shapeshave to be posenormalized before processing.Someof thesetechniquesare presented here.

Kaku et al. [KON04] proposea method basedon OBBTreedata structure that wasproposedby Gottschalk.

After posenormalization they represent each 3D model in their databasein terms of a binary tree where

each node represents the center of an oriented bounding box (OBB). They de�ne a similarit y measurebased

on the sum of di�erences of the corresponding nodes on the trees. They also keep the aspect ratios of the

original models to de�ne another similarit y measurebasedon the aspect ratios. The �nal similarit y measure

is a weighted combination of thesetwo similarit y measures.The authors report better retrieval performance

comparedto the D2 technique proposedby Osadaet al [OFCD02].

Leifman et al. [LKTM03 ] propose an octree based volumetric di�erence measure. Given two octrees

representing two models, the volume di�erence D at the root node is calculated in a recursive bottom-up

manner. This is a slow algorithm comparedto other algorithms in which feature vectors are compared.

Ichida et al. [I IKK04 ] present an interactive user interface for 3D shape retrieval. Their system is called

Activ eCube in which the user builds the query shapesusing the 5cm side cubes. The system automatically

recognizesthe shape that the user builds in real time. The models in the databaseand the query shape

are represented in voxels. The systemperforms similarit y matching by �nding the intersectionsbetweenthe

voxels representations of the models.

Pro jection (Morphing) to a Canonical Shap e The idea behind the projection basedmethods is that

the energyrequired to morph a shape into another could be a measureof similarit y betweenthesetwo shapes.

In the context of 3D shape retrieval, every model in the databaseis morphed into a canonical shape (e.g., a

sphere)and the amount of energy required to do this morphing is used as a descriptor for that model and

during retrieval the descriptors are compared. There are di�eren t ways to de�ne this energy. This section

presents someof thesemethods.

Leifman et al. [LKTM03 ] describes a sphereprojection algorithm. They �rst normalize the poseof the

models in their databaseto ensureinvariance to similarit y transformations. The energy that is required to

morph a model into its bounding sphere with radius R, is de�ned as
R

dist

!
F �

!
dr where

!
F is the applied

36



force and dist is the distance between the object surface and the bounding sphere. The force is assumed

to be constant for all points on the surface and along the distance it's applied. Therefore, the energy is

proportional to the distance betweenthe sphereand the model's surface.

They samplepoints on the sphereand calculate two distancesbasedon thesepoints. The �rst distance(d1)

is the minimum Euclidean distancesfrom the sphereto the model and the seconddistance(d2) is the distance

from the model to the spherethat is calculatedasfollows: each point p on the model is represented in spherical

coordinates (�; � ; r ), for each model point, a point on the sphere that has the most similar �; � is found.

After this correspondencesearch, for each samplepoint on the sphere,there is a set of corresponding points

on the model surface. Then the distance is the averageof the distances(jR � r j) from the spherepoint to its

corresponding model points. The �nal distance (d) is calculated as either as the averageor concatenation of

d1 and d2.

The authors report experimental results on a databaseof 1068random objects gatheredfrom the Internet.

258objects weremanually categorizedinto 17 classes(people,missiles,carsand such). Their experiments give

better results compared to the shape moments [ETA00] and shape distributions [OFCD02] on most classes

except for those ones that do not have a common global shape simply becausethis method captures the

global shape properties only.

Yu et al. [YAL + 03] proposea similar method which is alsobasedon the idea of morphing the modelsinto a

sphere. They generatea distancemap from to object to the bounding sphere. Posenormalization techniques

are usedto put the models in a canonical coordinate systembeforecalculating the distance map. They also

apply the Fast Fourier Transform (FFT) on thesemaps in order to handle the possiblemisalignments even

after the posenormalization. The similarit y measurethey use is a weighted normalized Euclidean distance

of the Fourier transformed maps.

The authors report good experimental results on a databaseof 52 models divided into 34 categories.No

comparisonswith other methods are given.
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W eigh ted Poin t Sets Thesemethods generatea set of points from the shape. The points are weighted

in somemanner. Di�eren t similarit y measureshave beenproposedto match thesepoint sets.

Tangelderand Veltkamp [TV03] proposethree di�eren t ways of generating a weighted point set, given a

posenormalized 3D polygon model, which is placed in a 3D grid. Each non-empty grid cell contains one

salient point. The selection of the salient point and its weight is done in various ways: (1) pick the point

in each cell that has the highest Gaussiancurvature, and assignthe curvature value as the weight for the

point, (2) pick the area-weighted meanof the vertices in the cell as the point, and a measureof facet normal

variation as the weight, (3) compute the center of massof all vertices in the cell and assign1 to weight.

The similarit y measurethey use is a variation of the earth mover's distance, unlike that measurethe

proposedmeasuresatis�es the triangle inequality. The authors report better results comparedto the shape

distribution methods proposedby Osadaet al. [OFCD02] on their own database.

4.1.1.2 Lo cal Shap e Descriptors

Thesemethods considerthe local properties of the shape around the neighbourhoodsof points on the surface.

Curvature is an examplelocal property which hasalsobeenusedwithin the context of the global methods. In

that context, such local properties are treated asa a collection and all together they form a global descriptor

for the shape.

The methods that are presented here do not merge the local properties to form a global descriptor,

therefore they are suited for partial matching. Also, they can provide better descriptions of shapesbecause

they capture more detailed information about the shape at the expenseof computation time. Thesemethods

have been mostly used for object recognition in cluttered environments and surface registration problems.

Someof them have also been applied to 3D shape retrieval problem. These methods do not require prior

posenormalization of the models.

Johnson and Hebert [JH99] present the spin images method. A spin image is a 2D histogram that is

computed at a chosenpoint on the surfaceof a model. For a meshmodel, a spin image can be computed for

every vertex on the mesh. A surfacenormal can be estimated at each vertex which is picked as the oriented
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point. A set of points within the maximum distance D to the oriented point which satisfy the condition

that the angle betweentheir normal and the normal of the oriented point is within allowed angle valuesare

selectedas the contributing points. Then a 2D histogram is calculated basedon the perpendicular distances

to the surfacenormal and to the tangent planes at the to the oriented point. This histogram can also be

usedas an image. The authors describe an object recognition algorithm that works on cluttered scenes.

De Alarcon et al. [DAPC02] usespin imagesmethod in 3D shape retrieval. For each 3D model represented

as polygon mesh, they generate a large number of spin images, then using a self organizing map (SOM)

algorithm, they generate a reduced set of spin images per model. Furthermore, they cluster these spin

imagesusing k-means clustering algorithm in order to provide an indexing mechanism on their database.

The authors report experimental results on a small database.

Yamany et al. [YF99] present a method that captures the surfacecurvature information at certain points

on the surfaceand generatesimagescalled surfacesignatures for each selectedpoint. The authors use this

method for surfaceregistration. They �nd at least three corresponding points on two models by matching

the surfacesignaturesand then recover the parametersto the similarit y transformation that would put these

surfacesin alignment.

Kortgen et al. [KPNK03 ] present a 3D shape matching algorithm that intro duces3D shape contexts as

an extension to the 2D shape contexts concept that has been proposedby Belongie et al. [BMP02]. They

generatehistograms around the N sampledpoints on the surface. For a sampledpoint a histogram contains

the relative coordinates of the remaining N � 1 points. Depending on the sizeof the sampledpoint set, this

method can be consideredmore or less local. The binning algorithm they use decomposesthe spaceinto

shellsor sectors. Shape matching is done by comparing the shape contexts to �nd the corresponding points

on the models.

4.1.2 Structural and Topological Techniques

Geometrical properties of 3D shapesdo not tell a lot about the semantics of the shape. They describe the

shape either locally or globally but they can not describe the shape in terms of the components of it. Also
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topologically di�eren t shapescan not be e�cien tly discriminated using geometric methods. For example, a

torus and a sphereare di�eren t typesof shapes, it is easierto discriminate betweenthem using topological

methods. Also, sometimesgeometrically di�eren t but topologically similar shapes need to be classi�ed in

the samegroup. For example, di�eren t typesof tables could be grouped together. Tableswith rectangular

or circular top, or four or three legsare topologically similar though they may not be geometrically similar.

Structural descriptionsof shapesaremore intuitiv e and easyto interpret but the di�cult y is that matching

is not a computationally e�cien t processcompared to the geometrical methods, but their advantage over

geometrical methods is that they allow partial matching which is di�cult with the methods that describe

the shapesin terms of their global geometry.

Surface Penetration Map Yu et al. [YAL + 03] present a method that extracts topological information

from a model by morphing it into a sphere. This is called a surfacepenetration map. The idea behind this

method is the following: When an imaginary ray is shot from the center of the bounding sphereto the model

surfaceit may penetrate one or more surfacesdepending on the topology and concavit y of the model. The

bounding sphereis divided into sectionsand for each section the meannumber of surfacespenetrated by the

rays is computed. The authors do not report any comparionswith other methods.

Graph Structures Hilaga et al. [HSKK01] describea method that is called topology mathing. They create

multiresolutional Reeb Graphs (MRG) for comparing 3D models. A Reeb graph is a skeleton determined

using a continous scalar function de�ned on an object. The authors create the Reeb graphs utilizing the

geodesicdistance distribution as the continous function. This method is well suited for articulated shapes.

Tung and Schmit [TF04] describe a Reeb graph basedalgorithm which is augmented with geometrical

properties such asvolume and curvatures. In the context of human body matching, they argue that without

geometric information, an arm could be matched to a leg becausethey are topologically equivalent.

Sundar et al. [SSGD03] present a skeletal graph approach for comparing 3D models for retrieval. Their

method encodes the topological and geometric information about the models. There are various ways to

createa skeleton representation of a 3D model. The authors compute the skeleton of a volumetric 3D model
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using a parameter-basedthinning algorithm. The skeleton graph also contains geometric information on

each part of the model such as the radius.

Relational Structures Each 3D object canbe thought of a combination of primitiv esand a setof relations

that describethe relationshipsamongtheseprimitiv es. Each primitiv e is described in terms of somegeometric

attribute like area, radius and so on. A general framework named relational matching for this kind of

relational descriptionsis givenby Vosselman[Vos92]. Also, Haralick and Shapiro[HS93] describea consistent-

labeling framework basedon a relational distance de�nition.

4.2 View Based Techniques

Humans are claimed to utilize the appearance(or views) of the 3D shapesas well as the 3D geometrical or

structural properties of them. Basedon the idea that if two shapesare similar they should look similar from

all viewing angles,someresearchers study the problem of 3D shape retrieval using the visual similarit y of

the shapes. This section will cover someof these techniques in which a number of views of the 3D models

are used in order to generatea descriptor for the models for the purposesof similarit y matching.

Chen et al. [DYCO03] proposea light �eld based method. A light �eld is a �v e dimensional function

representing the radiance at a given 3D point in a given direction. Given a 3D model made invariant to

translation and scaling, they create a light �eld containing 10 sillhouettes of the model using 10 uniformly

distributed points of viewson an approximating bounding sphere. A combination of Zernikemoments (region

baseddescriptor) on the area and Fourier transform (contour baseddescriptor) of the boundary is usedas

the 2D descriptor for each silhouette. A set of 10 light �elds resulted from 10 di�eren t rotations of the sphere

is stored for each 3D model. Let a; b be two models to be compared. The similarit y measureis de�ned as

follows:

D(a; b) = min
1� i � 10

10X

k=1

d(I a ik ; I bik )

where I a ik ,I bik are the 2D descriptors computed on the silhouettes and the distance d is L 1 norm.
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The authors report experimental results in which they comparetheir method to the 3D sphericalharmonics

basedmethod by Funkhouseret al [FMK + 03]. They report better retrieval performanceat the cost of much

more processingtime.

Obhuchi et al [ONT03] propose a method which works on polygon soup 3D models. The models are

made invariant to translation and scaling. Then they compute N = 42 depth bu�er renderedimages(a kind

of range image) of the model. These set of imagesdiscretely cover all possibleview aspects of the model.

Then for each image a Fourier transform baseddescriptor is computed (2D descriptor). The set of these42

descriptors comprisesthe multiple oriented shape descriptor for the 3D model. Let a; b be two models to be

compared. The similarit y measureis de�ned as follows:

D(a; b) =
1
N

NX

i =1

min
1� j � N

d(I a i � I bj )

where I a i , I bj are the computed 2D descriptors and the distance d is L 1 norm. Sincethere is no ordering to

the rotations, the similarit y measurecomparesall possiblepairings and picks the one with the minimum L 1

distance to contribute to the sum over all the 42 views.
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Chapter 5

Anatom y of a 3D Mo del Search

Engine

Previous chapters covered the topics related to the techniques to represent the 3D models in digital world,

similarit y and matching conceptsand the 3D shape retrieval techniques. This chapter gives a conceptual

framework that shows how all thesepiecescometogether to form a 3D shape search engine.

The main component of a 3D shape search engine is the databaseof the models. Thesemodels could be

represented in various ways (e.g., polygon mesh,polygon soup, volumetric). The databasecould be domain

speci�c (e.g., CAD modelsonly) or it could contain all sorts of models. Besidesa �lename, the modelscould

also have sometextual descriptions as well.

The component that is most important to the usersof the system is the query interface. There can be

various ways to search in the databaseof models:

� User provides a 3D model and wants to retrieve all the similar models to that one.

� User sketchesa 3D shape and wants to retrieve the similar models.

� User sketchesone or more 2D views of a shape and wants to retrieve the similar models.
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� Besidesthe shape, user might want to add sometextual descriptions of what is being searched (e.g. `a

car')

Sincethe representations of the modelsarenot appropriate for e�cien t matching, compactdescriptionsfor

the models should be created. The shape descriptions are created and stored before the systemis presented

to the usersi (o�ine process). Therefore, similarit y comparisons(online process)are expected to be fast.

The descriptors could be indexed for more e�cien t retrieval.

The following �gure shows the components of a conceptual framework [TV04]:

Figure 5.1: Components of a conceptual 3D shape search engine
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Chapter 6

3D Shape Retriev al Performance and

Related Issues

In previous chapters, we have covered the literature on the techniquesusedin shape based3D model search

applications. This chapter presents someaspectsof the problem related to the performanceof thesesystems

in more detail and discussthe literature on each articular topic.

The outline of this chapter is as follows:

Section 6.1 overviews the measuresfor retrieval performancein the 3D model search systems.

Section 6.2 presents the techniques that consider subjective measuresin retrieval. Most systems use

the shape based (low-level) features for similarit y matching but there is also semantic aspects of shapes

and people do not always agreeon similarit y of di�eren t shapes. Based on this observation, a number of

techniqueshave beendeveloped to incorporate the user preferencesinto the similarit y measures.

Section 6.3 presents the problem of selectingthe best shape descriptor to usedepending on the query.
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6.1 Performance Measures and Benchmarking

In most 3D shape retrieval applications, the results are evaluated on the basisof how closely it agreeswith

the prede�ned classi�cations made by the system designers. Since the databasesused by di�eren t systems

vary as well as the classi�cations of the models in those databases,a uni�ed framework to compare the

di�eren t matching algorithms is needed.Princeton Shape Benchmark [SKMF04] is an e�ort to �ll this void.

It provides a test databasewith di�eren t types of classi�cations available along with the tools to compare

the retrieval performance.

If a shape matching algorithm computes a distance between two shapes which is positive and small

when the shapesare similar and larger when the shapesare not similar, a number of common performance

measurescan be applied to compare the algorithm with others provided that they work on the same 3D

Model database.

Given a shape matching algorithm and a database of 3D models(M = f m1; m2; :::; mN g), a distance

matrix containing the distancesbetween the pairs of models can be calculated. For any model q 2 M , the

list of k most similar models can be retriv ed from the distance matrix.

The following are the qualitativ e meansto assesthe performanceof a 3D shape retrieval algorithm:

� Imagesof best matchessorted in descendingorder of similarit y.

� Precision-Recallplot

� Distance Image

� Tier Image
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6.2 Sub jectiv e Retriev al

In most 3D model search applications shape basedfeatures are extracted from the models, theseare called

low-level features becausethey do not capture the meaning of the shapes. Humans have the notion of

similarit y not only basedon shape but also the functionalit y of the models, these are called the semantic

features. Also each personmight have a di�eren t measureof model similarities. A successfulsearch engine

should be able to adapt to the users' preferences.This section overviewsa number of methods proposedfor

this purpose.

Suzuki et al. [SKT98] describea technique that createsan object feature space(OFS) and a userpreference

space(UPS) and a mapping betweenthesetwo spaces.At feature extraction stage,they takepolygon meshes

and considerthe verticesonly and then they �nd the normalized bounding cube for the model and subdivide

the cube into unit cells. Finally, the normalized number of vertices in each cube contributes to the feature

vector for the model.

The rest of the algorithm is as follows:

1. Pick a subset of models in the database(study set) and ask the users to rate the similarit y of these

models. Create a matrix of similarit y ratings for each user.

2. Perform dimensionality reduction using Multidimensional Scaling (MDS) on the rated similarit y ma-

trices created in previous step. This is the user preferencespace.

3. For the other models that were not in the study set, predictions should be made. Using multiple

regressionanalysiscreatea mapping betweenthe object feature spaceand each user'spreferencespace.

Elad et al. [ETA01] proposean iterativ e re�nement algorithm that would let the usersmark the relevant

and irrelevant results to a query causingthe distance measureto changeadaptively. The featuresgenerated

in this study are normalized moments and the similarit y measureis weighted Euclidean distance.

User feedback is usedto modify the weights in the distance measureso that the relevant matchesbecome

closer and irrelevant matches become further away with respect to the modi�ed similarit y distance. A

Support Vector Machine (SVM) algorithm is used for training the weights of the distance measure. This
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way, for each user the systemlearns that user'ssubjective similarit y measuresbetweenthe models returning

the models which are relevant according to that user's preferences.

Zhang and Chen [ZC01, ZC02] present a method basedon active learning conceptto incorporate semantic

featuresin retrieval process.The low-level featuresthey generateare volume-surfaceratio,moment invariants

and fourier transform coe�cien ts.

The system uses53 pre-de�ned attributes like `car', `body', `airplane' and so on. For each object, there

is a list of probabilities that the object has the corresponding attribute. During training process,randomly

sampledsubsetof modelsare presented to the persondesignatedas the `annotator'. The annotator assigns0

or 1 to the probabilities for each object having a certain attribute. This processis called `hidden annotation'.

Since it is not possible to manually annotate all models, the rest of the probabilities are estimated. The

authors usea biasedkernel regressiontechnique to estimate theseprobabilities for the models that were not

annotated. The estimation is biased meaning that if an object is far from an annotated object it should

not be a�ected by that speci�c annotation asa protection against the annotation propogating too far in the

feature space.

The next step is to pick those models in the databasethat the system is most uncertain about and then

present them to the annotator for further annotation. This is doneusing a knowledgegain measureand the

aim is to reducethe amount of uncertainty in the database.

The retriv al processusesa weighted distance measureof low-level feature similarit y and the semantic

similarit y measurebasedon the calculated probabilities of model having the attributes. The performanceof

the system improvesas the number of annotated models increases.
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6.3 Shape Descriptor Selection

Various ways of describing the 3D shapes for matching and retrieval have been presented in the previous

sections. Performancemeasuresand benchmarking techniquespresented aboveprovide a commonframework

to comparethe performanceof individual shape descriptors.

In this section, the shape descriptor selectionproblem is presented as a feature subsetselectionproblem

within the pattern recognition context. Here, each shape descriptor can be thought of one feature and

a combination of these features can be used together for shape retrieval. The problem is to decide what

combination of thesefeatures givesthe best results for retrieval.

This section covers two techniques presented in literature related to shape descriptor selection.

Vandeborre et al. [VCD02] describe a method that generatesthree kinds of shape descriptors(features) on

polygon meshmodels. Thesefeatures are: a curvature index which consistsof a histogram of the principal

curvatures of each face of the mesh, a histogram of distances between the faces (distance index) and a

histogram of the volumesbasedon each face (volume index). All these features are invariant to Euclidean

transformations. They use the L 1 norm as the similarit y measure. Their model databaseis classi�ed into

object types like airplanes, cars, �sh, chesspiecesand so on.

The authors de�ne two di�eren t ways to combine the shape descriptors:

Let the rank of an object in each result set be Rc, Rd and Rv using the curvature index, distance index

and volume index shape descriptors respectively. N is the number of models retrieved in each query. Let F

be a real number to represent the degreeof each retrieved model's relevanceto the query model with respect

to that particular feature combination.

� OR method

F = 1 �
(Rc � 1) � (Rd � 1) � (Rv � 1)

N 3

� MEAN method

F =
Rc + Rd + Rv

3N
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Thesetwo methods return F valuesbetween0 and 1. Then the best N matchescan be selectedbasedon

their F values.

Their experiments show that combining the shape descriptors give better retrieval results compared to

using any of the three shape descriptors alone.

Bustos et al. [BKS+ 04] describe an entropy impurit y measurebasedassessment for the feature selection

problem. The database contains 1,838 3D models and 292 of them are pre-classi�ed, for instance, `car

models',`planes',`seaanimals' and so on. The classi�ed models are usedas queriesand the models from the

sameclassare consideredrelevant to a given query model. The authors use the L 1 norm to measurethe

similarit y betweenthe feature vectors representing the models.

The e�ectiv enessof a retrieval processis measuredby how coherent the result set is. The modelsreturned

as a result of the query should be of the same class as the query model. Although this may not be the

casemost of the times, sometypesof featuresmight give better results than the others, or a combination of

certain featureswould alsoperform better. The motivation hereis that no singlefeature extraction technique

is expected to give the best results for all kinds of queries. For example, the authors state that one feature

extraction technique worked best on car models while another gave the best results on seaanimal models.

The authors implement 15 di�eren t feature extraction techniques reported in literature that describe the

models as feature vectors. The commonproperty of all thesemethods is that they describe the global shape

of the 3D shapes in the database. Table 6.1 lists these methods and the referencesin which they were

intro duced.

The authors employ the well-known entropy impurit y measureto estimate the performanceof a feature

extraction method givena query model presented asa feature vector. Basedon their experiments, the authors

state that the entropy impurit y measuregave better results compared to Gini and the misclassi�cation

impurit y.

Using the entropy impurit y measurethey develop two methods: query dependent selection of the best

feature vector and query dependent combination of the feature vectors.

Let U be the universeof 3D models, and M be a �nite set of models (the database) where M � U and
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Metho d Reference
Depth bu�er Heczko et al. [HKD V02]
Voxel Heczko et al. [HKD V02]
Silhouette Heczko et al. [HKD V02]
Volume Heczko et al. [HKD V02]
Shading Vranic and Saupe [VS02]
3D harmonics Funkhouser et al. [FMK + 03]
Complex function on the sphere Vranic and Saupe [VS02]
Rays with spherical harmonics Vranic and Saupe [VS02]
Cords Paquet et al. [PMN + 00]
Moments Paquet et al. [PMN + 00]
Shape distribution with D2 Osadaet al [OFCD02]
3D FFT Vranic and Saupe [VS01]
Ray based Vranic and Saupe [VS00]
Rotational invariant Kato et al. [KSO00]
Shape spectrum Zaharia and Preteux [ZP01]

Table 6.1: Feature extraction methods usedin feature extraction study by Bustos et al.

each model m 2 M belongsto one of the N classesc1; c2; :::; cN and U =
N
[

n =1
cn

Let q 2 U be a query model. Given a feature extraction function f, Rq
f is a list of models sorted in

ascendingorder by d(f(q),f(r)), where d is the distance measurewhich is the L 1 norm and q is the query

model and r is a retrieved model.

Let Pk (cn ; Rq
f ) be the fraction of models at the �rst k positions of Rq

f that are in classcn .

� Entropy impurity measure for selecting the best feature extraction function

The k-entropy impurity of a feature extraction function f given the query model q is:

i (f ; q; k) = �
NX

j =1

Pk (cn ; Rq
f )log2(Pk (cn ; Rq

f ))

The k-entropy impurit y is 0 if all of the �rst k models in the result set are of one class,the maximum

impurit y value is reached when the number of di�eren t classesreturned in the result set is maximum.

Based on the calculated k-entropy impurit y measure, the best feature extraction method given the

51



query model q is selectedusing the following formula:

arg min
1� t � T

i (f t ; q; k)

where F = f f 1; f 2; :::; f T g is the set of feature extraction functions.

� Entropy impurity measure for combining the feature extraction functions

Instead of selectingthe best feature extraction function f with respect to a query model q, a combina-

tion of di�eren t feature extraction functions can be selected.The authors usethe k-entropy impurit y

measurederived above to weigh the feature extraction functions in a combination of such functions.

The functions with lower impurit y receive more weight. Based on the k-entropy impurit y measurea

new distance betweenthe query model q and an object o 2 U is derived as follows:

� (q; o) =
TX

t =1

1
1 + i (f t ; q; k)

dt (q; o)
dmaxt

where i (f t ; q; k) is the k-entropy impurit y given a feature extraction function f t and the query model q.

dmaxt is the maximum distance(L1 norm) betweenq and any model in the databaseusing the feature

extraction function f t . dt (q; o) is the distancebetweenq and a retrieved model o using the function f t .

� (q; o) is used as the distance measurewhen sorting the list of retrieved models with respect to their

relevance.

The authors use Precision(P) and Recall(R) graphs to compare the results of single feature extraction

method used for all queries to the best feature extraction method selectedusing the k-entropy impurit y

measurefor each individual query model. Likewise,a comparison is made in the casewhere a combination

of feature extraction methods are used per query mode instead of a single feature extraction method for

all queries. Reported improvement in retrieval e�ectiv enessis almost %30 when the combination method is

usedto combine a small set of good feature extraction functions.

The following �gure shows the results of an example query, with the same query model(race car) and
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depth bu�er, silhouette and a combination of thesetwo feature extraction methods.

Figure 6.1: Query results with depth bu�er, silhouette and a combination of these two features(Bustoset
al.)

The problem with this approach is that the databaseof objects needsto be pre-classi�ed manually since

the classesof each model should be known beforehand for the calculations to be made. In the caseof an

unclassi�ed database,the classi�cation problem has to be solved �rst. If the number of classesof models in

the databaseis not known, clustering can be used as an unsupervised classi�cation technique. But this is

not straightforward, becausethere may be di�eren t ways to group the objects, and thesegroupings maybe

subjective. For example,purely shape basedclustering may put irrelevant models in onegroup, like a missile

and a pen. Therefore other information could be neededin the grouping process,this could be basedon the

functionalit y of the model or any other related textual information besidesthe shape.
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