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dimension such that the importance of individual BV

1 INTRODUCTION e S X
specified by its dimension.

In recent years, the applications of 3D models hgraavn

very rapidly, including virtual reality, moleculdsiology,  importance than others with respect to differeatsses of
entertainment, automobile/machine manufacture, 3D models, Bustos et. al. (Bustos, et. al., 200#piduced a
architecture, etc. Due to the increasing computapiower,  fixed-weighted combinationapproach andpurity-based
storage media capacity, and the use of interne¢, th weight estimation In the first approach, Bustos et. al.
accumulation of available 3D models on the webomal (Bustos, et. al., 2004) tested all possible contlina of
storage is rapidly increasing. This trend leadthéoneed of  weighting factor with different levels of relevancee.

a 3D model similarity retrieval system (Princet@q05; {0,1,2}, on a training dataset, and use the besghtimg
Vranic, 2005; Dynamic, 2005). 3D model similarity factor for another dataset.

retrieval plays an important role in virtual replgystems, The second approach done by (Bustos, et. al., 2004)
such as building a virtual world, and in molecutéology considers the purity value for estimating the wéigh

research, such as protein or DNA matching (Dynamic,tactor. The purity value indicates the maximum nemof
2005; Ankerst, et. al., 1999). For example, in #&ual  opjects that belong to the same model class irfitsek-
reality system, consider we would like to developiraual  positions of each ranking under a given individedland a
apartment. Instead of creating every object sucli@®,  queryQ. The more a purity value of an FV, the more weight
window, table, and chair from scratch, we mightiese the FV is assigned. The purity values are obtaibgd
objects from the available furniture model databasscing submitting a query to a training dataset, and th&t k-

By considering that an individual FV may have difiet

them in an appropriate position, and modify them aspositions of the result are used for evaluating pleity
necessary. In this case, we need a 3D model sityilar value. Then, the query is resubmitted to the reghskt by

retrieval system providing objects, which are simito a
user query.

There are many features or descriptors which amsidered
to represent 3D models, such as Shape Histograrke(dn

et. al., 1999), Geometry Images (Laga, et. al.4208spect
Graph (Cyr, et. al., 2001), Visual Similarity (Chest. al.,

2003), 3D Fourier Transform Based Descriptor (Vraamd

Saupe, 2001), Physical Moment (Elad, et. al., 2086y

Cube Based 3D Similarity (Wang, et. al., 2004). yiaee

suitable for different categories of shape. A dgsor might

be more effective for discriminating objects in atular

class, but less effective in other classes. Thevique

researches mentioned above mostly focused on prapas
new individual FV rather than combining them to abt
higher discriminating power.

This paper is organized as follows. Section 2 dises
related work and the contribution of this paperSkttion 3,
we describe six descriptors of 3D model shape weause
for our experiments. Section 4 describes an arsalgs$i
feature orthogonality, feature relevance, severmdsible
integration approaches, and a comparison betweem.th
Section 5 describes our approach to textual magcioin3D
retrieval. In Section 6, we present the experinmemsults
and discussion. Section 7 presents conclusions.

2 RELATED WORK AND CONTRIBUTION

To the best of our knowledge, the idea of combinimgti-
feature on 3D shape retrieval was introduced bynMra
(Vrani , 2004). A new hybrid feature vector of dimension
472 is obtained by crossbreeding the depth bufféroF
dimension 186, the silhouette-based FV of dimendiba
and the ray based FV of dimension 136. Insteagplying
different choices of weights, Vranic (Vrani2004) defined
the fixed-weighting factor by the proportion of FV

Copyright © 2007 Inderscience Enterprises Ltd.

regarding the weight factor obtained from the puvilue.

The contributions of this paper are the following:

1. Exploiting five possible integration approaches,
namely Pure FV Integration (PFI), Reduced FV
Integration (RFI), Weight-Associated RFI (WRFI),
Distance Integration (DI), and Rank Integration
(RI). Then, based on our experiments we propose a
use of the RFI and the DI.

2. In order to obtain the best weighting factor, we
adapt thefixed-weighting factor(Bustos, et. al.,
2004), but use different levels of relevance, i.e.
{0,1,2,3}, and experiment with various datasets.
We assignirrelevant less relevantrelevani or
more relevantto each FV in the FV combination
such that there are more options for assigning the
degree of relevance. In addition, by using various
datasets we provide more diversity for the
experiments.

3. Proposing a text feature-extraction method using
the model file name as the only text resource. More
specifically, the method includes two steps: (1)
term filtering using tokenization, n-grams
generation, and term approximation, and (2) term
expansion.

4. Integrating textual matching and shape matching
on 3D model retrieval. We experiment with the
TFIDF approach and the semantic relatedness
approach, especially LCH (Leacock and
Chodorow, 1998) and JCN (Jiang and Conrath,
1997) approaches, for textual matching on 3D
model retrieval. We show that TFIDF, LCH, and
JCN provide comparable performance. More
importantly, we demonstrate that integrating text
feature and multi-shape feature using DI improves
retrieval effectiveness.



MULTI SHAPE-FEATURES AND TEXFFEATURE INTEGRATION ON3D MODEL SIMILARITY RETRIEVAL 3

3 3D SHAPE DESCRIPTORS

In this section, we describe several 3D shape i¢scs
used in our experiments.

3.1 2D Contour (C2D)

A use of 2-dimensional contour as a 3D shape descias
been proposed (Chen, et. al., 2003; Vra@004). A 3D
model viewed from the major axesy, andx, forms three
2D projection-images lying ory-plane,xzplane, andyz
plane, respectively. A 2-dimensional contour isied as a
collection of border points, i.e the outermost iiagoints
intersecting with the image background as depidred
Figure 1 (a). Figure 1 (b) shows how to recordsbguence
of centroid distances by tracing the contour inalcwise
direction. The centroid distances are distancesvdes
points at the contour and the centroid coordindtehe
image.

magnitudes of the firat Fourier coefficients related to the
n-lowest frequencies are taken as the depth buffsed FV
(Vrani , 2004). Scaling invariance is obtained by scaling
each object into a unit of bounding ball before the
extraction.

3.3 Fractional Occupancy (FO)

Adapting from (Paquet, et. al., 2000), we defirecfional
occupancy (density) as the ratio of the actual remmdf
voxels in a partition\{x) to the maximum possible number
of voxels in the partition(p). The FV extraction is done as
follows. First, we transform a polygonal model into
volumetric (voxelized) 3D model. Then, we partititime
voxelized 3D model into grid cells. An FO of a gadll is
obtained by dividing the number of voxels occupyihg
cell by the maximum possible number of voxels ia tell.
As a result, a set of FOs is obtained.

The n-dimensional FO FV is defined as the magnitudes of

Then-dimensional C2D FV is defined as the magnitudesthe first n Fourier coefficients (ther-lowest frequencies)
of the firstn Fourier coefficients obtained by employing the obtained by employing the 3D DFT to the set of FOs.

1D Discrete Fourier Transform (DFT) to the sequeufcie
centroid distances. It is important to note thatation
invariance is obtained by ignoring the phase infaion
and using only the magnitudes, while scaling iradace is
by dividing the magnitudes with the DC component.

Distance 3
%

o=

Clock-wise trace contour 25

Figure 1 (a) 2D contours of a 3D model, obtained by primjecit
to yzplanexzplane, ancy-plane, and (b) the centroid distances
of the sample points of the third contour imageprded in a
clock-wise direction.

3.2 Depth Buffer (DB)

Depth buffer stores the depth of an image projectib3D
model from a certain direction. As there are thregjor
axes in 3D space, we obtain six depth buffers cointz the
depth information of the model viewed from, x-, y+, y-,
z+, andz-, as depicted in Figure 2.

D=

Figure 2 Depth images of a 3D model, viewed fra#n x-, y+, y-,
z+, andz-.

By employing the 2D DFT to the 2D sequence of taptld
information, Fourier coefficients are obtained. ithehe

Scaling invariance is obtained by scaling each 3iea
into a unit of bounding sphere before the FV exioac

3.4 The Inverse of Local Elongation and Object
Bumpiness (LB)

Once we have a set of voxels occupying grid ceis a
described in Section 3.3, we can observe how buorpy
spherical the voxel in each cells. For that, wefquer
Principal Component Analysis (PCA) on the voxeladat
each cell 3D voxel, and obtain eigenvaldes/,, and/z in
decreasing order. The inverse of local elongatib)j i§
related to/,//1, while bumpinessRB) is defined as/3//;
(Atmosukarto, et. al., 2005). Thedimensional LB FV is
defined as the vector of the magnitudes of the fifSourier
coefficients (the n-lowest frequencies) obtained by
employing the 3D DFT to the setlo$ andBs.

3.5 Cords and Spherical Harmonic (C3D)

A cord is a vector that goes from the centre of srafsan
object to a representing surface point (Paqueglet2000).
Oneissueto be concerned with is which point should be a
representing point. We observe two candidate powitsch
are possible to select: the most distant point, ctvhi
intersects with the cords (Vrani2004), or the most distant
point in the partition, no matter it intersectsiwihe cord or
not. In our implementation, a 3D model is sampleid ia
collection of voxel. Hence, we decide to use theosd
since it is invariant to the number of sampling entiran the
firstis.

After taking the points representing the 3D contaur
two dimensional array of distances (cords’ length)
obtained. We extract spherical harmonic coefficgebt
employing the Spherical Harmonic Transform (SHTihgs
S2kit (Kostelec and Rockmore, 2006) to the coltedi of
cords’ length. The C3D FV is defined as a collettid the
magnitude of the-first SHT coefficients.
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3.6 Zernike Moments (ZNK)

Let P,, be the current pixel value of a discrete image-tw
dimensional Zernike Moments order with repetitionn is
defined as (Shutler, 2007):
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Different from the C2D descriptor, the computatioin
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4.3 Shape-Feature Integration Approaches

We observed five integration approaches, namelyre Pu
Feature Integration (PFI), Reduced Feature Intagrat
(RFI), Weight-associated RFI (WRFI), Distance Im&gpn
(DI), and Rank Integration (RI).

A. Pure FV Integration (PFI)

In order to preserve proportionality when integrgtthem,
the original FVs need to be normalized in advaricet

f,,f,,..,f, be a set of normalized FVs, a new pure

a0y

integrated FMpr, is defined as:

fPFI {Wl fl W, fz g W fn} @
Using PFI, the dimension of the integrated featarequal
to the total dimension of the original FVs. Thusmputing
the distance of twés is slower than of two original FVs.

the Zernike moments does not need the knowledge of

boundary information. Thus, it is more suitable fopre
complex shape representation. The ZNK FV is defiagc
set of the magnitude of Zernike Moments coefficseft
with n 0, taken from the 2D projection images of a 3D
model (Chen, et. al., 2003).

4  MULTI SHAPE-FEATURES INTEGRATION

4.1 Feature Orthogonality and Feature Relevance

In general, every FV represents its own relevapeeisor
characteristic of the shape. Therefore, each feaisr
suitable only for a corresponding aspect of thepshdn
order to enhance search performance, the candiddtes
feature should complement with each other. We itdytdo
not expect that we will have two FVs that are abhagonal
as x-axis andy-axis in a 2D Cartesian coordinate are.
Nevertheless, there should be some FVs, whichivelgt
orthogonal to each other in a certain degree. Toergour
hypothesis is combining more FVs will yield bettetrieval
performance than an individual FV does.

While combining features, some specific featuresy ma
be more relevant in representing the shape of anddel
than others. The relevance of FV is representedaby
weighting factor. The more relevant a FV is conside the
higher weighting factor is assigned to the FV, weesa.

4.2 Feature/Distance Normalization

Different FVs deliver FV components in differentakes,
whereas an integration needs the components ta ke i
canonical scale so that different FVs can be ptopaally
integrated. Likewise, different distance metricsute in
different scales of distance value. Thus, FVs aisthdces

B. Reduced FV Integration (RFI)

Let f,,f,,...,f, be a set of normalized feature obtained by

normalizing and then reducing the dimension ofdtiginal
FVs, a new reduced integrated-kY, is defined as:

fre =W, F, W, T, ,ow, f ] )
The dimension is reduced by using only the filst
dimension of the original FV. By reducing the diraim,
the total dimension of the integrated FV will beuabor
almost equal to the dimension of single originalsFV¥hus,
computing the distance of twiags is almost as fast as of
two original FVs.

The dimension reduction might also reduce the
discriminating power, which is not desired in thdase.
However, in general for a certain range, the diffiee of the
dimensionality does not vyield much difference on
discriminating power. Thus, the integration modelld be
applied if the reduction should be not too muchadidlition,
the reduction needs the original FVs to be in atimul
resolution representation. A multi-resolution reggnetation

is a representation in which the components of F¥ a
ordered based on its global-detail pattern of shape
representation is obtained, for instance, by t@msihg a
descriptor from spatial domain into spectral dom&uach
representation allows the reduction without lospeagts of
FV corresponding to some parts of a 3D model. UBIRT,
SHT, and ZNK, the second requirement is fulfilled.

C. Weight-Associated RFI (WRFI)

We may reduce the relevance of the FVs by reduttieg
dimension in proportion to their weight. LEk) be thek-th
FV to integrate withk=1,...,n and w® be the weight

need to be normalized. We decide to employ Gaussiar@SSigned td®. The FV obtained by the third approach of

normalization (Igbal and Aggarwal, 2003) for norinig
both features and distances before integration.

distances into normalized values within the intef@dl].

The
normalization maps the values of FV components and

integration is defined as:

— (1) (1) (n) (n)
fen =LY e F 8 L
where a new dimension 6, D®, is defined as:

Q)

N .
D® = w®/ i:1W(I) (5)
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In some sense, the third approach implies thattbee

extracts additional text from the filtered terms.ond

relevant a FV, the more its discriminating power is specifically, term expansion aims to deal with greblem

considered in the integration, vice versa. In adujtfor a
specific case, where a transformation functionhsagDFT,
SHT, or ZNK, is used, the more relevant a FV, theran
corresponding detail pattern of the shape descrilyethe
FV is used. Hence, this approach is conceptualfferaint
from RFI.

D. Distance Integration (Dl)

of homology and synonymy (Min, et. al., 2004). Tteem
filtering, the term expansion, and the semantiateginess
measures utilize a lexical resource, WordNet (Reith,
1998), for providing either lexical data or funct®related
to the lexical resource. We describe them in detailhe
following sections.

Table 1 A comparison between various integration approaches

Let d; be the normalized distance between obj€gtandO,
calculated with respect to theh feature, a new integrated
distancedy, is defined as:

Approach

Characteristics, advantages(+) and disadvantapes (-

n PFI
(©)

E. Rank Integration (RI)

By using RI, we consider the ordinal value, i.e tank, as

- The whole information from the original remains the

same as the original (+).

- Combining high-dimensional FVs yields a very high-

dimensional FV (-).

- Distance computation is needed every time a query i

being processed (-).

- Preserves absolute position of the model in feature

space; thus supports unknown query processing (+).

- Needs feature normalization (-).

a distance. Let; be the rank of an object in the database REI
under a particular query with respect to thé feature, a
new Rl-based distanal, is defined as:

- Preserves the number of dimension to be equal or

almost equal to that of the original FV (+).

- Distance computation is needed every time a query i

being processed (-).

- Preserves absolute position of the model in feature

space; thus supports unknown query processing (+).

- Needs feature normalization (-).

- Similar to RFI in the dimension reduction, but the

relevance is related to global-detail pattern. Tiare
relevant an FV is, the more detail-pattern is used]
the longer dimension of the FV is taken.

- If the weighting factor changes dynamically, theoleh

dimension of the original FV needs to be stored (-)

- Assumption: the distance value is considered techff

the effectiveness more than the rank.

- Distance computation is not needed when processing

query; thus provides faster query processing (+).

- Does not preserve absolute position, but relative

position of the model; thus does not support unkmow
query processing (-).

- Needs distance normalization (-).

dey = W, ™
i=1

WRFI
Table 1 shows a comparison of the characteristics,
advantages, and disadvantages of the integration
approaches.

DI
5 TEXTUAL MATCHING ON 3D MODEL RETRIEVAL
In the previous section, we described several shape
descriptors that can be automatically extractednfie 3D
model. In addition to its discriminating power, the RI

advantage of using the shape descriptors is thas it
independent from natural languages. On the othed,ha
although textual matching suffers from the differenof
natural languages, we observe that textual matdhyrfgr is
mostly used by searching engines for searchingombt
textual documents but also multimedia documentsh ss

- Assumption: the rank is considered to affect the

effectiveness more than the distance.

- Distance computation is not needed while procesaing

query; thus provides faster query processing (+)

- Does not preserve absolute position, but relative

position of the model; thus does not support unkmow
query processing (-)

- Does not need normalization, since the rank is

inherently normalized (+).

image, e.g. http://images.google.com/and video, e.g.
http://video.google.com/ and http://www.youtube.com/
Thus, we propose integrating textual matching togietvith

shape matching into our 3D similarity retrievalteys.

While incorporating textual matching with shape
matching, we observe there are three critical gaffiecting
retrieval performance delivered by text features; i

1. The quality of text sources
2. The feature extraction algorithm
3. Similarity measures.

Figure 3 shows the steps that we employ for theugx
matching. Term filtering includes tokenization;grams
generation, and term approximation, while term exspen

—

Figure 3 Steps of our textual matching.



6

5.1 Text Source

We decide to automatically extract terms only froine
model file name. Compared to the description inside
model file or the web document associated withrtioelel,
the model file name is very short due to the spiatigation
or the “laziness” of the modeler. However, we assuhat
although 3D modelers may not intend to createearfdme
to be useful for textual matching, mostly they teea
representative names. Moreover, the space limitaiiothe
“laziness” encourages them to create file namels aiie or
two terms, which are considered the most imporfant
representing the semantic of the model. Therefofeature
extracted from the file name should be better thizat
extracted from web page, which could contain maoigyn
terms.

With respect to the quality, we observe some cases
shown in Figure 4. Figure 4 (a) and (b) show filmes,
which highly represent an idea about the model ftom
modeler's point of view, while Figure 4 (c), (d)nda(e)
could indirectly represent it semantics, i.e.: gdd shark,
and tiger. The worse cases can be found where adine
could not deliver good semantics as shown in Figu(®,
where the file name conveys the correct semantiweler,
in another language as shown in Figure 4 (g), cere/mo
correct semantics can be extracted as shown ird-#y(h).

(a) bee.wrl (b} dolphin.wil {c) ropebridgel zip {d) SharkIFS.wil

[i f)’ el;er;\ 1 (h) padell3ds

(e) itiger 1L.wal {g) oisean.wrl

Figure 4 File names that conveys semantics with differegtrede
of effectiveness.

Due to the space limitation of the file name and

irregularity of file naming, it is frequent that thall file

names contain useful terms. Hence, just in partthef
collection contains textual features. In other veottiere are
some models without corresponding textual featuFes.
this reason, the text feature is not used sepgratethe

sense that it does not allow a user to retrieve eisoty
providing text as the only query. The text featigeused
only for complementing shape features.

5.2 Text Feature Extraction

Most file names suffer from irregular naming, aswh in
Figure 4 (c), (d), and (e). A good algorithm fortrexting
the textual feature must be able to extract medwmingrms

from such names. The algorithm has to deal with the
homology and synonymy problem as well. Adapting

common problems on textual retrieval, we list saber
possible problems while extracting textual desoriptfrom
3D model file names, as the followings:

S.AKBAR, J.KUNG AND R. WAGNER

Case sensitiveness. In order to deal with case
sensitiveness, all file names will be transformatb i
lower case names.

Stop words. Following common practices from text
retrieval, we remove stop words or common words,

such as “the”, “for”, “you”, and “someone”. We oedt
the stop words from (Sanderson, 2006).

Inflected or derived words. In order to reduceenfed

or derived words into their so-called base or footn,

a stemming algorithm needs to be used. In our vese,
use the functioomorphin WordNet to stem the words.
For example, using the stemming algorithm, “houses”
and “house” will be transformed into their basenfor
i.e. “house”.

File names with digits. A digit in a file name cdube
either important or unimportant depending on the
context. For instance, digits in “treel.off” mighe less
important than digits in “boeing747.wrl”. Howeven,
general case, digits is considered as noise.

Meaningless file names and multiple terms. Files
named “dmmarcgz.vrml”, “xpac.off’, and “eng.obj”,
could have any meaning from modelers’ point of view
However, it is very difficult to interpret exactlhe
modeler’'s idea on such file hames. They could be an
abbreviation of something, or even a sequence of
characters without any meaning. However, we found
that for some file names such as “sharkIFS.wrl",
“grhouse2.zip”, ‘“vegetatin.vrml”, we can extract
meaningful terms, i.e: “shark’, “house”, and
“vegetation”, respectively, by-grams generation and
term approximation. In addition, a file name coublel
composed of several meaningful words separated by a
specific character, such as “animated_skeleton.amt!
“broklyn-bridge.off”. A tokenization mechanism will
simply resolve the problem.

Non-English file names. Since our algorithm makss u
of a semantic lexicon for the English language,
WordNet (Fellbaum, 1998), it cannot distinguish
between a non-English file name and a meaningikess f
name; therefore non-English file names are conesdier
to be meaningless. The use of multi-language semant
lexicon may solve the problem, but it is out of soepe

of this paper.

Nouns, Verbs, or Adjectives. A file name could be a
noun, such as “bridge.off”, “man.wrl”, “insect.3qs4
verb, an adjective or the combination of them, sash
“flying_bird.max”, “red-ball.vrml”. We argue that
generally a noun is more important than a verbror a
adjective for explaining a concept. Moreover, ire th
case of 3D models, we are dealing with models of
physical objects. Therefore, we use terms, whiah ar
categorized as noun, more specifically physicakaobj
class, in the WordNet, and ignore adjectives, veshd
non-physical object classes of nouns.

Homology problem. We define the homology problem
as a problem occurred due to different levels ofcept
structure w.r.t. generic-specific relation. For e,
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in order to describe a concept of “wasp”, a modeler number of terms generated from the model file nam&es
may create a specific name such as “wasp” or argene the second approach is feasible in our case. Is thi
name such as ‘“insect”. In order to deal with this following, we will discuss only the semantic reldwess
problem, we generate hypernyms from the original approaches and will not discuss TFIDF, as it is el-w
terms. However, generating hypernyms leads to aknown technique.

problem, i.e. using WordNet every concept of noulh w
meet at the highest level “entity”. Therefore, vet the
depth of hypernyms to 2.

/* G[] is the seq. of text obtained by n-grams
generation,

T[] is by term approximation,

Syn[] is by synonym generation,

Hypl] is by hypernym generation,

S[] is a temporary-sequence of text,

TextFeature[] is the list of feature returned

by the function

Synonymy and polysemy problem. Synonymy is used
to describe the fact that there are many waysfes tee
same object. In other words, an object can be itestr

by some different words that are synonym to eachy

other, such as “baby”, “babe”, and “infant”. Polgse (1) Function Text_Feature_Extraction

is the fact that a word can express different meani
For instance, a word “table” can express eithexbalar g;

(in: Filename, out: TextFeature[])
remove_filename_extension(in out: filename)
to_lower_case(in out: filename)

array or a piece of furniture. Therefore, we geteera @ S tokenize(filename)
several synonyms and senses from the original terms Initialize:
However, it may also increase the number of bad(G) G[I £
matches because of the polysemy problem. Therefore(6) Tl £
we limit the sense level (the number of sense geedér (1) Synl ~
(8)  Hypll £

by WordNet) to 2 where senses in the first level tre .
9) for each term Sfi]
second level are the mostly used senses.

(20) if is_stop_word (S[i])

We generate a word li, i.e. a set of words where each gg el;imove (in=S[il, in-out: S)
word in the set is the homonym of “physical_objeot” (13) SIil morph(S[i])
WordNet. Then, in order to generatgrams we employ the  (14) if (notis_word_in_WordNet(Si]))
following mechanism. Given a sequergave generat&, a (15 Gl Gl o gen_ngrams(S[il)
set of subsequence of items, wheren is greater than a g% - TDS[]O GﬂoTED © gen_approx_term(S[i)
given threshold and the subsequence is a member ibf  (1g) for each term Si]
there is an intersection between two subsequenees, (19) Syn[] Syn[] o gen_synonym(S[i])
remove the smaller subsequence. Using the samdistprd (20) Hypl] Hyp[] o gen_hypernym(SIi)
we approximate a term by calculating the edit disteD (@1)  Textreature]] S[ o Syn{] o Hyp[l

between a ternil with each wordW in P. If the ratio
betweerD and the length of is less than a given threshold,
we addwW to the set.

Figure 5 The algorithm of text feature extractiadb is a
composition operation & andb).

Note that our approach distinguishes itself fromn(\t.
al., 2004) w.r.t the text extraction in the follows:
proposed and can be categorized into informatiamesd
approach (Resnik, 1995; Jiang and Conrath, 199%@; Li
L " 1998), edge/distance based approach (Leacock and
or the web page that it is linked from. Therebys iinore Chodorow, 1998; Wu and Palmer, 1994), and glosecas

generally appllca_ble, regardless whether or not theapproach (Lesk, 1986; Banerjee and Pedersen,

mode_ls _are ?‘Va"ab'e_ on the Internet, contain thepynyardhan and Pedersen, 2006). We will brieflys@né
description inside the file. two approaches we use in the experiments, i.e. LCH
2. We consider terms, which are categorized as physica(Leacock and Chodorow, 1998) and JCN (Jiang and
object in the WordNet. We argue that a 3D modeyonl Conrath, 1997), which have been considered the ipest
represents a tangible real world object that ihgsjgal  their respective category as reported in (Budatitakd
object. Hence, a non-physical object term can beHirst, 2001) and (Petrakis, et. al., 2006). For soeag

considered as noises, and thus is ignored. semantic relatedness, the two approaches make fuse o
lexical resource such as WordNet (Fellbaum, 19BRjure
6 shows a fragment example of the WordNet noun
taxonomy that is used for next illustrations.

Jiang and Conrath (Jiang and Conrath, 1997) prapase
measure by assuming that relatedness can be eafldagt
the extent to which two concepts share informatiear
o that, a conditional probabilit of finding nodes of concept
A good similarity measure should be close to humangg the child nodes of is defined. Adapting from (Jiang and

perception. We observe that we can employ two ptEssi  Conrath, 1997), we define normalized similarity vbeen
approaches for our case, i.e. TFIDF approach andustc the two concepts; andc, as follows:

relatedness approach. It is important to note ttheimited

1. We extract textual descriptor only from the 3D mode
file name rather than from descriptions inside rinedel

3. We utilize n-grams generation and term approxinmatio
in order to deal with meaningless file names atel fi
names with multiple terms.

Figure 5 shows the algorithm of text feature extoec

5.3 Textual Similarity Measure

Numerous semantic relatedness measures have been

2003;



SirT}chn(Cl 7C2 ) =
1/(1+2In(P(Iso(c, ¢, ))) - (In(P(c,)) +In(P(c, ))) ®)

where Iso(c;,c;) is the lowest parent nodéofest super
ordinate, Iso(Budatitsky and Hirst, 2001)) af andc,.

/ \
0% % #
| |
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! #
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— T |
& ! #

Figure 6 A fragment of the WordNet 2.1 noun taxonomy. The
numerical values indicate the conditional prob&b#iP.
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6 EXPERIMENTAL RESULTS AND DISCUSSION

6.1 Experimental Setup

We implemented a prototype of 3D retrieval system
employing the multi shape-features integration epphes
described in Section 4. We compare the integratiodels
using the Princeton Datasets (Shilane, et. al, Q4@ the
Training Dataset (PrincTrain) and the Testing Deitas
(PrincTest), a subset of the CCCC dataset (Vr&2005),
and the Utrecht dataset (Utrecht, 2005). The tnginiataset

is used for obtaining the best weighting factor and
measuring the effectiveness of retrieval, while titber
dataset is for cross-validation in order to confiwhether
the weighting factor is also applied on other detlas
describes the datasets used for the experimentde Ta
describes the datasets used for the experiments.

After pose normalization using weighted PCA, a
modification of (Murtagh, 2005), we extract six fie@@s
from the models in the dataset, as described inide8.
Our previous experiments done in (Akbar, et. a00&)
have shown that FO FV and LB FV tend to be
interchangeable. Therefore, in this paper we dr8pRY
and use only five shape-features. In addition,ep®nted in
(Bustos, et. al., 2004), the dimension of about B5Guite
stable. Hence, we decide to use FVs with the dimansf
about 256. In the case of RFI, we reduce the dimnansf
every FV to 51 such that the reduced integratedvi/

Leacock and Chodorow (Leacock and Chodorow, 1998); 4. e the dimension of 255.

determine the measure of semantic relatednesxamaany

by the distance of the shortest path between nodes

representing concepts in hypernym-hyponym relatiolet

len(c,c;) be the length of the shortest path connecting the

two nodes through their corresponditsp and D be the
maximum path length in the taxonomy. Adapting from

(Leacock and Chodorow, 1998), we define normalized

similarity between a pair of concepts as:

nlen(e,.c;) /m 1
2D 2D

Sim, ., (€,,C;) = ©

As an illustration, by using the fragment depicied
Figure 6 and by considering that the largest dé&pih the
WordNet is 19, we obtain the following similarityeasures:

sim, ,("table,"chair’) = 025, sim, ., ("tablé,"insed") = 007,

sim, .,("tablé!,"chair') = 062, sim, ,,("tablé, "insed") = 029.

The results conform to our perception that the sdéima
relatedness between “table” and “chair” is highwant that
of “table” and “insect”.

Since we employ similarity relatedness to the det o
terms obtained by term filtering, the similarity asere
between the sets of terms needs to be definedlLatdT,
be the sets of terms associated with objects 1 Znd
respectively, the distance of semantic relatedibetaeen
the two sets is defined as:

D(T,.,T,)=1- anSin(Tli P ) (10)

Table 2 Datasets for the experiments.

Dataset No. of Models  No. of Classes
Princeton Training (P) 907 90
Princeton Testing (Pt) 907 92

CCCC (C) 473 55
Utrecht (U) 376 5

We make use of L1 distance for shape matchinguas o
preliminary experiments show that it is the begnpared
other distance metrics, such as Euclidean distearue
Quadratic distance. As described in the previoctiag we
employ Gaussian normalization (Igbal and Aggan2aD3)
for normalizing both features and distances. Initaafg for
text matching, we make use of cosine similarity suea
(TFIDF) and the distance measure of semantic dess
as described in Section 5.3.

6.2 Shape Matching

In the first experiment, we measure the averageigion
versus recall obtained by employing all individdiehtures
and all unweighted integrations. As depicted in

Table 3, in general, ZNK outperforms other individual
features, except for Utrecht dataset, where C3fbasbest.
This could be because the Utrecht dataset congagmsaller
and more specific spectrum of 3D model classes,5.e
classes of aircraft, and the C3D FV rather tharerotivs
can effectively describe models in these classes.
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Table 3 Average precision vs. recall for each individus(l &nd
their unweighted integration.

Feature P Pt C U
Cc2D 0.381 0.386 0.534 0.621
ZNK 0.416 0.417 0.552| 0.619

DB 0.387 0.395 0.543 0.592
FO 0.346 0.351 0.483 0.627
C3D 0.390 0.388 0.530| 0.634
PFI 0.442 0.449 0.582 0.634
(W)RFI | 0.429 0.436 0.589 0.636
DI 0.470 0.477 0.611 0.643
RI 0.438 0.449 0.580 0.64(Q

We highlight that with the same dimension, (W)RFI
provides higher performance than the best indididod
does. In addition, among the integration approacbéss
the best. Note that RFI and DI have different and
complementing characteristics. Note also that ffieiency
of (W)RFI concerning distance calculation is theneaor
almost the same as that of the original FVs. Moegov
(W)RFI stores absolute position of 3D objects ie teature
space. Thus, it supports unknown query, i.e. ayquéth a
model that is not available in the dataset. Onother hand,
DI approach stores only relative positions of 3Deots in
the feature space. Hence, it does not support wumkno
query. Nevertheless, it is obvious that DI is noltydhe best
compared to the others but also analytically fastem
(W)RFI.

The second experiment aims to obtain which weightin
factor is the best for the five integration appiws In
order for that, we make use of four levels of ralee when
integrating shape-features:irrelevant less relevant
relevant and more relevantand we associated the levels
with weighting factor 0, 1, 2, and 3, respectivelyfeature
that is not used at all is defined as an irrele¥aature, and
assigned with the weighting factor zero. As we (ise
FVs, there exist five weighting factors. For unifoty, in
the next explanation, the weighting factors are agsv
written in a fixed order, i.e. the weighting factof C2D,
ZNK, DB, FO, and C3D.
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We use PrincTrain dataset to determine the best
weighting factor. Then, we employ the best weigifictor
on the other datasets to confirm if it improvesriestl
effectiveness. Since there are five FVs and fouelte of
relevance involved in the integration, we havel 4 1023
possible combinations of weighting factors. Of th@23
possible combinations, we take the best-ten contibima
for each integration approach as depicted in Tdbl# is
interesting to note that while integrating the teas, C2D,
ZNK, and C3D tend to be more relevant than DB afd F
Table 4 also shows that compared to WRFI, RFI plewi
comparable performance. Since WRFI is less flexibtae
weight is dynamically changed, we prefer to use. RFI

Using the same weighting factor as shown in thst fir
row of Table 4, we measure the performance of the
integrations and compare it to that of the begglsifV on
other datasets. As shown in Figure 8, the resulficns
that the best weighting-factor obtained from thaining
phase is applied not only to the training dataset,also to
other datasets. The experiment shows that the best
weighting factors yield higher performance compated
either the best single FV or unweighted integrafsme also

Table 3). Although the best weighting factor obtained
from the training phase is not the best for othatasets,
they consistently yield higher performance. Moreova
general the result of using RFI and DI consistehtg the
same behavior as we obtained when running theinain
dataset.

We considered RFI and DI the best compared to other

approaches. On the other hand, they deliver difteeand
complementing characteristics as explored in Table
Therefore, we propose to make use of RFI and Déttaay.
The scenario of using both approaches can be kasviol If
the query is available in the database, use Drawige the
rank of similarity. Otherwise, calculate the RFItbé query
object, compute the distance between the RFI ofgtiery
with the RFI of all objects in the database, anavigle the
rank of similarity.

Table 4 The best-ten weighting factors and performanabefive integration approaches applied to PriagTdataset.

PFI RFI WRFI RI DI
NO  Weight é‘;,g' Weight é‘;,g' Weight é‘l’jg' Weight é‘l’jg' Weight é‘;,g'
1 32103 0472 32113 0455 13001 @463011 0447 23112 0.475
2 32102 0471 33113 0454 12001 ©493111 0447 23122 0.475
3 33103 0470 32103 0454 13002 ®463111 0447 23012 0.474
4 22103 0470 33013 0454 33002 ®423011 0447 23022 0.474
5 31102 0470 31103 0454 23003 ®483111 0446 23113 0.474
6 31101 0470 31113 0454 22001 ®452011 0445 13112 0.474
7 22102 0469 32013 0453 23001 453001 0445 23123 0.474
8 31103 0469 32112 0453 23002 TD463012 0445 12011 0.474
9 21102 0469 32012 0453 12002 1D4R3012 0445 23013 0.474
10 32101 0469 31112 0452 13003 50423112 0445 13122 0.474
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6.3 Textual Matching

We want to observe if the extracted text can bdulier
retrieving 3D models. For that, in this case weyarde the
text feature for retrieving 3D models. We take $plecare
of ranking models when the distance between quedytlae
models reach maximum distancds=1.0. Because of the
quality of text source, in some cases models mag tmo
textual feature, and therefore their distance \aitly query
will always reach maximum distance. In order to m#ke
rank independent from object position in the liste
randomize the rank of objects if their distancehwihe
query is equal to the maximum distance.

Figure 9 shows that in general the text featureaetetd
only from model file names using the proposed aligor
can be used to discriminate 3D models to each otret
significantly outperforms the random approach. Hesve
this is not the case for Utrecht dataset, on whicé
performance of textual matching is not much différeom
the one of the random approach. We observe that gre
two reasons for this case. First, the dataset temmad and
very specific spectrum of 3D model classes and filee
names tend to be so generic that they cannot defirg
discriminating power. Second, the number of classdbe
dataset is considered very small, i.e. five classesh that
using random approach a retrieved model
probability of 0.20 to be relevant or similar tcetiquery.

From the experiments, we conclude that the textual

matching can be used for 3D similarity retrievalenhthe
spectrum of model classes in the dataset is largagh.

We want to know the effect of employing batlgrams
generation and term approximation while extractiegt
feature. For that, we compare the retrieval peréorce for
two cases: extraction with and withatfgrams generation
and term approximation. As depicted in Figure 1fe t
results show that the extraction wittgrams generation and
term approximation generally outperforms the ontheuit
them. Again, with the same reason as we explaimed f
Figure 9, the performances of both approaches oecbit
dataset are not significantly different from eatieo.

It is interesting to note that the measures usi@# land
JCN provide retrieval performance, which is complrdo
the performance of TFIDF. Therefore, LCH and JCN ba
alternative measures besides TFIDF. It is importantote
that the measures LCH and JCN depends on onle#ieal
resource (WordNet), while TFIDF also depends on the
statistics of textual data in the dataset. Thugiladd JCN
are more independent from the dataset.

6.4 Multi Shape-Features and Text Feature Integrati on

In Section 6.2, we have demonstrated that multipsha
features integration tends to provide higher distrating
power than the original FVs do. However, such |ewel
features still cannot sufficiently represent theysh of 3D
models. Models, which are considered by a humagegud
be relevant to the query, could be put at the bottist
because the distance between the models and thg ique
the shape feature space is large. By making udextdal

has the
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matching, we expect that the textual feature wilrpvthe
shape-feature space. We argue that in most caskslte
features extracted from the model file names cogefdesent
semantic similarity from modelers’ point of view sisown
in Section 6.3.

Figure 7 shows a situation where textual featuragpw
data in shape feature space. As shown in FiguRATs far
away fromP1. However, since they have the same text
attribute, the low-level features are warped to R4 and
P1 closer to each other. In some cases, the atSbare not
exactly the same but still have semantic relatsarch a1
andP5. In this case, textual matching is expected toveel
only small distance between “Insect” and “Bee” stilcat
warping mechanism still works well. However, in #rey
case, due to the source quality, the text attrimdg destroy
the relation between two models that are actuathjlar to
each other and have close distant feature, as shetween
P2, and P3 (a flower which has attribute “bee”).
Nevertheless, we may consider such a case as @, 1aoid
assume that most cases are in the situation asrélted by
P1, P4, andP5.

f2 o
P1, Named as Bee

Y P2, Named as flower
.. ° o o_~ P3, Named as Bee
o °© ° %
° oo & P4, Named as Bee
° OO ° 99 f

L4 o o .
- AL
P5, Named as Insect

»

f1

® Bee o Flower
Figure 7 A situation of data in shape feature space wiglr ttext

feature space.

In our experiments, we define joint similarity meses
for shape (DI, RI) and textual matching (TFIDF). €Th
overall distance (DI) of two models is a weightedhsof the
shape feature distance and the textual featurantist

d(X,Y)=wgdg +w; .d; (11)
wherews andw; are the weights for shape matching and for
textual matching, respectively, amg+w:=1. Note thatds
is obtained by RFI of five kinds of shape FVs, whd} is
obtained from a single text source. Therefore, way m
expect that RFI is more important than textual kEXhsthat
we may setws=5wr. On the other hand, we may consider
RFI as a whole feature describing shape such thmeisi the
same importance as textual matching, and therefgrev.
We experimented with both weight settings, and olesk
that they do not yield much different performares shown
in Figure 11.

In the case of the rank integration, special caustrbe
taken for models whose distance to the query reathe
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maximum distance value. Recall
distance, di=1.0, could be obtained because of the
corresponding textual-FV is empty. On the otherchatue

to the nature of the rank function, different olge@re
always assigned with different ordinal values ohks
within the interval [I\] whereN is the number of models in
the dataset. Therefore, we consider the ranks radarom
the maximum distance as uncertain ranks. Thughforank
integration, we useér only if the distances of the textual
feature is less than the maximum normalized-digane.
01<1.0; otherwise we use the maximum possible rRpk
that is equal to the numbef objects in the dataseN).

Thus, new joint distance measurement using
integration is defined as:
_ Welg Wy, d; <10 a2

RI

wer stW R, d; =10

As shown in Figure 11, integrating multi shape-tieas
and text feature using DI is the best comparedéoanly-
shape matching, or integration using RI. We emeattiat
joint similarity measure for shape and textual rhatg
using DI improves the performance, and outperfosimepe
matching.

7 CONCLUSION

In this paper, we observe and analyze five appemdai
weighted FV integration in 3D model similarity rietral.
The integration aims to enhance retrieval effectéss. Our
hypothesis is a single FV describes only a paatigdect of
3D shape. Therefore, integrating several FVs milgiscribe
more comprehensively aspects of 3D shape, andrim tu
improve retrieval performance. Our experiments gt
the hypothesis; weighted integration of several Efgls to
improve the performance. It is interesting to ntitat the
weighting factors, which are selected by runnirigassible
combinations of weighting factors on the trainingtaket,
are also working consistently for other datasets db
integrations. That is the weighted integrations bedter
than the unweighted ones.

Among the five FV integration approaches, we prepos
making use of RFI and DI. RFI, which has similar
characteristics as PFI's, not only yields perforoen
comparable to PFI, but also provides good efficjenc
because of the dimension reduction. DI, which haslar
characteristics as Rl has, outperforms the effentigs of
RI. We propose the use of both RFI and DI in ortier
obtain higher efficiency and effectiveness of tlie rBodel
retrieval system, which supports both known andnomn
guery objects.

This paper has also shown that text feature exdact
only from the model file name has a certain levél o
capability of discriminating 3D models to each othk
addition, semantic relatedness measure using LCBICof
can be an alternative measure besides TFIDF approae
experiments also demonstrated that the 3D modeévat
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that the maximumthat integrates shape-feature and text-feature gughh

outperforms the retrieval based on only the shepgifes.
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Figure 8 Performance comparison between the best indivieda
and the best weighted integration of shape FVs.
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Figure 9 Performance comparison between TFIDF, LCH, JCN,
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Figure 10 Performance comparison between text extraction,
wheren-grams generation & term approximation is useddsol
line) & not used (dashed line).
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Figure 11 Average precision recall of retrieval using shapd

text

(TFIDF) features.



