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ABSTRACT Most of three-dimensional shape retrieval techniques pro-
posed in the literature aim to extract from the 3D model

The description of 3D shapes with features that possess daneaningfuI descriptors based on the geometric and topo-

scriptive power is one of th? most chaII_enging issuesin Con'Iogical characteristics of the object. Survey papers to the
tent based 3D model retrieval. In this paper we propose o|ateq jiterature have been provided by Tangelder etORI[2
the usage of spherical wavelet transform as a tool for the ;4 lyer et. al[9]. They fall into three broad categories:

analysis of 3D shapes represented by functions on the unit ¢ ,re_-based including global and local features, graph-
sphere. We introduce three new shape descriptors extractegased and view-based similarity.

from the spherical wavelet coefficients, namely: (1) a sub-

: o View-based techniques compare 3D objects by compar-
set of the spherical wavelet coefficients, (2) theand, (3) ievbas 1ques P jects Dy P

. . ing their two dimensional projections. The Lightfields [1]
thel, energies of the spherical wavelet sub-bands. The ad'are reported to be the most effective descriptor [18]. View-

vantage of _thls t(_JoI is three fold: Fl_rst, it filters out small based techniques are suitable for implementing query-inter
shape details which hamper the retrieval performance. Secs

. . o . faces using sketches [9, 6].
ond, it takes into account feature localization and local or Graph-based techniaues reduce the oroblem of shae dis-
entations. Third, it allows shape matching at different res p d P P

olutions. Spherical wavelet descriptors are natural exten similarity estimating to the problem of comparing graphs.

) ) i : They are suitable for retrieving articulated objects, aral t
sion of 3D Zernike moments and spherical harmonics. We . .
. Reeb graph proposed by Hilaggal.[7] is among the most
evaluate, on the Princeton Shape Benchmark, the proposed . .
opular. Other techniques include methods based on the

dgscnptors regarding computational aspects and shape r distribution of features such as shape distributions [a54]
trieval performance.

local features such as spin [11]. Shilane et. al. [18] pro-
vides a comparison of these techniques and reported that
1. INTRODUCTION histogram based techniques are the less efficient in term of
discriminative power.

The 21st century is the era of digital media and a substan-  Feature-based methods aim to extract a compact descrip-
tial progress has been achieve in acquisition, storage andor from the D object. A common approach is to repre-
transmission of different types of information. While text, sent the shape using functions defines on the unit sphere.
images, sound and video have been the predominant form offunkhouser et al.[6] uses spherical harmonics (SH) to an-
digital media, 3D models emerge as a new form. They havealyze the shape function. They demonstrated later that the
applications in many fields including CAD, medicine, phys- spherical harmonics can be used to achieve rotation invari-
ical simulation, e-commerce and education. Consequently,ance provided that the shape function is defined on the sphere
a significant research effort is spent to developing effecti  [12]. Novotni et. al. [13] uses 3D Zernike moments (ZD) as
techniques for 3D model retrieval. a natural extension of SH. Representing 3D shapes as func-

A challenging issue in content based 3D model retrieval tions on concentric sphere have been extensively used [12].
is the description of a model with a suitable numerical rep- Our developed descriptors fall into this category and are a
resentation calleshape descriptor. In general a shape de- hatural extension of SH and ZD.
scriptor should be discriminative, compact, easy to com-  Inthis paper we present a new 3D content based retrieval
pute, and invariant under a group of transformations. While method relying on spherical wavelet transform (SWT). Spher-
invariance to global transformations, such as translatipn ~ ical Wavelets have been introduced by Sitar et. al. [17]
tation, scale [5, 12, 22], and invariance under certain de-and since, they have been used to solve many geometry
formations [7, 19], have been extensively studied, exgstin processing problems including 3D model compression [8].
shape descriptors have difficulties to handle local vamati ~ Similar to first generation wavelets [2, 10], SWT are an ef-
in scale and orientations. On the other hand, small detailsfective tool to analyze shape functions defined on the sphere
in the shape hamper the performance of many descriptorsSz as they provide a natural partition of the function spec-
Similarity measures need to be computed at optimal transla-trum into multiscale and oriented sub-bands.
tion, rotation and scale. Moreover, they should capturg onl To the best of our knowledge, SWT have not been ap-
the key shape features. plied to content based retrieval of 3D models so far. We



make use of these results and propose three new descrip-

tors, namely: spherical wavelet coefficients as feature vec
tor (SWG), L1 energy of the spherical wavelet coefficients
(SWEL1), and L2 energy of the spherical wavelet coeffi-
cients (SWEL2). In particular SWEL1 and SWEL2 and

compact, easy to compute and compare and rotation invari-

ant. Spherical wavelet descriptors are a natural exterdion
spherical harmonics [6] and 3D Zernike moments [13, 14].
They offer better feature localization and takes all the ad-
vantages of wavelets over Fourier analysis.

This paper begins by reviewing in Section 2 the general
concepts of spherical wavelet transform of functions on the
sphere. Section 3 describes in detail how our new shape sig
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Fig. 1. Spherical wavelet transform: domain setting.

- The natural extension of Euclidean translations are rota-

natures are extracted. Section 4 presents some experimentéions on sphere”?2. The setdV(j) andK(j) are now index
results. Finally, we summarize the main findings and issuessets on the sphere such tiatj) UM(j) = K(j+ 1), and the

for future research in Section 5.
2. SPHERICAL WAVELETS FOR SHAPE ANALYSIS

In the context of 3D shape analysis, it is common to
represent a 3D model as a functibrsampled on the unit
sphere:

SRt

fu) =1(0,9).

wheref and@ are respectively, the azimuthal and polar an-
gles. We use spherical Extent function (EXT) which mea-

line distance is replaced by arc distances. The decomposi-
tion filtersh, §, and the synthesis filtets g denote spherical
wavelet basis functions.

2.2. Analysis of the spherical shape function

To analyze a 3D model, we first apply spherical wavelet
transform (SWT) to the spherical shape function and col-
lect the coefficients to construct discriminative descoript
The properties and behavior of the shape descriptors are
therefore determined by the spherical wavelet basis func-
tions used for transformation.

Similar to 3D Zernike moments [13] and spherical har-

sures the maximal distance from the center of mass to the™onics [12, 22], the desired properties of a descriptor are:

surface as a function of spherical angé @) [16].

2.1. Spherical wavelets

Wavelets are basis functions which represent a given sig-

nal at multiple levels of detail, calletesolutions. They
are suitable for sparse approximations of functions. In the
Euclidean space, wavelets are defined by translating and di
lating one function calledhother wavelet. In .72, however,
the metric is no longer Euclidean. Soder et. al. [17] in-
troduced the second generation wavelets. The idea behin
was to build wavelets with all desirable properties adapted
to much more general settings than real lines and 2D im-
ages.

The general wavelet transform of a functianis con-
structed as follows:

Ak = Yiek(j) hjkiAj+a

Yik= Yiem(j) GjmiAj+1

Analysis:

Synthesis: Aj;q) = ZkeK(j)hj,k,|7\j,k+
YmeM(j) 9j,m1Yjm

whereA; . andy; , are respectively the approximation and
the wavelet coefficients od the function at resolutjoifhe
analysis process is performed recursively on the function
A = An,. at the finest resolution, to gety; . at levelj, j =
n—i,...,n—1. The coarsest approximation_; . is ob-
tained afteli,0 < i < niterations.

d

(1) Invariance to a group of transformations, (2) Orthonor-
mality of the decomposition, and (3) Completeness of the
representation. The orthonormality ensures that the set of
features will not contain redundant information. The com-
pleteness property implies that we are able to reconstruct
approximations of the signal from the decomposition.

The SW basis function should reflect these properties.
In our implementation we experimented with Haar wavelets

which are orthogonal, have a compact support and one van-

ishing moments. Other SWT can also be used, and an in
epth analysis of their performance is required, which is
eyond the scope of this paper.

In practice, the shape function is decomposed into an ap-
proximation part and detail parts by applying low pass and
high pass filters in horizontal and vertical directions. éjer
we mean by horizontal the direction along the azimuthal an-
gle 6, and by vertical the polar direction (angp®. The ap-
proximation part is recursively decomposed until the coars
est level is reached. Finally, the approximation and the SW
coefficients are collected and will be used to build the shape
descriptor. Algorithm 1 summarizes the process. Lets de-
note by:

o 4, and %, one dimensional low pass filters in the
horizontal and vertical direction respectively.

e 7, and %, one dimensional high pass filters in the
horizontal and vertical direction respectively.

In our implementation we used similar filter in horizontal
and vertical directions, i.e%, = 4 and.J#, = J%,. Issues



to consider are the setting of the neighborhood graph and
the distance measure:

e Neighborhood graph: As the spherical function is

regularly sampled along the azimuthal and polar axis,
we use the regular neighborhood graph illustrated in
Figure 1. The boundaries however require a care- (a) 3D shapes
ful processing. In our implementation we chose the

image-like structure: we use spherical neighborhood
graph at the north and south poles, and cylindrical

neighborhood at the eastern and western boundaries.

Distance measure: As the metric is not Euclid-
ean, an edge in the geometry image is an arc on the
sphere, inherent to the sphere sampling method, the
edges have different lengths (longer near the equator
and short at the north and south poles).

(b) Spherical wavelet coefficients as descriptor (SYVC

Algorithm 1: Spherical wavelet transform algorithm (c) Lz energy descriptor (SWEL2).

Input: Geometry imagé representing the 3D model,

size(l) = 2" x 2"; Number of decomposition levels
[Lo<I<nm

Output:

Initialization: 1M «— 1;
i—0;

repeat

- Apply %, in horizontal direction td(L—): (d) Ly energy descriptor
Za(17) = liow:

- Apply 7%, in horizontal direction td(-—):
A1) = lhign;

- Apply %, in vertical direction td)y, We get the
approximatiorl ("~ (+1): £ (15,) = 1(=(+1); .
- Apply %, in vertical direction td,q,, we get the o HD = {X,h,yxlh,z S ,Xirjki }
vertical detailv ("~ (i+1)):

Hilliow) =V "0+

Fig. 2. Example of different models with their spherical wavelet-
based descriptors.

o VT = It/ X5, X

- Apply %, in vertical direction tdygn, we get the o D) — fxd d .
horizontal detaiH ("—(+1); et "27“"X'd’k‘}'
Zy(Irigh) = HO=0+2), For simplicity of notation and when the three directions
and the approximation images are treated equally we omit
- Apply 7 in vertical direction tdpign, we get the the upscript. Notice that, the wavelet transform generates
diagonal detaiD("~(+1): 2" x 2" coefficients independently of the number of decom-

position levels.
We propose three methods to compare 3D shapes using
Build the shape descriptor: their spherical wavelet: (1) Wavelet coefficients as a shape

A (Ihigh) = D),

until until i =1; descriptor (SWCd) where the shape signature is built by

3. SPHERICAL WAVELET-BASED DESCRIPTORS

considering directly the spherical wavelet coefficients] a
(2)spherical wavelet energies (SWEL1 and SWEL2). We
investigate both thé.1 andL2 energies. Figure 2 shows
three models and their SW descriptors. The following sec-
tions detail each method.

Using spherical wavelet transform, a geometry imbage

of size 2' x 2" is decomposed intb(0 < | < n) levels. At
each decomposition leveli = 1...1, we obtain three sub-

3.1. Wavelet coefficients as a shape descriptor

band coefficientH ") V(") and D"V of size 2 x A straightforward approach is to build a shape descriptor

2n-i,

The approximation imagd of size 2! x 2" is  ysing directly the spherical wavelet coefficients. Givea th

obtained at the last decomp(_)siti(_)n Ieileﬂ_'he wavelet co- spherical wavelet decomposition of a geometry imhgé
efficients are indicated byx{ ,x",... X} whereki = 43D object, we arrange the coefficients into a 2D lattice

2n7i

x 2"-" anddir € {h,v,d,a} which stand for horizontal, .# = {.%(i, )} of sizeN =wx h= 2" x 2". The dissimi-

vertical, diagonal and approximation, respectively. Tiat larity between three dimensional obje¢tsand &, is given



by theL, distance of their descriptorg; and.%5: rotation invariance without prior pose normalization. Sec
ond, it is used to reduce the storage and the computation
w h time required for comparison.
l2(F1, F2) = ZZ (7, 0)— Z2(0,1)° Q) The wavelet energy signatures have been proven to be
i=1j=1 very powerful for texture characterization [21]. Commonly
theL2 andL1 norms are used as measures [3, 4]:

For typical geometry images of sizé 2 27, the dimension

of the feature space is K6(K = 1000). Therefore, the de- 2 1 ki 2
. . . . . g;( ) _ - 2. (2)
scriptor is expensive in term of storage requirements and [ k Z Xij
computation time for similarity estimation. =1
Spherical wavelet decomposition generates a multi-résolu (D) 1K
representation of the shape function, where the shapdgetai Zi = K le| Xijl 3)

are encoded in the detail coefficients at highest layerseof th

pyramid, while the lowest layers approximate the 3D shape.A Spherical Wavelet Energy signature is computed for each

In general, many of wavelet coefficients of the function are detail geometry image yielding into a one-dimensional shap

either zero or negligible known ke sparsity property. On  descriptor# = {#%},i = 1...1, anddir € {h,v,d}. For

the other hand, not all the coefficients contribute equally t geometry images of size' 2 27, i.e,n=7 and ifl = 6 de-

the shape description. This is known by #atiency of the composition steps are performed, the size of the feature vec

features. Moreover, high frequency coefficients affect neg tor is thenN =3 x| =3 x 6+1=19. The components are

atively the discrimination power of the shape descriptor. ~ packed into a one dimensional feature vector= {.%,i =
Based on these properties, we have tested experimentallyl...N}. We refer toL1 energy and.2 energy-based de-

on the Princeton Shape Benchmark different lengths of thescriptors bySWEL1 andSWEL2 respectively.

spherical wavelet based descriptors. Hoe 1...n,n=7 The main advantage of this descriptor is its compactness,

we generate shape descriptors of si2ex29 by truncating and it is rotation invariant. However, information such as

then—d detail images. We call the obtained shape descrip- feature localization are lost in the energy spectrum.

tor SWG;, whered = 1,...,n, and measure their perfor-

mance for nearest neighbor, first tier, second tier, E-mreasu 3.3. Similarity metrics

and Discount Cumulative Gain. We found that the perfor-  Since 3D shapes are now represented as N-dimensional

mance of the descriptor increases frdm= 1 tod = 4 and vectors with real-valued components, a natural way to com-

then starts decreasing suggesting that fine details catdrib  pute distances vectors in the feature space is to use a vector

negatively to the shape description, while tbx 4 impor- norm, called alsd., norm, (Equatior??).

tant details are lost. In our experiments we use YWC Let F = (f1,...,fn), F' = (f],....f}) € RN be two
This approach performs as a filtering of the 3D shape by feature vectors. The dissimilarity between the 3D shapes is

removing outliers. A major difference with spherical har- given by thel; distance betwee# and.Z":

monics is that SWT preserves the localization and orienta-

tion of local features. However, a feature space of dimen- P N i\’
sion 256 is still computationally expensive. dp(F, F') = _;|fi =fP| spe{l2...} (4

|
In our implementation we experimented with the dis-
tance.
Comparing directly wavelet coefficients requires efficient  Note that the introduced spherical wavelet analysis frame-
alignment of the 3D model prior to wavelet transform. A work supports retrieval at different acuity levels. In some
popular method for finding the reference coordinate frame situations, only the main structures of the shapes are re-
is pose normalization using Principal Component Analysis quired for comparison, while in others, fine details are es-

Pose normalization

(PCA) [5], and continuous PCA [23]. sential. In the former case, shape matching can be per-
We perform the pose normalization in three steps; First formed by considering only the wavelet coefficients at large
we translate the shape’s center of mass to the o(@® 0). scales, while in the later, coefficients at small scales are

Then we align the shape to its principal axis using contin- used. Hence the flexibility of the developed method ben-
uous PCA [23]. We use the maximum area technique to efits different retrieval requirements.
resolve for the the positive and negative directions of the  Finally, Table 1 summarizes the length of the proposed
principal axis. Finally we scale the shape such that the-aver descriptors. Note that SWEL1 and SWEL2 are more effi-
age distance between the center of mass to any point in thecient in term of storage requirement and computation. They
surface is equal to/R. are also rotation invariant. Their discrimination effiaign
will be discussed in Section 4.
3.2. Spherical Wavelet Energy Signatures
4., EXPERIMENTAL RESULTS
Using the observation that rotating a spherical function
does not change its energy, we propose to use it to build a We have implemented the algorithms described in this
shape descriptor. Its benefits are two fold: first it guamsite paper and evaluated their performance on the PrincetoreShap
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Fig. 4. Precision-recall curves for SW-based descriptors.

Table 1. Performance of SW descriptors on the PSB base test
classification, values are in (%).

length || NN 15— 2nd_ E- DCG
tier tier measure

4.2. Performance evaluation

Figure 4 shows the precision-recall curves on the base
classifications of the PSB for the three shape signatures. We
found that the SWg outperforms SWEL1 and SWEL?2 in
term of average precision-recall metric.

T a We evaluated the performance of our descriptors using
= = || the nearest neighbor, first and second-tier, E-measure and
(c) Retrieval results using spherical wavelet L2-energy Discount Cumulative Gain measures [18]. The results are
(SWEL2). summarized in Table 1. This comes to confirm the visual

. ) ) ' evaluation, that is, spherical wavelet coefficients penfor
Fig. 3. Retrieval results using spherical wavelet-based shape de-b tt hile the L1 and L2 in th d and
scriptors. The query model is plotted in green, the correctly re- etter, whiie the L.L an energy comes In the second an

trieved shape are indicated in blue, and the others in red. third rank respectively. Note that the SWeequires more
storage and comparison time.
Similarly we compare our descriptors to the: (dght-
fields descriptors (LFD) [1] considered as the best descrip-
Benchmark (PSB)[18]. We represent each model using Spheor, (2) Spherical harmonic descriptors (EXT) [16, 12]:
ical Extent Function (EXT) of resolution 128128= 27 x extracted from the Spherical Extent function, and (&
27, i.e:n=7 along the azimuthal and polar angles. A fea- ada’s D2 Shape distribution [15]. Shilane et. al. [18]
ture index table is built for each of our descriptors. We use summarized their performance and we use their results to
six decomposition leveld & 6). SW( requires pose nor-  compare with our descriptors.
malization while SWEL1 and SWEL2 are rotation invariant. ~ Table 2 shows the results according to the quantitative
measures computed on these three descriptors (the results
are the one reported in the original paper [18]).

These results indicate that, spherical wavelet desceptor
perform better than shape distributions and spherical har-
monic descriptors on precision/recall measures. An inter-
esting observation is that the lightfield descriptor, which

First we executed series of shape matching experimentss considered a very good signature [18], performs slightly
on base test classification of the PSB. We select randomly abetter than spherical wavelet descriptors for khenearest
a 3D polygon soup model, and then compare it to the objectsneighbors related measures (nearest neighbor, first and sec
in the database. We show in Figure 3 the results of severalond tier), while the spherical wavelet descriptors perform
queries for each of our three descriptors SY}YSWEL1 slightly better than the lightfields descriptor for the prec
and SWEL2. Five most similar objects are displayed. A re- sion/recall measures (DCG), which are considered more in-
trieved model is considered relevant if it belongs to theesam dicative.
class as the query model. The relevant retrieved models are Spherical wavelet based descriptors have several benefits
plotted in blue, others in red, and the query model in green. over lightfields, shape distributions and spherical harimon

4.1. Retrieval results
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