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Pose-Oblivious Shape Signature

Ran Gal, Ariel Shamif, and Daniel Cohen-Gr

Abstract— A 3D shape signature is a compact represen- Instead of comparing the full 3D objects’ models, only
tation for some essence of a shape. Shape signatures arghe signatures are compared. This technique accelerates
commonly utilized as a fast indexing mechanism for shape the matching process in order of magnitude. More im-
retrieval.' Effective'shape .signatures capture some global portantly, the semantic meaning of similarity is defined
geometric properties which are scale, translation and by the signature used for comparison. For this reason
rotation invariant. In this paper we introduce an effective . . i X

the properties of the shape signature itself are of great

shape signature which is also pose-oblivious. This means, . A
that the signature is also insensitive to transformations IMPortance to the success of fast and effective similarity

which change the pose of a 3D shape such as skeletal articineasurements between shapes.

ulations. Although some topology-based matching methods For example, rigid-body-transformation invariance is
can be considered pose-oblivious as well, our new signatureoften desired for a 3D shape signature. Many of the
retains the simplicity and speed of signature indexing. recently proposed shape signatures aimed at captur-
Moreover, contrary to topology-based methods, the new ing some essence of a shape while being rigid-body-
signature is also insensitive to the topology change of the yansformation invariant and often also uniform-scale
shape, allowing us to match similar shapes with different invariant [1], [2]. Nevertheless, frequently, 3D objects are

enus. - . . : .
g Our shape signature is a 2D histogram which is a not rigid as in cups or chairs, but flexible to change their

combination of the distribution of two scalar functions SPatial arrangement or pose. For instance, a human or
defined on the boundary surface of the 3D shape. The first an animal 3D model may come in many different poses:
is a definition of a novel function called thelocal-diameter standing, running, sitting, lying etc.; a pair of scissors or
function. This function measures the diameter of the 3D a box may be open or closed. These models represent
shape in the neighborhood of each vertex. The histogram of the same object although their pose is different. Many
this function is an informative measure of the shape which ghape signatures which are effective for matching rigid
Is insensitive to pose changes. The second is thentricity  o00t5 do not handle pose differences of flexible objects
function that measures the average geodesic distance from . . .

well. In this work we concentrate on the pose-invariance

one vertex to all other vertices on the mesh. We evaluate L .
and compare a number of methods for measuring the property which is important for shape signatures. We

similarity between two signatures, and demonstrate the Qefing a signgture Which is rigid-bc')dy-transfor.mati.on
effectiveness of our pose-oblivious shape signature withininvariant, and is expressive to identify and distinguish
a 3D search engine application for different databases between different shapes similar to top-performing previ-

containing hundreds of models. ously defined shape signatures. However, it also remains
Index Terms— Shape-signature, shape-matching, pose_Iargely consistent through pose changes of the same
oblivious shape (see Figure 1), outperforming previous methods

when the database contains objects with pose changes
(see Table ).

Let W be a transformation that changes the pose of

The signature of a shape is a cqncise representgtiorhﬂfobjecto, such as skeletal articulations, aadO) the
the shape that captures some of its essence. A signali v re of0. Although our signature cannot guarantee
does not fully represent the §hape, and |t_|s |mp0_35|bletF%tG(o) — (¥(0)), in general, the distance between
reconstrucf[ the shapg from it. However, if the S|gnatu5e(o) and o(W(0)) is very small and certainly smaller
succe_eds N Expressing some of the shape’s propgr[ﬁgn that of current 3D shape signatures. Therefore, we
WeI.I, it can pe u§ed as a s_uccmct s_hape representaltl.\/(—[:elﬂT1 our shape signatugmse-obliviousThe key to our
various applications. A typical application area for us'ngose—oblivious signature definition is the use of pose-

shape signatures is 3D shape similarity and matching,iio,s features of the shape. These features are in

In these applications, signatures are extracted from %&t functions defined on the surface of the mesh, and
geometric objects and used to determine shape similar.

m’ey remain largely consistent when the pose of the
1. Tel-Aviv University, Tel-Aviv, Israel object changes (Figure 3). The first is a noletal-
2. The Interdisciplinary Center, Herzliya, Israel diameterfunction (DF), which captures the local shape

I. INTRODUCTION
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boundary or the volume of the model [1], [4], [5]. These
signatures only use global properties to characterize the

s& IIIIIn.uuu||||||||I|m|||||"||||||||||I|||||III||"|||||" 4 overall shape of the object. Hence, they are not very

z ‘ ““N discriminative about object details. The concept of global
um.....m..||||||||mn||||"||||||||I|.....m||||||||||| ,..||II||||||| “||||||||||||||I|||||u... ...... feature-based similarity has been refined by comparing

distributions of global features instead of the global

j/)l I ml . |||““H“"N“"""" features directly using shape distributions [2]. Global
L |||II|..|||||||I|||||||III||||| |||||"||IIIIIIII|||||||||||| .||||| |||||||I"|||III|| ...... measures as well as shape distributions are easy to

implement, they can be indexed efficiently and allow for

it . very fast reweval using he nearest nelghbor aigorithm
and others. Nevertheless, shape distributions have their

limitations as much of the shape information is lost by

projecting onto distribution descriptors (see e.g. [6]). In
general, designing expressive global measures is not easy

and there is still a constant effort to develop signatures

I ' || that are rigid body and scale invariant.
/Z;\ ||II||| ||||||II|||||||||II|||||||||III|||||"“|| I|||||| ‘|||||||||||||||"""||In ......... . The semantics Opose-lnvarlanCdor artICUIated Ob-

jects is similar to rigid-body transformation invariance

. W m ||||m||||” in rigid objects. A human standing, walking or bending
R .......|||| ||I||||.............u||||m.uu|||||||||| m ,.||I||||” ‘||||||||I|||uu..... ,,,,,,,, still represents a human. Although 3D models of such

objects can be geometrically different, they should often

%b ”“ |||”‘ |||||H“W”||"" be considered the same or close. Hence, providing a
X ......||||| |||II||||...um||IIIIIII||||||II||||||||| _.||I|||| ||||||||||||III|||....., pose-oblivious shape signature is of major importance in

applications such as search engines and shape-matching.
rig 1t Th? '%025" d'ameteff fU”Ct'ZonT(r?F)DE'Q“athe compared, |n the context of shape-matching, other works have
e 2 messure o 2] The OF & more mXre==hown pose-oblivious reslts. Specifically, tupology
more oblivious to pose changes. of 3D models is also an important shape characteristic

and is often pose-invariant. Pure topological signatures

such as the Genus, the number of connected components,
of the object’s volume. This new function examines thgnd in general, the Betti numbers of the shape [7], are
object’s diameter in the neighborhood of each point arery crude descriptions and may sometimes even harm
the surface. shape similarity measures. The term ‘topology’ is often

The histogram of the DF function is an expressivgsed to describe the overall structure of the shape. To-

signature regarding the distinction between shapes, aggkds this end, graph-based and skeleton-based methods
also carries the pose-oblivious property of the functiofttempt to extract a more succinct representation that
itself (Figure 1). Nevertheless, the spatial distributiofharacterizes the Shape components and the way they
of the function is completely lost. To alleviate this, weyre linked together [8], [3], [9], [10], [11], [12]. In such
use a second measure, thentricity function (CF), that methods, the object signature is typically represented in
has been used previously [3]. This function measurgfe form of a relational data-structure such as a graph.
for each point on the boundary surface of the objeggence, the similarity estimation problem is transformed
the average of the geodesic distances to all other poifig a graph comparison problem. This facilitates artic-
on the surface. We use the centricity function as \@ated body matching, since topology is usuallpase-
positional measure and create a 2D signature whichglivious characteristic of the object. However, general
a histogram combining the two functions’ distributionsgraph matching is a very difficult problem, and there is a
This signature gives better discrimination results thajeed to align the graphs or sometimes even sub-graphs.

X
/f'\ I|||||mlllI||I|||||||III||||||

Local Diameter D2 Measure

each function on its own. The graph extraction process is often very sensitive to
topology changes and noise. Furthermore, the cost of
Il. SHAPE SIGNATURE PROPERTIES graph comparisons increases proportionally with graph

Shape signatures that characterize the global shapesiak, resulting in relatively slow comparison and retrieval
a 3D model are oftenigid-body transformand uniform times.
scaleinvariant. These include the volume-to-surface ra- In contrast, our proposed signature carries the effi-
tio, statistical moments, and Fourier transform of tha@ency, simplicity and robustness of shape distribution
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methods [2], and is not sensitive to topology changes.bé considered rotation-invariant. Nevertheless, none of
is scale, rotation and translation invariant, in additiothese methods is pose-invariant and they cannot support
to it being pose-oblivious. This signature gives vergrticulated body matching.
good results using various metrics and models from theGraph-based methods attempt to extract a structure
Princeton Shape Benchmark database [13], and perforimsn a 3D shape generalizing it to a graph showing how
even better when various poses of the same or simitae shape components are linked together. Some of these
objects are used. methods use discretization based either on voxels [8],
[10] or on Voronoi and Delaunay complexes [11], to
lIl. RELATED WORK extract a skeleton or partition the object to its com-
The problem of similarity and matching of shapeponents. These are then used to create the object’s
has been extensively studied in numerous fields suchgs#aph representation. Other methods use morse functions
computer vision, robotics, molecular biology and otheren the surface to characterize its topology building a
Many have focused primarily on matching shapes in 2Dulti-resolution Reeb graph [3], [9]. The graph-based
images. Matching 3D models seems easier since it doepresentations are often pose-oblivious. Nevertheless,
not require recognition - the geometry is given, and thetlkey are complex and sometimes error prone due to
is no occlusion or disrupting external effects such akscretization. They are susceptible to topology changes.
lighting and reflections. On the other hand, 3D modekhey rely on graph matching which is a hard problem,
typically lack a simple parametrization domain, anend suffer from relatively slow comparison and retrieval
thus registration and feature correspondence are mbtees.
difficult. For a broad introduction to shape-matching In [26] the authors present a bending invariant rep-
methods, please refer to any of several survey papegsentation based on multidimensional scaling (MDS).
[14], [15]. This representation is an embedding of the geometric
In computer graphics and geometry processing fieldgructure of a surface to a small dimensional Euclidean
the matching of 3D shapes was developed mainly fepace, in which geodesic distances are approximated by
shape retrieval. Recently, new methods were develodedclidean ones. The method aims at filtering out the
for the retrieval of 3D models in the context of a weBpose” of the object by bringing all objects to a canonical
search engine, based on geometric properties rather thase. This method gives good results on simple isometric
textual ones [1], [16], [17], [13], [18]. In large shapesurfaces that share the same geometric structure, but is
collections, it is inefficient to sequentially match altoo sensitive to modifications and hard to control on
objects in the database with the query object. For faggneral 3D meshes (see examples in Section VI for more
and efficient retrieval, efficient indexing search structuregtails).
are needed. Numerous methods exist for analyzing 3DOther methods take into account local features on the
shapes and extracting different types of shape desciypundary surface of the shape in the neighborhood of
tors, or signatures, that can be compared to determj@ints. Usually, these techniques are based on matching
similarity between models. These employ geometric trcal descriptors, such as Spin images or histograms
topological attributes of the shape, or both. [27], [28], [29], [30], [31]. Since they describe local
Signatures which are primarily based on geometrsurface measures they may also be oblivious to global
properties of the shape either use a global measure orplose changes. However, they often do not perform well
distribution of a geometric property. Global propertiesn global shape matching since their local nature dose
of the 3D models include statistical moments of theot provide a good signature of the overall shape. Fur-
boundary or the volume of the model [1], [19], andhermore, these methods can be inefficient for global
Fourier descriptors [16], [20], [21]. Histograms andnatching since they usually require large amounts of
shape distributions measure properties based on distasterage space.
angle, area and volume measurements between randonm [13], a benchmark model database was compiled
surface points [2], [22]. An additional harmonic-basednd a thorough comparison of different 3D matching
representation was presented in [23], [24] which imethods was introduced. For instance, the ground-truth
intrinsically rotation invariant and shown to provideclassification includes separate classes for humanoids
good matching performance. The Light Field Descriptdhat are standing, have their arms up, or are walking.
(LFD) represents a model as a collection of imag&ome applications expect all those models to be in
rendered from uniformly sampled positions on a viethe same category. For those applications, our shape
sphere [25]. By measuring thk;-difference between signature can provide more effective retrieval, while
all rotations and all pairings of positions it can alsmaintaining the efficiency, simplicity and robustness of
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origin-point of the ray (this may happen if there are self
intersections or internal parts). The final shape diameter
value is calculated as the average of the remaining rays”.
This definition of the diameter shape-function (DF)
is invariant to rigid body transformations. To create
a function which is also scale independent we divide
the function values by the maximum diameter of all
Fig. 2. Examples of the cone of rays shot to the opposite side g{fegsures. Furthermore, the diameter shape-function is
the mesh . . .
insensitive to any deformation that does not alter the vol-
umetric shape locally. This includes articulated character
shape distribution methods. deformations, skeleton-based movements or piecewise-
rigid transformations. Still, there are positions on the
mesh where the measure can change after such deforma-
tions. For instance, at the tip of the elbow of a person
The idea of the local diameter shape-function is tgending his arm the measure can change considerably.
create a type of low pass filtering to a diameter measum overcome this, we further smooth the function values
which relates to the medial axis transform (MAT) [32]. Iron the mesh by averaging the value of each vertex with
general, the medial axis of a 3D object is a collection @k neighbors (Figure 3 Top).
non-manifold sheets. Computing the medial axis and the
MAT of a surface mesh is an expensive process, and the
medial axis itself is difficult to handle [33], [34]. Discrete
approximations such as skeletons depend on voxelizatioThe local diameter shape-function expresses a good
and are often sensitive to noise. Therefore, we repladistinction between the different object parts, which is
the local shape-radius by a measure of the Iestalpe- oblivious to the object’s poses (see e.g. [35]). However,
diameter and use it as a function on the boundary & signature of a 3D shape must be a succinct represen-
the object. tation of the shape, and there is a need to convert the
We assume that a 3D object is defined using fanction defined on the boundary of the object to a shape
boundary surface (e.g. a triangular mesh) which is almaggnature. This is done in a similar manner as shape
watertight. On a smooth surface the exact diameter cdistribution measures in [2]. The key idea is to create an
be defined by the distance to the antipodal surfaepproximation of the probability density function of the
point using the opposite direction of the normal. Owalues on the mesh. For shape distributions this is done
a piecewise linear mesh, it is difficult to define théy sampling the values of the measure (e.g. D1 is the
exact antipodal point. Moreover, we want to express tlgstance of a point to the centroid of the object, D2 is the
diameter of the object in the neighborhood of a pointistance between two random points), and then building
which is different from the exact distance to the antipod#iie histogram of values using 64 bins.
point. Calculating the local diameter on a sample point on
The Local-Diameter Function:The local shape the mesh boundary involves ray shooting and averaging.
diameter at a point on the boundary of the object i® create a histogram of the values we use a real
defined using a robust statistics measure of the diametapproximation of the function distribution on the mesh
in a cone around the direction opposite to the normal wistead of random sampling. We calculate the function
the point (Figure 2). By testing over 1,000 meshes andlue for each of the vertices of the mesh and weight
checking the effect on the shape signature we arrivedch of them according to its influence on the boundary.
at a procedure with hard-coded parameters (no mantiéie influence of a vertex is defined as the area of the
tuning is required for various applications or data). Firdjiangles surrounding it divided by the whole boundary
we use a large opening angle of 22fbr the cones. area. We use a histogram of 64 entries and add the
Second, we sample 50 rays for each cone. Third, weeighted values in each bin to define the signature
remove outliers for various reasons. The top 30% amector.
bottom 10% of the values are discarded since some rayghis 64-entry DF vector is an expressive signature
may reach parts which are too close or too distant (upwdich is pose oblivious as can be seen in Figures 1 and 3.
infinity if the mesh contains holes). We also check th@till, by converting the function to a one-dimensional
normal at the intersection point and ignore intersectiohgstogram, a considerable amount of information is lost.
where the normal is pointing in a similar direction to th®©ne of the most valuable pieces of information which is

IV. THE LOoCAL DIAMETER SHAPE-FUNCTION

V. THE POSE-OBLIVIOUS SIGNATURE
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Fig. 3. Pose-oblivious functions and signatures. Top row contains four horses colored by the DF (diameter) values (blue is low, red is
high), and bottom row contains the visualization of the CF (centricity) values. In the middle we present the signature histograms (DF on
top, CF on bottom and CDF in the middle).

lost relates to the spatial distribution of the values of thmomputing the diameter function even on large meshes
function. We seek to augment the volume-function valuégskes only a few minutes. As an example, computing
with some geometric positioning indicator. Neverthelesthe diameter function for over 1000 meshes with up to
the use of 3D positions or relative distances to tH#OK vertices (an average of around 5000), took around
centroid will damage the pose-oblivious nature of th&4 hours, which is less than 2 minutes on average. The
signature. Therefore, we use another relatively posssmputation of the CF function is more expensive, but
oblivious measure of spatial positioning - the normalizeédok at most 10 minutes for the large meshes (20K
centricity function (CF). vertices). We computed both the DF and CF functions
on all the vertices of a mesh. However, when pre-

vertex is defined as the average geodesic distanceP{8¢€ssN9 time is a limiting factor, one can successfully

all other vertices. For geodesic distance calculations \%proxmate both functions by computing exact values

use a similar method to [3] including short-cut edgeg.nIy on a subset of vertices and using averaging.

We then divide the centricity value of each vertex by apother important issue of a shape signature is its
the maximum centricity value on the mesh to arrive @pstness to the object’s representation. The local diam-
a CF function value between 0 and 1. The combingder function is only meaningful on objects which define
histogram of the CF and DF functions is a 2D array ¢f ¢jpsed volume. This means that objects which contain
scalar values betweei0,0] and[1,1]. This 2D array iS non-yolumetric parts, or interior parts, may need some
created by quantizing the values of the two functio e-processing (e.g. plants in some of the PSB exam-
(32 values for CF and 64 for DF). Hence, each bin Wil[gTes [13]). Other objects in the database may contain
values(x,y) contains the approximated probability of &q|es or missing parts. Furthermore, our approach relies
point on the boundary of the mesh to have a DF value g 5 good estimation of the normals of the processed
x and a CF value oy. This 2D rectangular histogram isgyrface. Noisy models or unconnected polygon soups
visualized as a 2D image with entries mapped to cologgn cause our signature to become less reliable. Our
(see Figures 3 and 5). outlier removal method prevent averaging rays with no
Regarding implementation, the basic operation in thetersection at all (infinity-rays), and the smoothing helps
DF calculation is the ray-mesh intersections. This oper&- correct discrepant values. This introduces robustness
tion is well known in ray-tracing and can be accelerated small cracks and holes in the boundary, meaning we
accordingly using search structures. We used a spatiah work with meshes that do not need to be truly
octree built around the mesh to assist in intersection finglatertight. Similarly, the centricity function calculation
ing. In general, this construction does not take more thamn suitable for connected models, and hence we use
a few seconds even on large meshes, and consequenthal linking-edges to connect different components in

The Centricity Function: The centricity of each
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Fig. 4. A model containing a number of connected components and
in different tessellation does not affect the DF and CF signatures.

objects. Furthermore, by weighting the function values
by the area of influence of each vertex, the definition of
CF and DF signatures are not sensitive to the tessellation
of the object (Figure 4).

VI. EXPERIMENTAL RESULTS

ik}

The signature of a shape is usually used as an index

in a database of shapes and enables fast queries and re-

. . : 5. An example of different models in various poses with their
trieval. Hence, to achieve accurate results there is a né%bCDF signatures. It can be seen that models of the same class

to define the distance measure between two signatui@se very similar histograms.
For one-dimensional vectors, such as shape distributions
and also our DF and CF signatures, several options were
investigated in [2]. These include Minkowskj, norms, We compared our signature to two out of the three top
the y2 measure, and Earth Mover’s distance [36]. For ogerforming descriptors on the PSB as described in [13]:
2D signature CDF we testdd andL, by unfolding the The Light Field descriptor (LFD) [25] (implementation
matrix as a 64 32 vector of values, and also correlatiotaken from [37]), and the Spherical Harmonic descriptor
coefficient [29] andy? measures. In fact, we found(SH) [24] (implementation taken from [38]).
that using different metrics on different signatures may To compare the effectiveness of the proposed signa-
affect the query results and the success measuresiuigs, we executed a series of shape matching experi-
our experiments we tested all different types of metri¢ggents with three different databases of 3D models:
for each signature when possible. Although we show. Sub-PSBis a database containing around 400 mod-
all results (Tables | to Ill), we found that metrics such els from the PSB database. We used the given base
as x? and the correlation coefficient usually give better  classification, where we joined together classes like
results. Although this calls for further investigation, “humans” and “humans with arms outstretched”.
these metrics are more suitable for measuring distance We did not use some classes, such as “plants”, as
between histograms as they give some global measure they included many non-volumetric objects or many
of difference as opposed to local point-to-point distance non-connected parts which needed considerable pre-
such ad., norms. processing. Similarly, many models in the PSB
In addition to our three signatures DF (1D histogram contain internal structures, resulting in erroneous
of the diameter function), CF (1D histogram of the cen- DF calculations.
tricity function) and CDF (2D combined histogram), we « ISDB is a database of different articulated figures
implemented the D1 and D2 signatures from [2] which  of animals and humans containing about 80 models.
seem to give best shape distribution results. Furthermore, CDB is the union of the two previous databases.
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. . .. Nearest First Second E-
Note that in the combined database, similar classes_sub-pss Neighbor  Tier Tier  Measure  DCG
from the two databases were merged together. o RN T 7R YA T X

. CDF (2 64.85%  30.63% 57.62% _ 32.11% _ 69.79%
The models contained anywhere between 200 and CDF Ll)) 56.25% __ 30.29% _ 46.10% __ 24.73% __ 6558%

35,000 polygons. Not all models formed a single man- e
1 - 1 1 1 DF ()(2) 61.20% 38.41% 57.06% 29.62% 69.48%
ifold surface or even a well deflned solild region. Some O O AVt F e el e
models contained cracks, self-intersections and/or miss- OF (L) 5781%  3450%  5337%  27.03% _ 67.69%
. . . . . DF (CC) 50.78% 27.93% 45.95% 22.22% 64.16%
ing polygons - none of which caused significant artifacts CF ) 33.07% _ 1054% _ 3493% _ 1541% _ 55.83%
during rendering with a z-buffer, but all of which are e e e
H H H CF (CC) 27.86% 17.72% 31.66% 13.62% 54.03%
problematl_c for some 3D shape mgtchlng algonthr_ns. D3 G0 5803 T 08%ATom—2631%55.10%
The experiments were run on a PC with a 3GHz Pentium b2 (Ly) 50.38%  32.70%  47.54%  25.99%  66.77%
D2 (Lo) 59.11% 32.25% 47.56% 25.28% 66.19%

4 processor and 1024MB of memory. D2 (CC) 5547%  31.80%  48.44%  25.06%  65.89%
. . D1 (12) 47.13% 28.31% 44.94% 22.17% 62.09%

We evaluated several qualities of retrieval measure- DI (Ly) 4714%  26.60%  44.04%  20.71%  61.35%

ments. We used the same parameters as in [13]. For more BT Ech%) AT Do The— S o

details on these methods, the reader is referred to [13]:

: TABLE |
o Nearest neighbor the percentage of closest
VARIOUS QUANTITATIVE MEASURES EVALUATED ON THE
matches that belong to the same class as the query,
. . . UB-PSBDATABASE FOR DIFFERENT SIGNATURESOUR CDF
« First-tier and second-tier: the percentage of mod-
. , e SIGNATURE IS SLIGHTLY LOWER IN PERFORMANCE COMPARED TO
els in the query’s class that appear within the kop
. ,. TOP DESCRIPTORS SUCH ASHAND LFD (SEEFIGURE 6).
matches, wherl depends on the size of the query’s

class.

« E-measure a composite measure of the precisio | S—
and recall for a fixed number (32) of retrievec | "] o
results. 100.00% CDF (L1)

—CDF (L2)
—CDF (CC)
——DF (Chi2)
— DF (L1)
DF (L2)
DF (CC)
CF (Chi2)
CF (L1)
CF (L2)

« Discounted Cumulative Gain (DCG) a statistic
that weights correct results near the front of th
list more than correct results later in the ranked lit | so.00x
under the assumption that a user is less likely
consider elements near the end of the list

80.00%

40.00% -

7 CF (CC)
. . 5 D2 (Chi2)

We summarize the results into three tables, one f| 2% i ¥ D2 (L1)

. —D2z (L2

each database. Table | (Figure 6) presents the resi| ... ‘ . ‘ . | D2 (00
for the sub-PSB database, Table Il (Figure 7) for tt Newss  FraTer SecondTer Edesswre  D0Q |
ISDB database, and Table Ill (Figure 8) for the com.- e

bined database. The two best measures for each quarii@./ 6. On PSB models (Table 1), the CDF is still compatible with

measurement are shown in bold in each column. Ee best descriptors.

amining the results, we can see that the CDF signature

is compatible and only slightly worse than the best

measures for PSB-type models (Table 1). However, ffard to control on general meshes. In Figure 11 we

pose variations, CDF (and in fact also DF) is much bettépmpare various examples of our signature and MDS

than the other measures (Table Il). On the combiné@sults.

CDB, even though the ISDB models consist of less than

20% of all the models, CDF remains one of the best VIl. SEARCHENGINE

measures (Table Ill). In Table IV we summarize the To study our pose-oblivious signatures, we have de-

results by showing the two best signatures that achiexgloped a simple search engine for 3D polygonal models

highest results in each database and quality measure(see Figure 9). The motivation is to provide a tool

most cases, the best results are achieved using the G@ath which users can retrieve models from a 3D model

signature. repository based on their shape attributes. In the current
We also experimented with another ‘pose-invariantersion, the user selects a 3D model from the database

signature based on multidimensional scaling (MDS) dand the application computes the dissimilarity measure

fined in [26]. Although this method gives good resultor all models in the database using the methods de-

on isometric surfaces that share the same geomesaribed in this paper. The application then shows the

structure, it is too sensitive to topological changes amgiery model and the most similar models in the database.



IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. ?, NO. ?,DATE 8

Nearest First Second E-

ISDB Neighbor Tier Tier Measure DCG
LFD 72.64% 44.37% 62.44% 38.70% 72.83%
SH 78.30% 46.64% 63.52% 40.71% 74.78%
CDF 2) 100.00% 98.34% 99.67% 61.90% 99.81%
CDF (L1) 100.00%  96.64% 99.29% 61.05% 99.56%
CDF (Ly) 100.00%  96.18% 99.10% 61.45% 99.41%
CDF (CC) 100.00% 97.26% 99.69% 62.18% 99.63%
DF (x?) 100.00%  95.62% 99.49% 59.92% 99.53%
DF (L) 100.00% 96.03% 99.33% 60.20% 99.61%
DF (L) 100.00%  95.83% 99.31% 59.92% 99.44%
DF (CC) 100.00% 97.87%  99.48% 61.44% 99.71%
CF (x%) 97.17% 81.66% 87.30% 58.08% 91.92%
CF (1) 98.11% 79.60% 86.90% 58.30% 91.52%
CF (L2) 97.17% 78.10% 83.91% 57.05% 90.29%
CF (CC) 97.17% 76.04% 83.35% 55.49% 89.72%
D2 (xz) 53.77% 29.93% 48.24% 30.12% 62.67%
D2 (L) 58.49% 31.14% 50.06% 30.22% 63.18%
D2 (Lp) 56.60% 32.11% 50.41% 30.75% 63.48%
D2 (CC) 60.38% 30.94% 48.22% 30.75% 63.20%
D1 (%) 64.15% 44.94% 63.89% 39.44% 71.51%
D1 (L) 62.26% 42.92% 62.95% 38.17% 70.71%
D1 (Lo) 57.55% 41.31% 61.65% 37.42% 69.27%
D1 (CC) 56.60% 39.57% 60.42% 35.81% 67.56%

TABLE I

VARIOUS QUANTITATIVE MEASURES FOR DIFFERENT SIGNATURES
EVALUATED ON THE ISDB DATABASE, WHICH INCLUDES MANY
ARTICULATED CHARACTERS. THE CDF AND DF SIGNATURES
OUTPERFORM ALL OTHER DESCRIPTOR$SEE FIGURE 7).

Nearest First Second E-

CDB Neighbor Tier Tier Measure DCG
LFD 78.98% 42.15% 58.64%  33.29% 75.98%
SH 75.08% 36.93% 54.41% 29.42% 71.35%
CDF (x?) 70.82% 44.89% 62.56% 34.89% 74.88%
CDF (L) 65.91% 39.53% 55.53% 29.31% 71.96%
CDF (L) 64.68% 39.77% 56.31% 29.09% 71.77%
CDF (CC) 65.09% 41.31% 57.54% 28.79% 71.64%
DF (){2) 67.89% 42.73% 59.23% 30.62% 73.01%
DF (L1) 66.94% 42.66% 59.19% 30.67% 73.73%
DF (L) 66.74% 42.08% 59.10% 29.20% 72.86%
DF (CC) 60.99% 37.56% 53.18% 25.86% 70.26%
CF (t9) 44.91% 26.55% 40.42% 18.92% 61.07%
CF (L1) 42.92% 25.05% 38.71% 18.22% 60.01%
CF (Lo) 42.09% 24.52% 37.59% 17.26% 59.37%
CF (CC) 41.27% 24.25% 37.12% 16.89% 58.93%
D2 (xz) 57.29% 29.64% 43.67% 21.75% 63.34%
D2 (L) 55.24% 28.76% 43.54% 21.75% 63.12%
D2 (Ly) 54.21% 29.02% 44.05% 21.64% 62.87%
D2 (CC) 52.16% 28.77% 44.57% 21.29% 62.73%
D1 (x9) 44.64% 27.16% 43.16% 19.86% 60.37%
D1 (L1) 43.94% 25.70% 41.88% 18.55% 59.66%
D1 (Ly) 42.09% 25.26%  41.25% 17.70% 58.58%
D1 (CC) 39.63% 22.57% 39.96% 16.42% 57.46%

TABLE 11l

VARIOUS QUANTITATIVE MEASURES FOR DIFFERENT SIGNATURES
EVALUATED ON THE COMBINED DATABASE CDB, WHICH
INCLUDES ONLY 20%NEW MODELS COMPARED TO THE

SuB-PSB. SiLL, CDF IS ONE OF THE BEST PERFORMING

DESCRIPTORSSEEFIGURE 8).
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100.00% § — - ; CDF (L1)
o nss § -+ CDF (L2)

\ -« CDF (CC)

80.00% — — - ——DF (Chi2)

Vi —DF (L1)
N \/ / DF (L2)
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S DF (CC)
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S GF (L1)
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— D2 (L2)
. D2 (CC)
SR I e ) " D1 (Chi2)
Nearest First Tier Second Tier  E-Measure DCG

Neighbar D1 (L1)
D1 (L2)

40.00% o R "

20.00%

Fig. 7. For articulated characters (the ISDB from Table II), the CDF
and DF outperform all other descriptors.

. —LFD
120.00% SH
CDF (Chi2)
100.00% CDF (L1)
—CDF (L2)
—+CDF (GC)
——DF (Chi2)
///,’; —DF (L1)
DF (L2)
DF (CC)
CF (Chi2)
CF (L1)
CF (L2)
CF(CC)
D2 (Chi2)
D2 (L1)
— D2 (L2)
D2 (CC)
0.00% T T j '| -~ D1 (Chi2)
Nearest First Tier ~ Second Tier ~ E-Measure DCG

Neighbor D1 (L1)
D1 (L2)

80.00%

60.00%

40.00% -

20.00%

Fig. 8. On the combined database (Table Ill), the CDF is one of
the best descriptors.

Some example results obtained with this 3D search
engine are shown in Figure 10 at the end of the paper.
The images in the leftmost column show the query 3D
models, while the columns on the right show the closest
matches among the 3D models in our CDB database
using CDF signature. For instance, a query with a human
model (top row) returns all humans in various poses; a
guery with an ant model returns a collection of ants and
spiders with one helicopter and a turtle. A query of an
airplane, which is a complex object with internal parts,
returns three chairs.

In all examples, the query time on close to 500
models took under a second. For larger databases, more
sophisticated indexing methods can further accelerate the
performance. Even though this 3D search engine is rather
simple, it shows the potential of pose-oblivious signa-
tures for more intuitive search results. A more thorough
examination of the results can be seen on our website at
http://www.faculty.idc.ac.il/arik/PoseOblivious/. In this
site we have pre-calculated all results of queries on the
CDB database and present them using images and html
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Nearest First Second E- . .. . .
Databse  Neighbor _Tier Tier Measure DCG solution to this is to combine several signatures together
Sub-PSB LFD / SH LFD / SH LFD / CDF LFD / CDF LFD / SH T .
ISDB CDF/DF CDF/DF CDF/DF  CDF/DF  CDF/DF when building a 3D search engine.
CDB LFD / SH CDF / DF CDF / DF CDF / LFD CDF / LFD

A strong limitation of our approach is that the cal-

TABLE IV culation of the diameter function is unreliable on non-

A SUMMARY OF THE TWO BEST DESCRIPTORS IN VARIOUS volumetric models, or on models which contain internal
MEASUREMENTS ON THE THREE DATABASESWE SEE THAT IN  Structures. For this reason we could not reliably process
MOST CASES THE BEST RESULTS ARE ACHIEVED wiTH THEDF ~ many of the PSB models, and for the others, the results

SIGNATURE. were not accurate. In many ways, the definition of a

signature which is both effective and highly robust for
object representation, remains a challenge. We conclude
that although our shape signature achieves good results

LI

ECDILE

s = : for a general-purpose database of models, it is best suited
it e o Sl i for a situation where articulated deformations are of
List of Clasyes;. - Usie i .

e A . EN 7 importance.
: | ) 1 4 = i ;
i 3 3 “— & v -
L e %) -;\“ L f Nearest First  Second E-
. [ Neighbor Tier Tier Measure  DCG
T = . . : Humans (134) CDF 87.57% 57.01% 83.76% 31.44% 89.15%
R 4B § £ b L | I 9,{ LFD 86.30% 54.75% 80.97% 30.19%  87.64%
e = - - P o . Pa—r— - Human Hands (33) CDF 81.82% 66.86% 76.28% 66.86% 86.90%
! i P i k 1R N LFD 81.82% 50.85% 69.60% 50.85%  81.16%
,’ - ’ _ Horses (16) CDF 93.75% 67.50% 85.00% 55.52% 91.58%
l{;\ s = is ins LFD 75.00% 45.83% 75.42% 50.00% 74.29%
-'w 3 2 Insects (20) CDF 71.00% 23.11%33.78% 22.57% 61.96%
\ L e # H | 1 LFD 75.00% 28.42% 32.68% 24.71% 63.71%
> It 'f ; I“'& . - ) Airplanes (29) CDF 44.83%  25.37%43.47% 26.90% 62.10%
E X | . ) g T\ J J)t i | LFD 96.55% 25.99% 31.28% 24.94% 70.70%
. . Guns (7) CDF 71.43% 40.48% 50.00% 20.30% 68.01%
: k — - F LFD 100.00% 88.10% 92.86% 30.08% 97.63%
Chairs (33) CDF 45.45% 20.45% 34.38% 20.45% 59.28%
. . . . 0y 0 0, 0, 0,
Fig. 9. A screen shot from the model search engine application. T R e

LFD 80.95% 39.52% 43.57% 32.23% 70.33%

TABLE V
UALITY RESULTS FROM CLASSES OF MODELS INCDB OF THE
CDFAND LFD (LFD WAS TAKEN AS ONE OF THE TOP
PERFORMING SIGNATURES ON THECDB). NATURAL OR
VIII. Di1scussiON ANDCONCLUSIONS ARTICULATED OBJECTS ARE MATCHED BETTER USINGCDF
§ WHILE FOR SOME COMPLEX ARTIFICIAL OBJECTSLFD CAN
WTPERFORMCDF ALSO BECAUSE THE DIAMETER FUNCTION IS
LESS RELIABLE.

browsing. This site compares the results of the querie
using CDF, LFD, SH and D2 descriptors.

In this paper, we have described a new type o
3D-model shape signature. This signature is expressif
enough to discriminate between different models, and
carries a number of attractive properties: it is rigid-
body transformation and uniform scale invariant, it is _
not sensitive to topology changes of the model, an_d'” the futurg, we would _Ilke to enhange the calcula-
most importantly, it is pose-oblivious, i.e. it is insentions of the diameter function to cope with non-hollow
sitive to pose changes of the same object. The némjects as well. We would also like to investigate the

signature achieves good performance and retrieval resifg/e of comparing two-dimensional signatures and its
for different classes of 3D models with the efficiency dfffect on the matching performance. Another possible di-
comparing histogram signatures. rection for research is the development of pose-oblivious

Evaluating the results on any database strongly dignatures that can deal with partial matching.
pends on the definition of the classes and the number of
models in each class. The PSB does not contain many
articulated models in different poses. For this reason we
created a new database_ with 80% of its mO(_:IeIs from tl‘ﬁ] M. Elad, A. Tal, and S. Ar, “Content based retrieval of VRML
PSB, and the rest, articulated models. Still, we show objects: an iterative and interactive approach,” Rmoceed-
that the shape-oblivious signature works well on the ings of the Slixth EurograEhiCS workshop on Multimedia 2001

: : Springer-Verlag New York, Inc., 2001, pp. 107-118.
Comb!ned database and is much bette_r on both natur@" R. Osada, T. Funkhouser, B. Chazelle, and D. Dobkin, “Shape
or articulated objects. Its performance is reduced whe

i ’ ' distributions,” ACM Transaction on Graphi¢svol. 21, no. 4,
the models include internal parts (Table V). One possible pp. 807-832, 2002.
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) (h) (i) ) (k) )

Fig. 11. Comparison of our CDF signature (middle row) and the MDS embedding in 3D (third row) for nine objects from our database.
Examples (a)-(c) show that similar objects in similar poses can be mapped by MDS to different signature poses. The right foot is once in the
front and once in the back. This can cause the matching to fail. In this case, the MDS embedding enhanced the problem of distinguishing
between different poses. Examples (e) and (f) show that the MDS is extremely susceptible to topology changes. The geometry of these two
examples differs by two triangles, while the MDS embedded results exhibit large differences as can be seen. Examples (g)-(i) show the
inability of the MDS method to handle objects with complex geometry and a number of disconnected components. Lastly, examples (j)-(I)
show how sometimes for relatively simple objects, MDS can map similar objects to different signatures and different objects to similar
signatures. In this example using MDS, object (k) will match object (I) and would not match object (j). Note that the CDF signatures do

not demonstrate such problems.



