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ABSTRACT 2. 3D GAUSSIAN DESCRIPTOR

hi h h The 3D Gaussian Descriptor (3DGD) of a modelM is a
This paper presents a new approach to 3D shape Compagf)atial description ofM built from the Gaussian law and

son and retrieval based on the computation of Gaussiantran&btained by a summation on the surfa@ef M

forms of the surface model on a set of points regularly dis1n the rest of the paper, a 3D modll will be represented
tributed inside the model’s bounding box. A study of theby its surfaces compt,)sed of a set of triangular facets

propgrtlesfo:]thz Gau_ss_lan t_(Ia_Lm Ieadﬁ uds.to an Iefﬁugnt coh T.Vier. .~ Awill denote the area ofs and.A; the area of
putation of the description. This method is evaluated on t e facetl} fori = 1... Ny,

Princeton Shape Benchmark database.

Index Terms— 3D shape retrieval, Gaussian transform 2.1. Definition

Leto be a real number representing the width of a 3D volume
defined around@. The Gaussian transform of the surfade

1. INTRODUCTION on a pointg is:

g9(a, (‘5,0‘) _ // e—d2(p7Q)/gz ds. 1)
The increasing number of available 3D shapes on the Internet pes

orin domain specific databases motivated the need of conteyhered is the Euclidean distance froqto the pointp of &.
based 3D retrieval systems. Numerous shape matching metithe Gaussian transform is used to built a descriptionMof
ods have been introduced (see a very good survey [1] angh a set of points of the space as follows:

comparative studies of 3D retrieval algorithms [2, 3, 4, 5]) Let B be a bounding box of\1. It is a rectangular prism
They can be split into two families: the 2D/3D approacheshaving the set of verticegr, y, z) With € {Zmin, Tmaz }
where the model description is obtained through 2D projecy < {y,,i., ymaz} @Ndz € {Zmin, Zmaz }. B is subdivided

tions of the 3D shape, and thg _3D approaches. _Some of the 3Ro N3 rectangular cells having thgjx = (4,95, 2k), 0, j
methods are based on a partition of the enclosing space (paindk < {0, ..., N — 1}, as centers:

tition into concentric shells and sectors around the medel’y, — o, .+ (i 4+ 0.5)Ag, Ay = (Tmaz — Tmin)/N,
cgntrmd [6] or mt_o_voxe_ls [7, 8]). In most of the case, a shap Yi = Ymin + (5 +0.5) 0y, Ay = (Ymaz — Ymin)/N,
histogram describing either the volume or the surface of the, — , .+ (k+0.5)A, A, = (Zmaz — Zmin)/N.

3D model is built and the comparison between two shapes ihen the 3D Gaussian descriptor is defined@y= [gik]
done using thd.; distance.computing the distance betweenyth:

the histogram bins. In the case of the voxel-based approach - , ,
proposed by Vranic [8], the 3D shape is represented by avol-  gijx = 9(dijx, 6, 0) = // e~ PR/ gs - (2)
umetric data composed of a set of voxels or volume elements peS

and the feature vector is a voxel grid. whereg;;;, is the local description of the surfac around
Our descriptor uses a spatial decomposition of the 3D enclostijx- Lete};, be the contribution of the point of & in the
ing box upon where a description of the surface of the 300cal descriptiony;;;. We have:

model is built. To obtain a local description of the surfae o
the 3D shape, a 3D Gaussian function measuring the influence
of the surface points on regularly spaced points is intreduc In fact, the Gaussian transform amplifies the local influence
This constitutes the 3D Gaussian descriptor proposed in thef the surface. Let us consider the bunny model of Figure 1
next section. An efficient computation scheme is presentedd). We see that the;;;, are bigger around the extremities of
The overall method is then evaluated on the Princeton Shapibe ears and of the legs, i.e. the regions of high presence of
Benchmark. bunny’s surface.

efjk = e_d2(paqijk)/0'2 (3)



g’ being the centroid of /.

The sampling rate; of T; is computed using,,;,, the mini-

mal number of samples associated to the surfacee. n; =

[ fnin]

The 3D model may contain very small faces that wont be sub-
divided by the previous process. Then, to take into account
the variation of facets areas, equation (3) is replaced by:

Ap e~ (P.aijn)/o? (6)

P _
Cijk =

Ap being the area of the facet havipgs centroid.

2.2. Computation

A naive computation ofz = [g;;,] can be done by succes-
sively examining the contributions of points of £ in the
valueg; ;. This has an expensive cos(|E|N?). A study

on the Gaussian term and a reordering of the computation will
accelerate the whole process.

(a) the original bunny model; (b) the aligned version;
(c) theg;;i; in blue,
(d) the diameters of the red spheres are equaljio

2.2.1. Gaussian term

Let us first examine the contribution of a poimin the local
descriptiong;;i. If p is in a neighborhood od;;, efjk is
strictly positive andy;;;;, is incremented.

On the other hand, whep is far from q; 5, e~ (P:aiss)/o”

is nearly equal to zerae( 4" (Paiir)/o* < ¢ ¢ being a very
small threshold value). Thgmndoes not contribute to the local
description around; ., andg; ;. Stays unchanged.
Suppose the threshold > 0 fixed and let us consider the

The sampling points contributing 9, neighboring balB; ., = {q € R3|d(q, qi;x) < J\/T(e)}.
The sampling pointg of E which intersects;;;, are such
Fig. 1. 3DGD on the bunny model thate;, > ¢ and are the only ones taken into account when
computingg; ;i (cf. Figure 1). Thusa%k can be replaced by:

2.1.1. Discrete approximation e%k — 55, (D) Ap e*dZ(pvqiﬂv)/”Z, %
The 3D Gaussian Descriptor computation is based on an his-

togram accumulation process, eagh. being given by the 45, being the membership function:

integral sum of the contributions of the points®&fon g;;y.

To compute a discrete approximation of equation 2, we ap- 55, (p) = { 1 ?f P € Bijk, ®)
proximateS by a finite setF of points uniformly distributed ik 0 if p & Bijk,

on&. Then equation 2 becomes:
Moreover, whemp = (z,y, z) belongs td5;;, we have:

Gijk = €Zk- (4)
pEE & — il + |y — yi* + |2 — 2] <o
The set of pointdy must be appropriately chosen to obtain
a robust representation @&. For that purpose, a pseudo-
uniform subdivision of each triangular facef, i = 1...Nr,
inton, triangles{7} }:.,,, having almost the same area is pro-
cessed. Then the sétis defined by:

with r = oy/—In(¢), which is done when; ;. = (24, y;, 2)
satisfies the three inequalities:

|z — x| < r?,

N ni ly =yl <r? = o — @il

E=JUsel ®)

i=1j=1 |2 — 2| < — o — m|® — |y — wil,



Thus, to select the balls that intersggtve compute the lower 3D GAUSSIAN DESCRIPTORE, 0,¢)
and upper indices of thg;;, coordinates, restricting the space

of the associated ballS;;;, containingp: r =0y —€
Forall i, j, kin{0,.... N — 1}
ie i, ity g e gl ke (kL kLY with gigk = Aijk =0
For all pointp of £
gy <x+r<zyandra <z —r < T, computez'd andi/

Forall iin {i%,...,i/}
Y1 <y+/r? -l —wf? <y, and A2, = (z —2;)?
yjq_g§y7\/r27|xfzi|2<ng+1, if (dfﬂ < r2) then

compute;j¢ and;j/

Zkifjil <z+ \/TQ - |x - $i|2 — |y _ yi|2 < Zklfj and for a|2| jin {jz ... an }
2k, SZ*\/T2*|$*$i|2*|y*yi|2<Zkgj+1- dy, = (y - Y;)°
if (d2 +dy < r?)then
. - d f

2.2.2. Descriptor normalisation computek andk:

_ _ _ forall kin {k”,. ,kj;}
In quatlon 6, the facet area has been mtrogluce_d in the com- \\ p belongs 0B \\
putation ofefjk. There exist 3D shapes having similar local 2 = (2 — )
characteristics but with very different facets areas. Taitli de(p Qije) =2 +d2 + 2
this skew, we propose to summon the surfaces of the facets Ao +”_ A i Y TRk

iJ

associated with points d8;;;, that contribute tay;;, and to

I —d*(p,aijk)/0>
normalise it with respect to this sum: gijk +=Ape I

Forall ¢, j andk in {0,..., N — 1}
ik | = Aij
-Aijk = Z 661]k(p) 'Apa (9) Jigk / ik
per! Fig. 2. Algorithm 3D GAUSSIAN DESCRIPTOR

gzyk*A Z Cijk

7/.7 ’
pEeE . ..
The second on€&)’, is more robust to small variations:

d5,,, being the membership function defined in equation 8.
N—1N—-1N-1 |g2]k 9; k|
2.2.3. Descriptor computation AN (M, M) =" >3 min dukE ; g
i=0 j=0 k=0 di;r(g

Thus, given the sef’ of sampling points, the;;;, are com-
puted by the algorithm of Figure 2. diji (9P, g7) = min |9fjk B gffj/kfl Forli i i e 1
2.3. Similarity measure 3 RESULTS
To compare two 3D model$1; and M, we proceed as fol-
lows: We made our tests on the Test Princeton 3D Shape Bench-
mark database [2] where 907 models are categorized within
1. Each model is translated to the origin of world coordi-92 distinct classes. To compare objectively the retrieffabe
nate system, scaled such that the average distance igileness of the proposed approaches, we compute Precision-
and aligned using either our alignment method [9, 10]JRecall diagrams commonly used in information search (the
or the “Continuous PCA" [8]. query is not counted in the answer as in [8]). Four methods
AL-3DGA-Dv, AL-3DGA-L1, CPCA-3DGA-L1 and CPCA-
VOX-L1 have been tested (cf. Figure 3), where:
andG: = [g7;,]- — AL or CPCA denote the alignment method used (either
CPCA [8] or our alignment method AL [9]),
— The 3D description is our 3D Gaussian descriptor for
3DGA or uses the voxel-based feature vector introduced in
The first similarity measuré\ corresponds to the Euclidean Vranic's thesis [8] for VOX.
distance in the Gauss coefficients space: — The similarity measure is eithéx with L, distance for L1
or A’ for Dv.
A(M1, Ms) = d(G1, Gs), d being normL! or L. The precision-recall curves of Figure 3 show that the clice

2. Two Gaussian descriptors are compu@d = g}, ]

3. The similarity betwee; and M- is measured using
two different techniques described below.



Test Princeton Database [907 models]
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Fig. 3. Average precision-recall diagrams on the Test Prince
ton Database

of our alignment method and of the distanséimprove the

overall retrieval performances. Moreover, the 3D Gaussian

descriptor is better that the voxel-based descriptor ohitra

4. CONCLUSION

0.2434 | 0.4647

\7 Query2 |
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Fig. 4. Examples of similarity search. For each query, we show the
top 5 objects matched with 3DGD based approach. The sitiggri
between the query models an d the retrieved models are gelewb
corresponding images/ andx indicate that the retrieved models
belong or don’t belong to the query’s class, respectively.
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The 3D Gaussian approach presented in this paper computes
a compact and rapid global description for 3D shapes. It is
adapted to generic shape database as Princeton Shape Bench-
mark database. It has good retrieval performances forefass [6
of objects having a small variability of shape such as planes
doors or monitors, as illustrated in Figure 4.

Moreover, our method has good results inside the partition-
based approaches (cf. the precision recall diagram of Fig-

ure 3) and can be retained among global description method$7] j\W.H. Tangelder and R.C. Veltkamp,

to build a hybrid 3D descriptor as done in [11].
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