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ABSTRACT

In this study, we propose a new method for indexingd retrieval of 3D models in large databasesdbase
binary images extracted from the 3D object callesié! cut” LC. These cuts are obtained by the gaetion of
the set of the plans with the 3D object. A setopfidistant parallel plans generates by the intésewith the 3D
object a set of cuts that used to indexing the 3idah We are based on these cuts to describe tlabjgbt by
using the vectors descriptors based on theseTautgalidate our descriptor we extract a test dalieom the
NTU base. The robustness of our descriptor is desthonstrated by the comparison with the two withkn
descriptors, the 3D Zernike descriptor and therBRrant moment’s descriptor. The topological peablof the
external surfaces that representing the 3D objastbeen confronted, that shows the superiorityhefdut
method, because it is keeping the external surféeteds of the 3D object during the cutting step.

Keywords: Characteristics Level Cut, Vector Descriptor, 3Dafe Indexing and Retrieval, X-means
Algorithm, Similarity Measuring

1. INTROCUCTION representing them. The extraction of informationthaf
3D object in a robust and efficient way Recentlye t
Recently, the technological development of 3D technological development of 3D has become a real
modeling tools is forever exploited. Many 3D models challenge. The proposed method permits to deal thith
are now downloadable for free thanks to the intera®  problem. Given a 3D object, the method starts by a
well as the large databases of 3D models have becomnormalization step of the processed object using th
available in the market. The retrieval of these glsdn CPCA technique. Then, we extract a set of cutschase
databases demands sophisticated methods for a rapigur cutting method. This set of cuts (binary imagei
and effective response. be indexed by a 2D image descriptor to construet th
Among the indexation approaches of 3D models, wedescriptor vector associated to the 3D model, uslieg
find the 2D/3D approach (Hariet al., 2014; Jain and Hausdorff distance to calculate the distance beivike
Singh, 2013; Li and Johan, 2013; Pe#teal., 2010)  vectors descriptors which allows us to measure the
which is based on a set of images (the charadterist similarity between the 3D objects.
views, images of depths, the slices...). The ingyare of The proposed descriptor shows the robustness in
this approach is extract for each image a descriptoterms of response to the query provided by the asdr
vector for construct a set of vectors descriptorsthe comparative study between the proposed descript
associated with the object to index. The similarity and two other descriptors well known of the 3D/3D
measure between two 3D objects then returns toapproach, the 3D Zernike moments and 3D invariant
calculate the distance between the two sets ofrigéscs moments shows considerable results.
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This study will be organized as follows: In thesfir  they are represented the major part of the quanfity
part, there will be an overview on previous work of information describing the 3D model and are more
2D/3D approach. After that, we explain the methagl w efficient in the calculation, less expensive antedb
proposed in the second part. Then the experimandts a represent the 3D object faithfully. Our method dens
results of our method will be shown in the thiratmnd to extract a set of binary images called Level Cuts

finally the conclusion of our work. (LC) obtained by the intersection of the 3D object
with a set of well defined plans. These images used
2. PREVIOUSWORKS for indexing it and we can construct the 3D objict
from these images set. In what follows we are gaing
2.1. Approach Based Views give the steps of the LC set extraction.

The principal objective of the characteristic vieiss 3.2, Ray-Facet I nter section
associated to the 3D model a series of multiplgeptions , , .
of viewpoints. This principal is common to all taB/3D ~ Given a tru’imgle PQR and an O origin ray and
approaches by view. The problem of this approadn is diréction vectorv as shown in théig. 1 below:
the choice of: Normalization of the pose, the prtijm Let M the point obtained by the intersection of the
area, the size of image, the nature of the 2D shapddy directed by ther vector and the triangle. This point
descriptors and the size of the signature. Theoasith i given by the following relation:

(Ricard et al., 2005; Ansaryet al., 2005; Mahmoudi and

Daoudi, 2002; Nidhal and Lamis, 2014) have proposed OM = d.v (1)

methods of optimal selection of 2D views to repnése

3D model. Each 3D object is represented by a vieiv s Knowing that M verified the following Equation 2:

called the characteristic views. The process @fctiein of

views characteristics is based on an adaptiveifitagi®on OPh=0OMn 2)

algorithm to select the optimal number of views ahhare

calculated from different points of view. Thesewseare  \yhere i that the normal vector to the facet PQR (direct

represented on the bounding sphere of the 3D object orientation) defined by Equation 3:

(Cyr and Kimia, 2001), each object is associated 2o

views which are structured in a shock graph. Thepsh

retrieval process is based on a shock graph matchin p=——~—"_ PQD PR

algorithm. The major drawback of the method by asv PQO PF#

facing the problems of views choice which do natpe

to have adaptive methods to the object and theyquer The Equation 1 permits to calculate the distance d
: between the ray origin and the M point obtained by

2.2. Approach Based on Slices intersection with this ray and the surface delithiby the

Other approaches based on the Cut constructed fronPQR triangle. To verify that the intersection of eand the
3D objects. (Pt al., 2004) Represented a 3D object by triangle is not empty, i.e., the point M is in ttielimited
a set of 2D cut (slice) taken along the directiofghe surface by the PQR triangle, it is enough thathhpoint
coordinate system. They consider two intrinsic raak  should check the following conditions Equation 4:
the 3D model. The first defined by the principakdtions
and the second by the directions of maximum ortemta (MP 0 MQ) >0, (MQ 0 MR) >0,

®3)

and choose between the two the one minimizing the' . (4)
volume of the bounding box and used the 2D shape(MRDMP)n>0
descriptor to characterize each cut and the digioib of
the distance between two points taken at random. 3.3. Level Cut Extraction
These preliminary treatments are necessary if we
3. PROPOSED METHOD want to index the 3D object, we base on these duts.
3.1. The Leve Cuts get the cut in a given direction, we move the mayhe

associated plan. Theig. 2 below shows the extraction
The Triangle meshes that we will use frequently of the level cut y = k (plan equation y = k) in whithe
constitute the support of representation of theoBj2cts. ray (color red) moves in the directiox.
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Fig. 1. Ray-facet intersection

3D mesh

Fig. 2. Test of normal ray with the normal 3D object. Acdming
point belongs tog, B: Outgoing point belongs ta:g;

The set of the ray intersection points notAjl With
the surface of the 3D object O is defined by the
following relation Equation 5:

(5)

Knowing that is the subset of g containing the
triangles associated with points whose normal veisto
outgoing which is reflected by the following retatiin
theFig. 2 Equation 6:

ngmozgRin UgRoul

fnv>0 (6)
The same for therg, set which is associated to the
triangles witch the normal vector is incoming chesttby
the following relation Equation 7:
nv<o (7
The example irFig. 3 shows the launch of a ray in
the plan z = k in the QY direction. The two poirkts

and P? belong to g, set and the two pointg, and P?

out out
belong to the g, set. The displacement of ray in the plan
defined by the z = k equation in the OY directiganerates
a set of intersection points of this ray with tHg Gbject.
Each incoming point ofg, set corresponds to an outgoing

point of gk SEt. The segment connecting these two points

is a part of the image constructed by the cut. @lgsrithm
is applied to each pair of the set Equation 8:
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(8)

gRin X gRout

Given a 3D object aligned as showd-ig. 4.
3.4. The 3D Mesnh Rigularity

The considered triangular meshes surfaces must
comply with certain regularity hypothesis. We ameng
to introduce some definitions to precise the cantex
mathematically. Each facet of the 3D mesh is oeiént
according to the normal vector which it orthogoaat
whose the direction is given by the order of coufsthe
vertices as the example shownFig. 4. A mesh is said
adjustable if all facets have the coherent directioFig.
4a, i.e., they are oriented in the same direction tued
edge common (s1, s2) to two avoisines facets aregggo
in the same direction. ThHég. 4b had shown an example
of non-coherent mesh by the opposite directions.

3.5. Problem Found and Proposed Solution

Before completing the segments between the points
obtained by the intersection of the ray with the @fject,
this will lead us to process particular cases terddne
the points accept a segment. The example inFtge5
Shows the problem solved of the ray intersecticth wie
3D object in corner®, o, Such as each corner accept
two pointsPgr, andPgy; at the same time. The interest to
tackle this problem is a detected result becauseT of
extract the level cut of a 3D object, this lattarstsubmit
a preliminary step of normalization as well as its
alignment. he complexity of 3D objects, which sames
know hundreds of miles of faces and vertices.

3.6. The Discretization Method of the Cut

The principle of cuts extraction needs a discrétra
method for transform the obtained analog infornratio
into digital information. The cut is encoded intemmory
with a 2D array whose data contains digital valtres
will be reflected in the colors of pixels on theesn, in
our case the cut is black and white where a whikel jis
coded with a 1 and a black pixel with a 0. The hesmn
is therefore the link between the number of pixalsan
image and its actual size on a physical suppore Th
extraction procedure of level cuts follows a stefp o
translation the S set of scatter plots associatiétd the
3D object towards the positive parts of the markijcl
result in the following transformations Equation 9:

XFr =x"- Xmin
Dpljslyt)r :ya = Yin (9)
zi =2 -z,
JCS
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Fig. 6. The level cuts extraction result

The next step is to extract all of the level cut se
constructed by the intersection of the 3D objedhve
set of parallel planedx equidistant by the distana®
with t[{x, y, z} knowing that Equation 11:

I =(A0) N6 (11)

=

The level cut k obtained by the intersection of 3ie
object® and theA¢ plan according to one of the three

= \ e ; Ll ‘I -
&N )ﬁ €\ )SJ directions ox,oy,oroz with SI:t’;ax,tD{x,y,z}n The
f ‘
@ (®)

3

number of cuts to extract.

The example below shows the performance and
quality of our experience concerning the part agpli
on different axes.

Our level cuts extraction result aboiéy. 6 shows
P(in,out) the accuracy of the quality of the images obtaiaad

the cases that we processed removed the diffianty
problems of density the points in specific parthisT
gives us a simplification to process all 3D objects
without any problems.

Fig. 4. (a) coherent Object, (b) non-coherent Object

Ray
4. THE DESCRIPTOR BASED ON THE
3D Object CLCSET AND THE SIMILARITY
MEASURING
Fig. 5. Case of points accept a segment 4.1. The Descriptor Based on the LC Set

The descriptor that we proposed above is based on
binary images set called Characteristics Level ut
indexing the 3D model by using the following steps:

With Xine Yimin @nd %, the coordinates of extreme points
of S along the axes ox, oy, oz respectively defibgd

Equation 10:
¢ Normalize the 3D model
X = argmin{ p(x,y,z11 $ » The LC set extraction
o « Reduce of the LC set by using the X-means
Yimin = argymm[ Py, 2] $ (10) algorithm to extract the CLC set

« Extraction of the signature for each binary image t

Zin = argmi X,Y,Z . )
gz {pey.20 B constructing the vector descriptor of the 3D model
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4.2. Normalisation of 3D Model These representative constructed a new set cdiled t

. . . .. Characteristics Level Cut set (CLC). Thay. 8 below
The 3D object is often found in an arbitrary p@siti ¢, 0\s the CLC set of the LC set Fid. 7)
(scale, position and orientation), which requires a e

pretreatment step before extracting the vectorsrighésrs. 4.5. Vector s Descriptor s Extraction
First, we must make this object invariant to scgpace
and then using the ACPC (Vrargtal., 2001) method to
make the 3D model invariant in the orientation.

To construct the vectors descriptors of the 3D hode
using a binary image 2D descriptor to extract the
signature of each cut of the CLC set. In our casemll
4.3. The LC Set Extraction use the seven moment’s invariants Hu (Sabletral.,
2013), these signatures constructed a set of ector

After the step of normalization, the extractionefel descriptors associated with the 3D object

cuts sets follows. Often the topology of the sufac
representing the 3D model contains a lot of infdiom 4.6. Similarity Measuring
for this reason, we must extract an important nunabe . ) .
cuts to better describe the 3D object as a wholés T In order to measure how similar two objects arés it

number results from the complexity of the 3D object Necessary to compute distances between pairs of the
the precise parts. vectors descriptors using a dissimilarity meastisewe are

) ) using the X-means to extracting the CLC set, thetove
4.4. Redugtlon of LC Set Using the X-Means descriptors do not have the same size for eachlnsudine
Algorithm Euclidean distance is not valid for our method. r&hare
. . . . two distances that could adapt with our descripttive
The increase in the cut number LC is often impdrtan : .
for a perfect and accurate description of the 3[atb hausdorff distance and the Earth Mover Distance EM

Unfortunately, this number actually generates of (Rubneretal., 2000; Muruganathaet al., 2014; Edyet al.,
redundant information as shownFig. 7. 2014). The EMD seems very expensive in terms of

To avoid this problem, we used the X-means computation, then hausdorff distance is the moapiadble
algorithm to classify similar images in a singlasd. We ~ With the proposed vectors descriptors, also, thés most
took a representative for each ways of these casse Used in this kind of problem.

G (G O T A G GED IR GED T

o T O AP A A — —  —

Fig. 7. Extraction of 100 LC set

— - e
r--------- - -

Fig. 8. CLC set obtained by X-means
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Fig. 9. The representatives of the test database classes
The Hausdorff distance between two no empty set Sim(M, Q) = 1 (13)
A and B noted d (A, B) Equation 1, is the maximum ' _1+dh oM, Y?)
of H (A, B) and (B, A). Thus, it measures the degre
of mismatch between two sets by measuring thewhere, g(x,X?) is defined as Equation 14:
distance of the point of A that is farthest fromyan
point of B and vice versa. Intuitively, every powit A d, (X", X?) = max{ maxmind(¥ ) )
must be within a distance;dA, B) of some point of : (14)

B and vice versa. Thus, the notion of resemblanc
encoded by this distance is that each member c€A b
near some member of B and vice versa. Unlike most

e maxmind(X' ,X? }

This similarity function (13) has value in the rang

methods of comparing vectors, there is no explicit [0, 1], if its value is close to 1 for two modetbey are

pairing of points of A with points of B (for B). Eh
function d; (A, B) can be trivially computed in time
O(pq) for two point’s sets of size p and q, respety
and this can be improved to O ((p+q)log(p+q))
Equation 12:

d, (A,B) = max H(A,B),H(B,A}

= max{ maxmind(a, b), maxmind(aj}t (12)

where, d is the Euclidean distance.

Let M and Q be two models of the database, their

vectors descriptors are defined y={x}..x}}
andx®={x2...xg}

represent the number of elements of LI set of thelets
M and Q respectively. The similarity between M apd
is measured as follow Equation 13:

respectively, where K and h
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assumed to be similar if it is close to 0, they are
considered dissimilar.

5. EXPERIMENTSAND RESULTS
5.1. Test Database

Concerning the experimental side we constructed a
test database from the NTU base (National Taiwan
University) which offers 10,910 3D models of diteit
kinds. The extracted database is divided into 28sss
which include 133 3D models. Each class contains a
number of objects as shown in the followihgble 1.

The tests were carried on a computer running
Windows 7, with 2GB RAM and a 2 GHz Intel processor
using a Java platform. In order to evaluate the
performance of the shape similarity measure, wégaes
experiments performing 3D model retrievals on test t
database. The first model on the left is consideregiery
as the example shown ig. 10.

JCS
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Fig. 11. Precision-Recall graph for all three descriptors
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Table 1. Number object for each class

Class name 0 1 2 3 4 5 6 7 8 9 10

Object number for each class 10 8 4 6 8 4 4 6 6 4 3
class name 11 12 13 14 15 16 17 18 19 20 21
Object number for each class 8 4 10 7 6 8 6 4 3 8 4

Concerning the representatives for each class we ha region based, as well as, we can reconstruct tlgénar
cited them in théig. 9 below. 3D object from the set of these images extracted.
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