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Executive Summary

This Deliverable, entitled Stand-alone search engine supporting only low-legyedmetric
characteristics, provides a detailed description of the searafjire) which was developed in
WP4 for search and retrieval of 3D content.

The deliverable initially presents the overall @etture of the modules that constitute the
stand-alone search engine. Each module is furtieyzed into sub-modules that take over a
specific functionality.

The core of the system is the low-level featurgaetion module, where novel algorithms,
introduced by ITI, are utilized in order to extrdgh-quality low-level descriptors from 3D
objects. The descriptor extraction procedure isntHollowed by a feature matching step,
where the shape similarity between two 3D objextsaiculated.

An evaluation of the retrieval performance of thresented feature extraction techniques
follows. The results demonstrate their predominamoenpared to existing state-of-the-art
methods.

Finally, the stand-alone search engine’s interfacextensively presented, enhanced with
several examples for each step of the search anelvied procedures.
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1. Introduction

Three-dimensional (3D) content retrieval is ovekiem in most commercial search engines,
while at the same time it is expected to repreadnige amount of data stored in the Internet.
Indeed, “geometry is poised to become the fourthvewaof digital-multimedia
communication”, where “the first three waves weoeirsl in the 1970s, images in the '80s,
and video in the '90s” [1]. With the wide availatyilof digital media capturing devices, over
the last decade, it is now possible to acquire 8ta df a physical object in a few seconds and
produce a digital model of its geometry that careasily shared on the Internet. On the other
hand, most PCs connected to the Internet are nowastpuipped with high-performance 3D
graphics hardware, that support rendering, intemaand processing capabilities from home
environments to enterprise scenarios.

3D shape retrieval is fundamentally different framo-dimensional (2D) shape retrieval,
since generalization to 3D is not straightforwaod most 2D methods. This is due to the
different nature of the content: descriptors usad2D images are based on color, textures,
and properties that capture geometric details efdllapes segmented in the image. While
one-dimensional boundaries of 2D shapes allow ectparametrization (e.g. by arc length),
the boundary of arbitrary 3D objects cannot be patazed in a straightforward manner,
especially when the shape exhibits complex topoleggh as through-holes or handles. In
particular, feature extraction for image retrieiginherently affected by the so-called sensory
gap, the gap between the physical object in aweasld scene and the digital description
derived from a recording of that scene. The sengapymakes the description of objects an
ill-posed problem and casts an intrinsic unceryaort the descriptions due to the presence of
information which is only accidental in the image due to occlusion and/or perspective
distortion. On the other hand, the boundary of 3Ddeis is represented explicitly, and
therefore does not need to be segmented from aytmackd. Hence, while the understanding
of the content of 3D graphics is not a trivial geh, the initial conditions are different and
potentially allow for more effective and reliableasch results.

1.1 VICTORY Objective

It is widely known that human beings think with wer These words are harmonically
combined creating sentences which are used toidedeelings, concepts, opinions, actions,
desires, etc. In the special case where an obgetd ibe described, the aforementioned
sequence of actions which takes place in our bgm little bit different due to the visual
form of the object. Dr. Fodor in 1983 who introddc¢he modularity of the mind”, supports
that our brain follows a hierarchical way of thingistarting from the simplest thought and
ending at the most advanced one. With simple wthridstheory implies that if, for example,
we want to describe a red rose in a bunch of flewtre simplest “image” coming to our
mind is...image! To be more specific, it is a 3D immagvhich clearly consists of all the
information we want to describe and which is detifeom the experience of seeing a red
rose.

In other words, a 3D object contains all the grotmuth of a physical object, while its 2D
views provide only a subset of the 3D object, astralotion of the real world. Based on this
notion, the search and retrieval of 3D and/or otheitimedia content can be dramatically
improved, provided that the geometric informatiamclesed in 3D objects can be fully
exploited and incorporated into the retrieval pssceConceptual similarity between two
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objects (i.e. whether the objects belong to the esa®mmantic category or not) can be
fundamentally estimated by their shape. However divelopment of an automated tool that
would substitute the human perception in measutiegsimilarity between two 3D objects is
not a trivial task. It should utilize efficient tegiques to analyze their geometry and produce a
set of features which will be representative ofrthape.

A major objective of the VICTORY project, is thevddopment of an innovative tool for
searching and accessing large-scale, digital 3Cteodntaking advantage of the “ground
truth” a 3D object contains. Special attention sticae given to the 3D objects’ geometry
since it is the fundamental criterion to estimatrt similarity.

Information about a 3D object’'s geometry can beiveer by its representation in three-
dimensional space. The object can be described3@smaesh, which is a finite set of vertices
and triangles and represents the object’'s surfAcmther option is the volume-based
representation, where the 3D space is divided uakgshaped cubes (voxels). If the voxel
lies within the objects volume, then it has a nemzvalue.

The above representations are appropriate for bxeljects’ visualization. A human can
easily perceive the similarity/dissimilarity betwetvo objects, by using either the 3D mesh
or the volume-based representation. However, foraatomated similarity matching, a
transformation of the 3D mesh/volume to a new agppate feature set is indispensable. The
new feature set will enclose all the important getria characteristics that discriminate a 3D
object from other objects. These geometric feataresusually given by a descriptor matrix or
a descriptor vector and the automated similaritytcimag is eventually reduced to the
calculation of a distance metric between a padescriptor vectors/matrices.

In relevance to the above VICTORY objective, thamgoal of this deliverable is to report
work done in WP4 for developing a stand-alone gdeamtgine supporting only low-level
geometric characteristics. The search engine esilizovel algorithms, introduced by ITI, for
automatic low-level feature extraction from 3D altge These algorithms are applied to the
volume of a 3D object and produce a redundant $ehighly discriminant geometric
descriptors. The combination of the extracted desuos, followed by an appropriately
selected feature matching method, result in aenatiperformance, which is competitive or
even better than the methods proposed so far.

Furthermore, the proposed algorithms are effectiv@orking with different content formats
(3DS, off, vrml, X3D, obj) as well as with 3D objstdegeneracies (holes, missing polygons
or points, overlapping triangles etc.). They asoabbust to the different levels of detail of
3D objects and invariant to the affine transformdgi (translation, scaling and rotation). By
solving the aforementioned problems, the retrigggaaformance of the engine is significantly
improved.

1.2 Previous Work

The previous work concerning 3D shape search amiéval is exhaustively documented in
the Deliverable D1.2; however, for the shake of plateness a very brief overview is
presented in this section. The reader can alsadf@urveys for 3D shape and retrieval
approaches in [30], [32] and [80].
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In general, the 3D shape matching methods that heee presented so far, can be divided
into six broad categories: (1) global feature-basedhods, (2) histogram/distribution-based
methods, (3) local feature-based methods, (4) gbagled methods, (5) view-based methods
and (6) other methods. It should be noted, that dlasses of these methods are not
completely disjoined. For instance, a graph-basegpe descriptor, in some way, describes
also a distribution and a local feature-based ambracan also be used for global shape
comparisons.

Global feature-based approaches

Global feature-based approaches are most commdar.soThe first proposed approaches
concerning 3D object search and retrieval, compatg fast few simple features. The most
common features are volume, area, statistical msnémurier transform coefficients [3],
second order moment invariants, spherical-kernelmerd invariants, bounding box
dimensions, the object centroid [41], aspect rdiioary 3D shape mask, sophisticated set of
paths outlining the shape of the 3D object [53]nvex-hull crumpliness, packing and
compactness [40,70] and some symmetry based dessrif6l]. The retrieval results
obtained by the use of the aforementioned feataresrather poor, however, this kind of
approaches are mainly utilized as an active fitiefore applying other methods to improve
both the retrieved results and the time requiredHe search and retrieval processes.

More sophisticated global feature approaches hbseelseen proposed. In [72], every object
is described using both simple descriptors thatchrge to human perspective (the volume of
the bounding box) and complex descriptors (geometnoments and discrete wavelet
transform). The similarity metric is based on th@&mnming distance. In [3], the geometric
moments of 3D objects form the feature vectors buggested that moments up to order 4—-7
are usually sufficient to represent the object.oBefcomputing the moments for the 3D
objects, a normalization process is performed. Simdlarity measure is a weighted Euclidean
distance between feature vectors. The system uSegport Vector Machine (SVM)-based
algorithm to learn from the user's relevance feekll@and adjusts the weights to compensate
for the user's similarity notion.

Two important methods for 3D object search andenei rely on Spherical Harmonics and
3D Zernike moments, because they offer native imstainvariance description of the 3D
models.

In [52], a general approach based on Spherical Hiaica to transform rotation dependent
shape descriptors into rotation independent ongsdsented. The method is applicable to
every shape descriptor which is defined as eitheoliction of spherical functions or as a
function on a voxel grid. In [37], a method based3® Zernike descriptors as extensions of
spherical harmonics was theoretically introduced amploited in [67, 82] for voxelized
models.

In [2], the ray-based spherical harmonics methodtr®duced, while in [6] a variation of it
which uses functions defined on concentric shefis presented. Also, in [2] pose
normalization is accomplished using the so-callaatiouous PCA algorithm (CPCA).

Histogram / Distribution based methods

The concept of global feature based similarity h&en refined recently by comparing
distributions of global features instead of the bglo features directly. The

June 2007 4 ITI



VICTORY Deliverable 4.1 RE Contact N. 044985

histogram/distribution-based methods usually do require rotation normalization; however
their discriminative power is not high.

“Shape distributions” are introduced in [71], whiahe based on distance, angle, area and
volume measurements between random surface parhile in [69], shape histograms that
are discretely parameterized along the principakadf inertia of the model are investigated.
In [70], the application of shape distributionstite context of CAD and solid modelling is
investigated. Some other extensions of the latethod are given in [68,70].

In [19], shape histograms are used as a meansabfzamg the similarity of 3D molecular
surfaces. The histograms are not built from voletenents but from uniformly distributed
surface points taken from the molecular surfacdse $hape histograms are defined on
concentric shells and sectors around a model's@eniThe histograms are compared using a
quadratic form distance measure taking into accdbet distances between the shape
histogram bins.

In [55],[56], similarity of voxelized models is iegtigated. A spatial map is obtained by
partitioning a voxel grid into disjoint cells whidorresponds to the histograms bins. Three
different spatial features associated with the getls are investigated [55] while in [56], a
method using a more flexible partition of the vaxbl cover sequence features is proposed.
Their experimental results show that the eigenvahe¢hod and the cover sequence method
outperform the volume and solid-angle feature nethbhe new method requires pose
normalization to provide rotation invariance. A iaéion on histogram-based techniques was
proposed in [54], where shapes are matched usirghdpe contexts.

Local geometric feature-based methods

In [77], a spherical coordinate system is used &p e surface curvature of 3D objects to
the unit sphere. In [80] the 3D Shape Spectrum i@sc is defined as the histogram of

shape index values, calculated over an entire midghshape index was firstly introduced in
[20] and is defined as a function of the two pnpaticurvatures on continuous surfaces. In
[37], point signatures are computed, which accutewarface information along a 3D curve
in the neighbourhood of a point. Many point sigmesuare computed for the object and the
similarity decision is based on a voting proceding50], spin images that are 2D histograms
of the surface locations around a point are applidgee method has great complexity and,
thus, it is very difficult to be applied to reain@ 3D object search and retrieval applications.

Graph based methods

The major advantage of the graph-based methodmidhey take into account the topology
of the object while the feature based methods dssal previously take into account only the
pure geometry of the shape.

For content-based retrieval of solid models, redeas have investigated the application of
graph-based data structures storing engineerinigrésa(machining features, form features,
etc.). In [38], [45], the application of model depency graphs storing machining features is
considered. In [60], [63],[64], [43], [44] modebsiature graphs are applied, which model the
topology of a shape by a graph structure while thap a number of engineering features to a
high-dimensional feature vector. In [36], Reeb @isapre obtained by using different quotient
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functions and compared for similarity search. I7][4a topological matching method is

described, which is dedicated to articulated objeddulti-resolutional Reeb graphs are
constructed based on a quotient function definethbyintegral of the geodesic distances for
every point. In [34], the application of method [4@ solid models is considered. In [35]

preliminary research on a modification of the Rgedph method of [34] is presented.

In [79], a skeletal graph that encodes geometrittapological information is used as a shape
descriptor, while in [20], a method for reducing 3Dlid models into skeleton graphs is
presented. In [49], [61] a hybrid method that useth global features and skeletal graphs to
describe volume models, obtained by voxelizingdsoiodels is proposed. The skeletal graph
is obtained using a thinning algorithm which resutito a one-voxel skeleton. The matching
between two shapes is performed by utilizing anomtigm which detects sub-graph
iIsomorphism using a decision-tree based approdih [6

View-based methods

The main idea of the view-based methods is thawaf 3D objects are similar, they should
look similar from all viewing angles. A natural dgption of this paradigm is the
implementation of query interfaces based on dejfirenquery by one or more sketches
showing the query from different views. In [59] widased similarity is applied in order to
retrieve 3D models using an appropriate 2D quetgriace. In a pre-processing phase, a
descriptor consisting of a number of binary imagesomputed for every 3D object. In the
query phase, a sketch or a 2D image is used agrg tpuretrieve a number of 3D models,
whose images match the query. In [46], view-baseulagity is utilized to implement a 2D
sketch query interface. In the pre-processing phasescriptor of each 3D model is obtained
from 13 thumbnail images as seen from 13 orthogcaplew directions. The 3D shape
similarity is computed by comparing the query skeiwith the descriptors from the shapes
in the database using image matching techniquethelapproach described in [41], a view of
a 3D object forms the query. A number of viewstw 8D objects form the descriptor. The
number of views for every object is kept small irder to achieve faster retrievals. The
retrieval process is based on the comparison ofvaeve with all views of 3D objects using
shock graph matching.

In [21], the Light-Field Descriptor (LFD) is introded. According to the LFD method, the
similarity between two models is based on ten Liglelds, silhouettes of the 3D shape
obtained from ten viewing angles distributed evemiythe viewing sphere. Every light-field

is considered as an image and descriptors arecedrdbased on Zernike moments and
Discrete Fourier Transform.

Other methods

In [67], a geometry-based similarity approach isespnted based on the calculation of the
volumetric error between the 3D object and a secpi@h offset hulls of the other object. In
[73], a method is presented that relates the valicnerror between two voxelized shapes to
a transportation distance. In [42], a method toambta shape descriptor from objects
represented as point clouds is presented. In [, shape descriptor is created by the
weighted point sets consisting of points with ahhegirvature value. In [76], the descriptor of
the object consists of a hierarchy of weighted pe#ts, which represent the spherical shape
approximations. This multi-resolution approximatignused to implement an algorithm to
simultaneously align and compare two shapes. I} @B®l [38] a pair of 2D shapes is
compared by measuring the amount of deformationired to register the shapes exactly.
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Another important technique presented in [57] iergetric hashing. The geometric hashing
approach is based on a very simple object reprasemtand exploits the properties of the
hash data structure. The geometric hashing appiuaxiheen adopted for retrieval of protein
3D data structures [58], and 3D medical imaging.

1.3 Deliverable Structure
The deliverable is organized as follows:

In Chapter 2,the architecture of the stand-alone search engimétially presented. All
the modules that constitute the search engineedieed.

Chapter 3 provides an analytical description of thew-level feature extraction module
and its sub-modules, thpre-processing sub-modulend thedescriptor extraction
module.Two methods, introduced by ITI, are utilized foe textraction of the low-level
geometric features.

In Chapter 4, the Feature Matching module, which is responsibiethe similarity
matching between two 3D objects, is described.

Chapter 5 presents an evaluation of the proposed searchesngiterms of 3D object
retrieval. The evaluation was performed on botthefproposed methods.

In Chapter 6, the Querying and Results interfaces are extelyspeesented. The
description will be enhanced with screenshots efsarch and retrieval tool.

Finally, in Chapter 7, conclusions are drawn for this deliverable.
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2. System Architecture

The proposed stand-alone search engine will fatalithe retrieval of specific 3D content
from large databases, where search and retrievabking traditional (text-based) techniques
would be an extremely hard and time-consuming taske key for success of the search
engine is that it will rely on low-level geometridaatures of the 3D objects. By using only a
3D model as input, the system will return to therus list of 3D objects of similar shape.
Thus, several difficulties, such as the subjegtivitkey-word based search, can be overcome.

The proposed search engine’s system architectuiepisted below.

Offline

3D object Low -level feature Geometric
Repository > extraction > Descriptors

\ 4 \ 4 A 4

Browsing / Selecting Feature Feature
existing 3D object » Retrieval »  Matching > Results
A
Submitting new Low -level feature
3D object extraction Online

Figure 1: The stand-alone system architecture

The stand-alone system consists of two main subsst
1. The Offline subsystemwhich is responsible for extracting low-level gesric
features from the 3D models stored in the Repaogitord
2. The Online subsystemwhere the search and retrieval process is peedrm

Two main modules constitute the core of the progasarch engine:
1. The Low-level feature extraction moduléhis module takes as input a 3D object and
computes a low-level geometrical feature vectorchidescribes it.
2. The Feature Matching modul&his module has the feature vectors of two 3[2cigj
as input and returns a measure of dissimilaritywben them.

The system architecture is completed by the folhgwinterfaces which appropriately interact
with the aforementioned modules:
1. The Querying Interfacdt consists of the following elements:

a. A browsing areait enables browsing and selecting existing olgjémim the
3D repository. This interface is useful particiamh cases where the user
cannot provide a 3D object as input.

b. A "submit object" areait provides a tool for submitting a new 3D objest
input (query model).
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2. The Results Interfacavhere the retrieved results are presented tashe

A typical search and retrieval procedure, withosihg an input 3D model, is performed as
follows:

The user browses the repository and selects a Batalhich looks similar to the one she/he
is looking for. The Feature Retrieval sub-moduletaas input the selected object and returns
the set of low-level features (Geometric Descript@ssociated to it. The offline subsystem of
the search engine ensures that geometric desaiptore already been extracted for all 3D
models and are stored in the repository along tiéhmodels. This procedure is performed
offline by the low-level feature extraction modulEhe next step of the retrieval process is
matching the input object’s (query) feature veetith the feature vectors of all the stored 3D
objects. For each model of the repository the wgarity to the query is calculated by
utilizing the feature matching module. Finally, thesults are ranked according to their
similarity to the query and presented to the Resuoterface.

In case an input 3D object (query) is available, $barch and retrieval procedure is modified
as follows: The user uploads the input model, bggughe "submit object” area of the Query
interface. Then, the low-level feature extractiondule is used to generate its geometry-
based descriptor vector. The feature matching pitreeand presentation of the results are the
same as described above.
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3. Low-Level Feature Extraction Module

The overall functionality of the Low-Level FeatUEgtraction Module is depicted in Figure 2
[2]. The module takes a 3D object as input andageikdra set of geometric descriptors, which
is appropriately represented by either a high-dsieral feature vector or a descriptor matrix.

Figure 2: The feature extraction process [2].

Geometric features are a-priori information whictiquely describe the shape of a 3D object
and can significantly help on 3D search and resliem order to produce effective geometric
descriptors, the low-level feature extraction mdtebould meet the following objectives:

1. DiscriminativePower. The computed geometric features should captwpepties
that discriminate objects well. However, the judgmef the similarity of the
shapes of two 3D objects is somewhat subjectivggeniding on the user
preference or the application at hand.

2. RobustnessThe computed geometric features should be insemsio small
changes (e.g. noise, small extra features, repiasmn of different levels of a
multiple level-of detail model). Robustness andcdisinative power are in
contrast because any attempt to increase robustrigke features will decrease
their discriminative power and vice versa.

3. Invariance to Geometric Transformation&eometric transformations are the
rotation, the scaling and the translation of thgech The module should extract
features invariant under geometric transformates,in general, 3D objects are
placed in any position of the 3D space, with randwim@ntation and unknown size.

In order to produce geometric features, which éffety deal with the above difficulties, the
proposed low-level feature extraction module isasafed into two distinct sub-modules:
The pre-processing sub-modulérhis module imports multiple free and
commercial 3D file formats and transforms them toumiform volumetric
representation. The new representation is robust dmall defects
(missing/overlapping triangles), holes or multifgeels of detail. A normalization
step, which is also added, ensures the scalingtmmdlation invariance of the
object.
The descriptor extraction sub-module this module, several novel techniques,
proposed by ITI, are utilized in order to extramwilevel geometric features of the
object. The extracted descriptors are not only attarized by their high
discriminative power but they are also invariantdtation of the object.

3.1 Pre-processing sub-module
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The pre-processing sub-module takes as input 3Bctshjn different file formats and outputs
them in a common format that can be processeddwyédlcriptor extraction sub-module. The
function of the pre-processing sub-module is dbesdriin the following block diagram
(Figure 3).

Figure 3: The Pre-processing sub-module

The 3D model, which can be in any of the suppoftledformats, is supplied to a format-
specific parser (VRML parser, OFF parser etc.).r€nity, the pre-processing sub-module
supports the following formats:

VRML97, the classic standard for 3D models on thebW

X3D, the ISO-ratified format for quick and easy h@ of real-time 3D models,

which is expected to be the successor of VRML.

FF, avery common format in scientific community.

OBJ, a very robust format for 3D representation.

3DS, the format produced by 3D Studio Max.
The above list of supported formats will be extehdaring the project’s life time.

After the parsing, a uniform representation of 3emesh is available, which consists of:
An array of the 3D object’s point&ach point is described by Cartesian coordinates

(x,y.2.
An array of the 3D object’s triangle&ach triangle is described by the indices of its
points.

As a next step, the 3D object, in the form of tgialated mesh, is inserted to the mesh-to-
volume transformer. The transformer generates a vawmetric representation of the 3D
object, calledvoxel Model, which will be the input to the descriptor extiantsub-module.

A more detailed description of the mesh-to-voluna@sformer follows:
Let M be the input 3D model, described by a 3D mesh.dlsb,R R R be the size of the

smallest cube bounding the mesh. The bounding @ilpartitioned in(2 N)* equal cube
shaped voxels, with centersv, [x y 7], wherei 1...(2 N)’. The size of each voxel is
(2))%. Let U be the set of all voxels inside the bounding cabéU, U , be the set of all
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voxels belonging to the bounding cube and lyingd@s$v . Then, the discrete binary volume
function f(v,) of M, is defined as:

1 when v
0 otherwise

f(v)

In Figure 4 (a), (b), a model and its discrete bingolume function f (v,) are illustrated,
where the blue dots indicate the centers of theelo U, . If a cube shaped voxel is placed

at each pointv, [x y z], where f(v) 1, then the Voxel Model (Figure 4 (c)) is
generated.

(@) (b) ()

Figure 4: 3D model (a), its discrete binary volume functibip énd Voxel Model (c)

Translation and Scaling normalization

In order to achieve translation invariance, theteeof mass of the model is first calculated.
Then, the model is translated so that the centeamads coincides with the center of the
bounding cube. Translation invariance follows.

To achieve scaling invariance, the maximum distatjce between the center of mass and the

most distant voxel wherd (v) 1, is calculated. Then, the translatégv,) is scaled so that
d 1. At this point, scaling invariance is also accoistpd.

max

A coarser mesh is then constructed by combiningyesight neighboring voxels, , to form

a bigger voxel , with centers ., k 1... N°. The discrete integer volume functidi( ,)

of M is defined as:
8

FC) F(ve) U, (1)

nl

Thus, the domain of ( ) is[O ... 8].
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The discrete integer volume functioin( ,) provides a more robust representation of the 3D

object comparing with the mesh representation. different levels of detail, in 3D meshes,
do not affect the volumetric representation, sitieenumber of the voxels, which constitute
the voxel model, is always the same.

In order to provide a more robust technique of dfafrming a 3D mesh to a volumetric
representation, the mesh-to-volume transformer ldhalso deal with holes or overlapping
triangles, which may occur in a triangulated me$hese additional steps to the pre-
processing procedure are described below.

Since the proposed methods are employed in thenebf the 3D models, these should not
contain holes. In order to fill any existing hoteg boundary edges of a 3D model, which are
associated with odd number of triangles, are caedeaccording to the method described in

3].

The mesh-to-volume transformation is now dividet itwo steps: the voxelization of the 3D
model’s outline and the voxelization of the 3D mitsleolume.

In the first step, each side of a voxel is assuteetle composed of two triangles. Every
triangle of a voxelu is checked as to whether it intersects with angfi@ of a model. If it

does, f(v) 1, otherwisef(v) 0. In this way, the outline of the model as wellpast of its

interior, if it contains intersecting or overlapgirpolygons, is voxelized. It is noted that
outliers do not form triangles, hence are not viaeel. Thus, the proposed method is robust to
the presence of outliers.

In the second step [4], the volume is scannedretldimensiongx y 2). Specifically, each
row is scanned first in th& dimension, and for each row the first and the Vasels,u,, u;,

with f(v,) f(v;) 1 are identified. The voxels lying in the line segmbetweenu,, us,
form a setS for each row. Similarly,S, and S, are formed. The voxels belonging to

S § S are assigned the value fL(v) 1.

The presented and followed in this work “multiraganal” volumetric representation, using
two levels of detall, the fineff (v) and the coarsdr( ,), provides increased accuracy in the

coarser representatioh( ,) when compared to the binary volumetric representanf the

same size. The value of each voxel is proportitm#e ratio of the voxel's volume occupied
by the object (quantized into 2 bits) and can heswtered as extra information for the object
inside the voxel. However, the computational tinhewery approach presented in the sequel
is not affected. Furthermore, partitioning the hding cube of the finer level ifa N)°
voxels, provides the system the ability for voxalues of arbitrary precision (bits) in the
coarse level.

3.2 Descriptor Extraction Sub-Module

The descriptor extraction sub-module takes as itipeitvolumetric representation of the 3D
model (discrete integer volume function), and estga set of geometric descriptor vectors.
The extracted descriptors are:
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Highly discriminant, and
Invariant to any rotations of the 3D object.

The descriptor extraction sub-module utilizes iratoxe algorithms, introduced by ITI for 3D
content-based search and retrieval. The featuraaixin techniques are based on:

The Generalized 3D Radon Transforms [26]

The Spherical Trace Transform [27]

3D Krawtchouk Moments [28].

Figure 5: Descriptor extraction sub-module’s flowchart

3.2.1 The Generalized 3D Radon Transform

Let M be a 3D model and (x) the binary volumetric function oM , wherex [xy 74",
and:

1 when x lies within the 3D object's vohe
0 otherwise

f(X)

Let also e the unit vector in ® andl a real number. The 3D Generalized Radon transform
is computed as:

R( 1) f(x) ( (x D)dx )
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3.2.1.1 The 3D Radon Transform

The 3D Radon transforrR, (1) [5] of f(X), is produced by (1) and it is a function which

associates to each pdir ) the integral off (x) on the plane ( 1) {x X' } where
the superscripT indicates vector transposition. This plane is redrto the direction and at
a distancd to the origin:

RO D, FO9dx ®)
Alternatively, using the Dirac’s delta functiog):
R( 1) fO) (X dx (4)

Two instances of the 3D Generalized Radon Transitams are utilized [26], the Radial
Integration Transform (RIT) and the Spherical Imgtign Transform (SIT) in order to
produce the descriptors of any given 3D model.

The motivation for the implementation of these ttypes of the 3D Generalized Radon
Transform stems from the fact that a point in 3@cgpis fully described by the parameters
(), where is the distance of the point from the center ofsnaf the model( ) are

the spherical coordinates and [cos sin sin sin cog. The feature vector extracted
using the SIT consists of information regardingwhile the feature vector extracted using the

RIT contains information regarding. These simple but efficient descriptors do nounex
large storage capacity and are not computatioratlyensive because the descriptors are
extracted from the actual content of the 3D models.

An overview of the proposed method is depictedhanfbllowing flowchart (Figure 6).
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Figure 6: Extraction of RIT, ENRIT and SIT descriptor vectors

In the case of Radial Integration Transform (RIhg integration path is along straight lines
originating from the mass center of the 3D objéatthe case of the Spherical Integration
Transform (SIT), the integration path is around sheface of several concentric spheres with
center the mass center of the object. Finally, dbscriptors based on the Enhanced RIT
transform (EnRIT) are generated by applying a $enwariant functionals to the already

extracted RIT-based descriptors. The above twoamtgts of the 3D Generalized Radon
Transforms, as well as the descriptor extractioocgdure, are described in detail in the
following paragraphs.

3.2.1.2 The Radial Integration Transform

The Radial Integration TransfornRIT,( ) of a 3D model's binary functionf(x) is
produced by (2), and it is a function which asstesdo each the integral off (x) on the
line L( ) {x % } passing through the origin (Figure 7):

RIT() ., FO9ax ©)

Using, equation (4), the RIT can be rewritten as:
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RIT.() (% (% ) dx (6)

Figure 7: Radial Integration Transform (RIT).

Now, let h(x) be the rotated version 6{x) by a rotation matriA , i.e.

h(x) f(AX
Then, using (6) the RIT dh is:

RIT, () fF(AY) (% ) dx @)

Defining, Ax x x A'xand x A'x ¥, since only the direction of the vector is
changed. Thus,

Al
RIT() O (&2 )dy (8)
X
but, (52 ) (£ A ),sinces* . Thereforet A and,
RIT.() RIT(A) 9)

In other words, the 3D object’s rotation rotates tutput of the RIT transform. Further, let
h(x) be f(x) scaled by a factor , 0,i.e.h(x) f(%). Then, using (6) the RIT di is:

RIT() (D) (—z )dx (10)

Defining,

Hence:
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RIT f(x) (—= ) d
() (%) ( " ) dx

RIT.() RIT() (11)

In other words, the RIT amplitude of the scaled eldd only multiplied by the factor.
Based on this property of the RIT, the scalingdact can be estimated using two versions
of the same model. For example,RIT, ( ) is the RIT of the normalized model (in terms of

scaling) then:

RIT,() O (12)

3.2.1.3 The Spherical Integration Transform

The Spherical Integration Transfor@IT, ( ) of a 3D model’'s binary functiorf (x) found
using (2), associates to eachthe integral of f (x) on the sphereS( ) {x x }, with
center(0 0 0) and radius (Figure 8):

SIT() ., fOyd (13)

Using, equation (4), equation (13) becomes:

SIT () f(¥ (x )d (14)

Figure 8: Spherical Integration Transform (SIT).
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Now, let h(x) be f(x) rotated by a rotation matriA , i.e.

h(x)  f(AX
Then using (14) the SIT df is:

SIT.( ) f(AY ((x ) dx (15)

Defining, Ax % x A'xand x A'x x since only the direction of the vector is
changed. Thus:

SIT.( ) f(x) (% )dx (16)
Or:
SIT,( ) SIT() (17)
In other words, the SIT of a 3D-model is rotatiomariant. Further, leh(x) be f(x) scaled
by a factor 0,ie.h(x) f(®). Then, using (14) the SIT df is:
SIT()  f() (x ) (18)

Defining x, * dx %;hence,

ST() o) (% ) dy
SI()  fME (% - d

SIT() SIT(=) (19)

In other words, the SIT of the scaled model isextdly the same scaling factor. This scaling
factor, however, can be computed using (12). Ia Wy, scaling invariance is achieved for
the SIT using the scaling parameter computed URiig

Clearly, (17), (19) and (12), imply that the SIThdae used for the extraction of completely
invariant descriptors under rotation and scaling.

3.2.1.4 Discrete 3D Radon, RIT and SIT

The discrete forms of RIT and SIT will be used tbe actual extraction of the shape
descriptors. The discrete form of the 3D Radon 3i@m, (4), is given by:

J

RC; 1) fx) (5 11N (20)

]
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where N, is the total number of planes described )k}yi | and J the total number of

points x; . Similarly, the discrete form of the RIT, (6),g&ven by:

RITC) 1) E5 ) 1 1Ny (21)

] i
where N, is the total number of lines with orientation. Finally, the discrete form of the
SIT, (14), is given by:

J

SITC) fOp) (x ) 11N (12)
i1

where Ng,; is the total number of spheres with radiys As is easily verifiable, the discrete
RIT and SIT have exactly the same properties asdhgnuous transforms.

3.2.1.5 Descriptor Extraction

RIT-based Descriptors
As it was shown earlier, the RIT is not invariantterms of scaling and rotation. The
Principal Component Analysis (PCA) as generalized6] is used to compensate rotation.

The principal axes of inerti, ¢, ande, and the corresponding eigenvalugs , , are
initially computed defining in this way an orthogdncoordinate systemef e, g). Next,

f(v) is rotated so as to align the coordinate systeng(g) and €, €, €).

In order to achieve scaling invariance, the maxinaistanced _, between the center of mass

and the most distant voxel whelfe(v) 1, is calculated. Then, the rotatefc(v) Is scaled so
thatd,,, 1. Atthis point, scaling invariance is also accoistpd.

Finally, (21) is applied to the rotated and scalfa(:l/), producing the RIT vector with
elementsRIT, ( ;), wherei S; fL N4 and , are the sample points. Additionally, by
applying (21) to thef (v) before scaling and using (12), the scaling factois calculated.

Each , corresponds to a poinB, which lies on the unit sphere (Figure 9) and ban

expressed using spherical coordinates as [cos, sin, sin sin cos]. Thus,
RIT,(;,) RIT(B) RIT(, ,),where(, ;) arethe sample points.

In Figure 10 (a) a 3D model is depicted. IRHT( ;) RIT(, ;) descriptor vector is
illustrated in Figure 10 (b), in which darker datslicate higher values of RIT. ItSIT( ;)

descriptor vector is depicted in Figure 10 (c), wvehthe value of SIT for each concentric
sphere is shown.
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For implementation purposes the sphere is simulayedn icosahedron; then each of the 20
main triangles is iteratively subdivided intp equal parts to form sub-triangles. The vertices

of the sub-triangles are the sampled poitsTheir total numbeiN,, is easily seen to be:
Ner 10 ¢ 2 (23)

In order to obtain a more compact representatiothefinformation contained in the RIT
vector, a clustering of , where i S;, is performed. A cluster is defined as:

Clustet®H {, . " d, where d, is a preselected thresholdk S# S,

Su 8 Nyt and N, is the total number of clusters. For each clustesingle

characteristic value is calculated, as the sumhefRIT values weighted with the sigmoid
expression:
1

(24)

where paramete$ influences the sharpness of the function dnd
RIT feature vector becomes:

. In this way the

NRIT

Ugrr (K) RITCOW « & d) (25)

i1

The clusters are ordered using the position ofrteenters , in the °

mismatching is avoided by keeping constant thigord

space. Any

Figure 9: Radial Integration Transform (RIT).
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(a) (b) (©)
Figure 10: a) Original model (b)RIT( , ;) feature vector (cBIT( ;) feature vector.

Enhanced RIT-based Descriptors
The large and important amount of information covgd in the RIT,( ), or RIT,( ),

using spherical coordinates, can be further exgdoin order to enhance the RIT-based
descriptor vectors. For this reason, an approaulissito the one introduced in [7], namely
the Trace Transform, was followed. The Trace Tramsfconsists of tracing an image (2D
function) with straight lines along which certaionttionals of the image are calculated.
According to [7], a set of invariant functionalsapplied toRIT, () in order to produce a

new descriptor vectou, ., Which represents a set of featureRT, ().
The most suitable set of functionals for the preuabapplication [7], is the following:

1R[g] max{g(t % i 1..N

Fqq] max{g(t%} i1 ..N (26)
2Rl [Qa s Rld [ 3% @7)
3Rl ot Rid  dty (28)

4F,[9] max{g(t % min{gt )P il ..N
F,{g] max{g(t#®} min{ gt % i1 ..N (29)

where g(t % is a differentiable functiont,(% i) .1 N are sample couples of points fgr
and N is their total number.

The goal is the gradual reduction of the dimensmnRIT, ( ), so as to produce a compact
representation, which could be, for example, alsingmber, the descriptor.

For this reason we define:

G.() RIRIT,( ) k 1234 (30)
and

G() RIRIT( ) k 1234 (31)
and choose as descriptors:

A; FIG()] kj1234 (32)
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and

B, FIG() kj 1234 (33)

A set of 32 descriptor valuesABy; is produced. The enhanced RIT-based feature vector
defined by:

Ugnerr () Ar B (34)

wherek j 123 4andi 1.. Nggq-

SIT-based Descriptors

In order to extract the SIT-based feature vectquagion (21) is applied td (v), producing
the SIT feature vectoug, (i) SIT,( ,), wherei 1.. Ng; and I 9%, where % is a
preselected step for the calculation of SIT.

Since SIT is invariant to rotation (17), translati@ue to preprocessing) and scaling (using
the scaling factor of (12)), the descriptor vectang, (i) is also translation, scaling and

rotation invariant. Figure 10 (a), (c) depict a8iDdel and its SIT feature vector.

3.2.2 The Spherical Trace Transform

Let M be a 3D model and (x) the binary volumetric function oM , wherex [x vy 4",
and:

1 when x lies within the 3D object's vohe
0 otherwise

f(X)

Let us also define a set of planes and radius seignas follows:
1. Suppose that Sis a sphere with radius and center at the origin whereis a real
positive number.

2. Then, the planes ' , ( )x|xT * are defined in order to be tangential to the

sphere S at the point' |, ( where ‘os sin ,sin sin ,cos ,' is the unit
vector in R (Figure 11 a).

3. The radius segments are defined &s:, ( X|— , "|x[I' 0 / where

is the length of the radius segment (Figure 11 b).
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Figure 11: The spherical Trace Transform
The intersection of ', ( with f(x) produces a 2D functiori'a,b(,"a,b( ', (2 f'x((,
which is then sampled and its discrete forfﬁ,j(,'i,j N( is produced. Similarly, the
intersection of1' , ( with f(x) produces a 1D functiorf 'c(,'c 1' , (2 f'x(( which is
also sampled and its discrete formi('i N( is produced. These two forms of dafaj, j(

andf 'i(, will serve as input in the sequel.

The “Spherical Trace Transform” [27] can be expeesssing the general formulas:
9. T;F;h( T'F'h (((
g, ;AR T AFR((( (35)

where

f'i,' assuming 2D planes representatiol
h 3f i, j( g2Dp p (36)

3 f' i( assuming radius segments represent:

andF( ) denotes an “Initial Functional”, which can be apglto eachf(i j) or f(i), i.e.
F( ) F(f(i j)) or F( ) F(f(i)).The setofF( ) istreated either as a collection
of spherical function{F ( )} parameterized by, or as a collection of radial functions
{F ( )} parameterized by .

In the case of the tangential 2D planes, a seSphérical FunctionalsT( ) is applied to
every F (), producing a descriptor vectay, (T) T(F ( )). In the case of the radius
segments, a set of “Actinic Functionalg( ) is applied to eaclr ( ), producing theA( )
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= 4(F ( )). Then, theT functionals are applied t&A( ) generating another descriptor
vector g, (T) T(A )).

Figure 12: Extraction of descriptors based on the Sphericat&mransform

The proposed framework for the extraction of dgdors based on the Spherical Trace
Transform is summarized in Figure 12.

The conditions that must be satisfied by the fuomzls in order to produce rotation invariant
descriptor vectors are then examined. Under a 3Bcbbotation governed by a 3D rotation
matrix R, the points will be rotated:

& R (37)
therefore:
F(&) F(R ) (38)
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Thus, rotation invarianT functionals must be applied, so tHatF( & )) T(F( )).

In the specific case where the pointslie on the axis of rotation the correspondirﬁg' i)
will be rotated, i.e.:

f&j) i &) (39)

and thus, 2D rotation invariant functionals mustapelied, so thaF(fé(Li i) F (fAG &)).

Therefore, a general solution is given using 2@tioh invariant functional$= and rotation
invariant spherical functionals, producing completely rotation invariant descriptectors.

(@) (b)
Figure 13: Rotation of f (x) rotates th&( ), without rotating the

correspondingf (i j) (upper left image).

() (b)
Figure 14: Rotation of f (x) rotates thef (i j) (upper left
image) without causing a rotation of the paint )

The functionals listed iable 1, which satisfy the conditions stated above, wetected, as
initial, actinic and spherical. The advantagehid approach is threefold:
Firstly, the rotation normalization which hampeng performance of the descriptors
in most 3D search approaches is avoided.
The possibility of constructing a large number @sdriptor vectors is presented.
Indeed, the recognition of 3D objects is facilithi®hen a large number of features
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are present and in fact, the more classes mussbegiiished, the more features may
be necessary. The Spherical Trace Transform permgsconstruction of a large
number of invariant features by defining a sufintienumber oF, A and T
functionals.

The use of thel functionals leads to the definition of descript@ctors with low
dimensionality since eachli functional produces a single number per concentric
sphere. Thus, a compact representation of theigascvectors is achieved, which in
turn simplifies the comparison between two models.

: Radial |“Mutated” RIT
: Radial | The amplitudes of the harmonics of theFdnrier Transform

: Planar | Radon Transform

: Planar | The amplitudes of the harmonics of thilerPfeourier Transform
: Planar | HuU Moment Invariants

: Planar | Zernike Moments

: Planar | Krawtchouk Moments

- Actinic  |The amplitudes of the harmonics of ti& Hourier Transform

: Actinic  The max value of ()

t Actinic  [The (max-min) value of ( )

: Actinic  [The sum of the derivative df ( )
: SphericaThe max value of ()

: SphericaThe (max-min) value of ()

: Sphercal The sum ofF ()

: SphericaThe sum of the derivative df ()

: SphericaThe amplitudes of the harmonics of the Sphericalieo Transform
Table 1: Initial Functionald= , Actinic FunctionalsA and Spherical Functionals

= =] 4] 9] 9] »[ > »[x[n[n[n[7n[n][n[n

In the following a brief description of the abowm€tionals is given.

3.2.2.1 Initial Functionals F

The “mutated” Radial Integration Transform (RIT)
Let 1( ) {x % " % 0 } be aradius segment (Figure 11(b)) 348 be the

X

discrete function, which is derived frof)(c) . The f (c)is produced from the intersection of

f() with the 1(, ,) which begins from the point( , ,) and ends at the
point( , , O ). Then, the “mutated” Radial Integration TransforRIT( ) [8] is

defined as:
N

1
RITC ., ) f. (1) (40)
i0
Wheret 1... N, and Ny is the total number of radius segments hhthe total number of
sampled points on each line segment.

1D Fourier Transform
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The 1D Discrete Fourier Transform &f(i) is calculated using the following equation:
1 N 1 ~26ik

DR(K) f@e ™ k 0..N 1 (41)

i0
where | is the imaginary unit 1. N, and N is the total number of radius segments and

N the total number of sampled points on each ras@gsnent. Then, the fird harmonic
amplitudes DF, (k) are considered for each radius segmentAs a result, the 1D DFT

generateK different Initial functionals.

The 3D Radon Transform

Let ( ) {x x' } be a plane (Flgure 11(a)) an[d(l j) be the discrete function,
which is derived fromf [(ab). The functlonf (@b is produced from the intersection of
f(x) with the ( , ,), which is tangential to the sphere with radius at the point
(. ). Then, the 3D Radon TransforR( ) is defined as:

N1N1

RC. ) f(i (42)

iojo

wheret 1.. N;, Ny the total number of planes (total number of radius segments) and
N N the sampled points on each plane.

The Polar-Fourier Transform
The Discrete Fourier Transform (DFT) is computeddach ft(i i):

NIN1 1826k 26jm 9
FT,"k flifes™ "= km 0..N 1 (43)

i0jo

In the DFT shifts in the spatial domain cause &pomding linear shifts in the phase
component:

FT.(k me @™ > (G aj b) (44)

Thus, the DFT magnitude is invariant to circulanslation. Therefore, using discrete polar
coordinates:

5 i c2
i o) (. ¢ 2 tan'El =
i c,
c —N*/El - C, —le r.. ij 0..N 1 (45)

(42) becomes:

(46)
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and rotation is converted to a circular translatain ?. Then, the firstKk M harmonic
amplitudes FT.(k m) are considered for each?t(i j). Thus, the polar-DFT generates
K M different Initial functionals.

Hu Moments

Moment invariants have become a classical tooRfdrobject recognition. They were firstly
introduced by Hu [9], who employed the resultshe theory of algebraic invariants [10] and
derived seven invariants to the rotation of 2D otge

» @ @
. @ @ 4@
. @, 3@ B@ @
s @ 3@ (@ @
s @ 3@)( @ MK @ )VO@( , @)@
@ @ L B ,@07A , @)@
s @ U@ P (0P (@ A 2 )0 @
(@ @@ K @ SO , @)@
(@ 39 £ B @)@ , @) @ (47)

They are calculated for eacﬁ(i j) with spatial dimensiolN N, using

@ (0% yiaN pq o1z (48)

iojo

is the (p o)™ order central moment oft(i j). The mean valueg, y are calculated by:

< Mo y b (49)
Myo Mho
where
m aHf(ahdadb pqo012 . (50)

Pq

Moments , ... , are independent of scaling, translation and mtatMoments , ... , and
the absolute value , are also independent of reflection.

Zernike Moments
Zernike moments are defined over a set of complaynpmials which forms a complete
orthogonal set over the unit disk and are rotatiovariant. The Zernike moments are

calculated for eacrft(i j) with spatial dimensiolN N, as:

2(k 1 N1N1

Ne™fG) o1 51
km 6(N 1)2 0o ka( u) ft( J) ij ( )
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wherek N, m" kandk m iseven andR the radial polynomials [11]:

k

K o 52)

r

The discrete polar coordinates are defined asShvdth r.., 1. The definition of the radial
polynomial leads toR(r) R, .(r). It can then easily be shown tha;, Z, .. The

number of Zernike moments for any ordde, is given by k 1, while the number of
moments up to and including ordkris (kB2 1)(k 1), (although because of the relationship

betweenZ,, andZ, ., given above, only the moments withCO need to be known).

Krawtchouk Moments
Krawtchouk moments [12] are a set of moments forimedsing Krawtchouk polynomials as

the basis function set. The" order classical Krawtchouk polynomials are definsd
N

KxpN) @, f , K n x N%) (53)

DO
wherexn 012..N,N 0, p (01), ,F isthe hypergeometric function defined as:

,F(abc _(ang)[,% (54)

and (a), is the Pochhammer symbol given by:

@, aa 1)..(a D 1 E(E""(a)@ (55)

where E() is the gamma function.
For each ft(i j) with spatial dimensiorN N, the Krawtchouk moment invariants can be
defined using the classical geometric moments:
N1IN1
My i G ) (56)

iojo

The standard set of geometric moment invariantsctwhre independent of rotation [9] can
be written as:

N1N1

o [ico® jsir?]"[ jcog isid]™ F i) (57)
where
1 2@,
? (B2 —= 58
(B2)an @ @ (8)
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and @ are the central moments (48). The value?af limited to 45™ ? 45, In order to

obtain the exact angl€ in the range of° to 36(° modifications described in detail in [13]
are required.

Following the analysis described in [12], the rimatinvariant Krawtchouk moments are
computed by:

Qu [ () (M= & g, (59)

i0jo0

where the coefficients,,, , can be determined by (53), andk) (m) can be calculated

from the orthogonality condition [12]. It should beted that in our experiments the
parametersp, p, were set tad 5 [12].

Each of the aforementionel functionals produces a value (in case of RIT aaddR), or
more values (in all other cases), per plane oradius segment. The entire set of values for
each initial functionalF generates a functioR( ) whose domain consists of concentric

spheres.

3.2.2.2 Actinic Functionals A

The F( ) produced as above is now treated as a collecfioadial functionsF ( ) by
restricting at different. Then, the following set of “Actinic Functionals( ), i 1... 4,

are applied to eack ( ,):

A() DF(F () DR ()
A() max{F ()}
A() max{F ()} min{F( )}
NG

whereFé is the derivative ofF , t 1... N are sample points on eachand N, their total
number.

3.2.2.3  Spherical FunctionalsT

The set of functional3 , which is applied to eack ( ) and A( ), in order to produce the
descriptor vector, includes:

T(F) maqe( )b, § L.N
() TlFE )
TF  FC)
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T,(F) max{F( )} min{A( )}, 10N,
where £( ;) F ( ;) or £/( ;) A(,), FS8its derivative, andN, uR,

c

where N_ is the total number of concentric spheres, and

The amplitudes of the first L harmonics of the Spte Fourier Transform
(SFT).

The fifth aboveT functional is generated using spherical harmor8gherical harmonics are
special functions on the sphere, generally denloyeq, ( ) wherel CO and m " | [14].

There are two main reasons why these functionsuaedul for representing 3D shapes.
Firstly, they form a complete orthonormal set om timit sphere:

NS
YIm( i)ij( i) k mj (60)
il
where N, is the total number of sampled points per conaesphere. From this it follows
that if a functionG parameterized by the spherical coordingtesis expanded as an infinite
Fourier series of spherical harmonics:

G( ) mm( )1 1N (61)

I om |
then the expansion coefficients, are uniquely determined by:

G ) (62)

il

Im

Thus, for the traced object:

RIT
3 ()
3DF|< ()
3 R
3 ()
3FTm( )
3HUk( )
g ka( )
3 Kkm( )
3 A0)

G( ) (63)

The expansions (61) are strictly convergent in ¢sbkase that the error of the expansion
reduces monotonically dstends to infinity. Hence, the leading terms of seeies are those
with small values of and m, which implies that upon truncation the series gufficiently
large value ofl , L, most of the detail of the functio@( ) will be captured.
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The second reason why these functions are usefimisstrom the fact that i&G( ) is rotated
(G& ) with expansion coefficients &,), then, as is easily proved [14], the overall vect
length of &, coefficients with the samkeis preserved under rotation:

A & im (64)
where the quantitieshA are known as the rotationally invariant shape dgsgs. In the

proposed method, for ea¢hthe correspondingy is a spherical functional . Therefore, the
total number of spherical functionals used, isL 4 for each concentric sphere.

3.2.2.4 Descriptor Extraction

The Spherical Trace Transform is applied to therdig integer volume functiorf( ),
derived from the pre-processing sub-module, instefdhe function f(x). Specifically,

f( ) is assumed to intersect with planes. Each platengential to the sphere with radius

at the point . Further, f( ) is assumed to intersect with radius segments.

In order to avoid possible sampling errors causgdguthe lines of latitude and longitude
(since they are too much concentrated towards ¢hes) each concentric sphere is simulated
by an icosahedron where each of the 20 main tesnigl iteratively subdivided intg equal
parts to form sub-triangles. The vertices of the-Biangles are the sampled poils Their
total numberNs, for each concentric sphere (icosahed@n)with radius , s 1... N,

where N, is the total number of concentric spheres, isyasen to be:
N. 10 2 (65)

Each function ft(a b), t 1... N, is quantized intoN N samples and its discrete form
f (i j) is produced. The domain of (i j) is [0 ...8]. Similarly, each functionf (c) is
quantized intoN samples and its discrete fordn(i) is produced. The domain of (i) is

[0...8].
Then, the procedure described in the previous stibss is followed for each functiongl,
producing the descriptor vectors g.(T) T(F'(,) D1(l), and

9.(T) T(A ,) D2:(L) wherel, 1...(L 4) N, I, 1...(L 4) 4andL is the total
number of spherical harmonics. The integrated d@@®cr vector is

D (1) [Di(l,) D2:( )], wherel 1..{(L 4) N, (L 4) 4}.

The same procedure is followed for @i functionals, producing the descriptor vectors
Dgir(1) D, (1) Dill) Dy () Dr, () D () andDy (1).

The method was developed using the valbes: 2562, N, 20, L 26, K 8 andN =64.

3.2.3 3D Krawtchouk Moments
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3.2.3.1 Simple, Normalized and Weighted Krawtchouk Polynomals

Krawtchouk moments are based on a set of orthorgpmignomials, associated with the
binomial distribution, introduced by Mikhail Krawtouk almost 80 years ago. More recent
approaches expressed Krawtchouk polynomials in gesimhypergeometric function [23],

[24].

The n-order Krawtchouk classical polynomials [25] ardimed in terms of hyper-geometric

function as:
N

KX PN &% , BN x N%) (66)

k O
wherexn 012.N N O p (01) and the function,F, is the hypergeometric function
which is defined as:

Fiaboy OLE ©7)

The symbol(a), in (67) is the Pochhammer symbol given by

Ea k)

(@, ala I)(a 2)..(a k1) @)

(68)
The set of Krawtchouk polynomialS { K. (x p N),n 0...N } hasN 1 elements

and forms a complete set of discrete basis funstwith weight function

wxpny 0050 (©9)

Using the properties of hyper-geometric functigrcain be proved that:

N

Wx pNK(XpNK(xpN (npN, (70)
wherenm 12 3..N,
.81 p§ A
N 1)y ——. 71
(n|0)()_<|o,:(N)n (71)

and . is the Kronecker delta function.

The Equation (70) shows that the set S satisfieotthogonality condition. However, the set
S of Krawtchouk polynomials is not orthonormal. Inder to achieve orthonormality, the
normalized Krawtchouk polynomials are defined as:

K.(x p N)

K N
(x p N) PN

(72)
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Using (70) can be shown that

N M

WX P NK(XPNK(XPN ., (73)

x0yoO

In order to ensure the numerical stability of tledypomials and to achieve an orthonormal
basis function with unitary weight function, Yap at[12] introduced the set of weighted
Krawtchouk polynomials, defined as:

— w(x p N)
Kx pN) K(xp l\b,/—(n o N) (74)

Therefore the orthogonality condition (70) becomes

N M

KiX P NKi(X PN (75)

x0yO

Thus, normalized and weighted Krawtchouk polynonials be used as orthonormal function
basis of discrete spagb...N 1,.

3.2.3.2 Weighted 3D Krawtchouk Moments

In [12], Yapet al. introduced Krawtchouk moments and Krawtchouk manmevariants for
image analysis, 2D object recognition and regiosedafeature extraction (2D case). In this
section, this work is extended in 3D and the discW¥eighted 3D Krawtchouk moments [28]
are introduced.

Let f(xy 2 be a 3D function defined in a discrete field )'x yz( Xxyz IN

x [0..N 1, vy [0..M 1], =z [0..L 1F. Exploiting Weighted Krawtchouk

polynomials, the Weighted 3D Krawtchouk moments anéroduced. Weighted 3D
Krawtchouk moments of order (n+m-+l) df, are introduced as follows:

N1M 1L 1

Qo KaX B N DKn(y B M DKi(zp LD f(xyz2 (76)

x0yO0zO0

By solving the orthogonality condition (75) and ttiefinition of Weighted 3D Krawtchouk
moments (76), functionf(x y 2 can be written in terms of Weighted 3D Krawtchouk

Moments as:

N1M1L1

f(xy32 Ki(XR NDKn(y p MDK(zp LIQ,, (77)

noOmO1l O
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Equations (76) and (77) show that any 3D functiofx y 2 defined in a discrete 3D field,
can be decomposed into the appropriate Weightedk&ivtchouk representatioQ, .

Moreover, the projection off to the space of Weighted 3D Krawtchouk momentfuliy
reversible.

3.2.3.3 Application of Weighted 3D Krawtchouk Moments for 3D objects

Weighted 3D Krawtchouk moments can be used asa@&ipes of any 3D object, if it can be
expressed as a function f(xy 2 defined in a discrete  space
[0...N 1] [0...M 1] [0...L 1]. This can be achieved if the model is expresseal@nary
volumetric function.

After normalization and generation of a binary voétric function f(v) of the 3D object,
following the procedure described in sub-sectidn 8e Weighted 3D Krawtchouk moments
can be computed. These Weighted 3D Krawtchouk mtsneam then be used to form the
descriptor vector of every object. Specificallye tthescriptor vector is composed of Weighted
3D Krawtchouk Moments up to ordsr, wheres is experimentally selected.

D KWQ,, n m | [0..§4 (78)
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4. Feature Matching Module

The feature matching module calculates a measumgnafarity or dissimilarity between a
pair of 3D objects. The module takes as input aobgeometric descriptor vectors for each
object, and an appropriate distance metric is smledo compute their similarity or
dissimilarity.

The distance metric, which will be chosen as mpsgt@priate, is not always the same for all

types of descriptor vectors. In addition, a diseneetric, which combines the features of
several descriptor vectors, produces better rethdts using each descriptor vector separately.
Experimental tests, performed in a predefined @atasave led to the final decision of

distance metrics and combinations of descriptortorsecthat featured the best retrieval

performance.

4.1 Similarity Matching using the Generalized Radon Traasform

descriptors

Let A B, be two 3D models. The model descriptors are coaapa pairs using the following
formulas (based on their L1-distance):

Neiuster |uRITA(i) u RITB(i )|

RITsimiari (1 i [ ) 100)/0
farty i1 |URITA(I) URITB(I)BZ
and
st e sl o0,
similarity - |us|TA(i) US|TB(i)B2
and
Ean-l;imilarity 1
Newmit U rrall) uE”R'Téi)| ) 100% (79)

i1 |UEanTA(i) uEnRITlg)BZ

The overall similarity measure is determined by:

TOtaLimilarity a RI-EimiIarity 3 EnRrs]i-milarity
(1 a az) Sl-gimilarity (80)
wherea, a, are weight factors. The values of the weight fescteere found experimentally to
be:a 040, a, 045, hencel a a, 015 reflecting the experimentally determined

discriminative power of each feature vector. Aldwe dimension of the SIT feature vector
was experimentally selected to Ibg,; 123, while the dimension of the RIT feature vector

was selected to bbl 252 and N,; 25002

cluster

4.2 Similarity Matching using the Spherical Trace Trandorm descriptors
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Let AB be two 3D models. Let also, D*(k) [D™(k) D™(k)]" and

D®(k) [D®(k) D®(k,)]"be two descriptor vectors of the same kiBg), which were

extracted using the Spherical Trace Transform. mbdel descriptors are compared in pairs
using their L1-distance:

(L 4N
Dldissimilarity DAl(kl) DBl(kl)

k11

and
(L 44
Dzdissimilarity \/ DAZ(kZ) DBZ(kZ) (81)
k2 1
The overall dissimilarity measure is determined by:
Ddissimilarity al Dldissimilarity a2 D2dissimilarit) (82)

where a, a, are descriptor vector percentage factors, whiehcatculated as follows: Let us

assume thatA belongs to a clas€, which containsN. models. Let alsdN,,,, be the total
number of models contained in the database. Thefattora, is calculated as:
iNcl d
a1 Ntolal NC (83)
d;

i1
where d, is the L1-distance of the descriptor vec®f' of the modelA from the descriptor
vector D™ of the model A which also belongs t€, and d, is the L1-distance of the

descriptor vectoD* of the modelA from the descriptor vectdd™ of the model A& which
does not belong teC. The combination: smalti, and big d; implies that the descriptor

vector D™ is good for the clas€, in terms of successful retrieved results. The@siage
factor a, is calculated similarly taking into account thesciéptor vectorD**. Thena, and

a, are normalized so that®, 1B, 10C

The above approach has been utilized in the seffjuemany pairs of Spherical trace
descriptors. More specifically, the possible pairs:

Krawtchouk — Zernike

Zernike — Polar Fourier

Kratchouk — Hu

Hu — Polar Fourier

Following the above approach, a large number otrg@sr vectors can be efficiently used,
taking advantage of the discriminative power ofredescriptor vector per different class.

4.3 Similarity Matching using the 3D Krawtchouk Moments descriptors

Let A B, be two 3D models an®” [Q) |n m | 0..4, D® [Q.,n m | 0..4

(from (76) and (78)) their Weighted 3D Krawtchoulomments descriptors respectively. The
models are compared in pairs in terms of WeightBdK3awtchouk moments using the

L1 norm betweenD” and D®:
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S
A =B

H(AB) LYD" D°) Qi Qum (84)

nmlO

where s is the maximum order of Weighted Krawtchouk Monsesg¢lected to describe the
object.

4.4 Similarity Matching using combined 3D Krawtchouk Moments and
Spherical Trace descriptors

Suppose that A and B are two 3D objects. The abjece firstly compared with 3D
Krawtchouk moments and the dissimilarity metHd A B) is computed. Further, the objects

are compared using the combined (Krawtchouk-Zejritgherical Trace descriptors resulting
N Dycqimiiary (A B) distance. The combined dissimilarity is computedodiows:

R(A B) 1 jSssimilarityI A q 2 HI A Q
where , , 100and the value of; has been experimentally selected to be 65.
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5. Performance Evaluation

The proposed methods for low-level geometric featxtraction and feature matching were
evaluated in terms of retrieval performance. Thalwation was performed using three
different databases. The first one, formed in Uttedniversity [15] and also used by
Tangelderet al. in [16], consists of 512 3D models in the follogirix categories (classes):
242 conventional airplanes, 60 delta-jets, 45 nfulelages, 19 biplanes, 10 helicopters and
136 other models. The second one formed in PrincBtaversity [17],[18] consists of 907
3D models classified into 35 main categories. Mastfurther classified into sub categories,
forming 92 categories, in total. This classificaticeflects primarily the function of each
object and secondarily its form [17]. The third i database) has been compiled from the
Internet by ITI, consists of 544 3D models fronfeliént categories. The VRML models have
been collected from the World Wide Web so as tanfdr3 more balanced categories: 27
Animals, 17 Spheroid objects, 64 Conventional ampk, 55 Delta airplanes, 54 Helicopters,
48 Cars, 12 Motorcycles, 10 Tubes, 14 Couches, H&r§; 45 Fish, 53 Humans and 103
Other models. This choice reflects primarily thesh of each object and secondarily its
function. The average number of vertices and tiemngf the models in the new database is
5080 and 7061 respectively. For the evaluatiorhefrhethod based on the Generalized 3D
Radon Transform all the above databases were wdgeaite for the method based on the
Spherical Trace Transform, the second and the e used.

To evaluate the ability of a method to discriminaééween classes of objects, each 3D model
was used as a query object. The retrieval perfocenavas evaluated in terms of “precision”
and “recall”, where precision is the proportiontloé retrieved models that are relevant to the
query and recall is the proportion of relevant mMsdethe entire database that are retrieved in
the query. More precisely, precision and recallde®ned as:

. N,
Precision detection (85)
detection N false
Ndetection
Recall ——deteston (86)
detection miss
where:
Newcion  NUMber of relevant models retrieved
N.. number of irrelevant models retrieved
N number of relevant models not retrieved

miss

For all methods, the coarser Voxel Model has begrermentally selected to be partitioned
in 64° voxels and the finest model in F2®xels.

5.1 Evaluation of the Generalized 3D Radon Transform

The proposed method was compared with those pesbemt [16][19], resulting in
improvements in precision, ranging froB% to 11%. The average attained precision as a
function of the returned models is shown in Figi& Figure 15, illustrates the results
produced by the proposed method when applied tdJthecht database. The models in the
first horizontal line are the query models (eack belongs to a different class) while the rest
are the first five retrieved models.
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Figure 15: Query results using the proposed method in thecbtr@atabase. The query
models are depicted in the first horizontal line.

Figure 16: Comparison of the proposed methods (RIT-EnRIT-&g (RIT-SIT) against the
methods proposed in [19], [16] and [20] in termgicision-recall diagram, using the
Utrecht database.
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Figure 17 contains a numerical precision versuallfeomparison with the methods in [19],
[16] and [20] using the Princeton database. FigiBeand Figure 19 illustrate the results
produced by the proposed method in the Princettebdae. The models in the first line are

the query models (each belonging to a differeragjlavhile the rest are the first four retrieved
models.

Figure 17: Comparison of the proposed methods (RIT-EnRIT-&g (RIT-SIT) against the
methods proposed in [19], [16] and [20] in term$Ecision-recall diagram using the
Princeton database.

Figure 18: Query results using the proposed method in thecBtom database. The query
models are depicted in the first horizontal line.
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Figure 19: Query results using the proposed method in thecBtom database. The query
models are depicted in the first horizontal line.

The drawbacks of using these databases are thdtttkeht database is biased, since the
conventional airplanes dominate the other categavigle the Princeton database was created
taking into account the function of each objecheatthan its shape. The choice of the ITI
database, on the other hand, reflects primarilystiepe of each object and secondarily its
function. The number of the “Other” models is kbh so as to better test the efficiency of
the proposed method (a large number of “other” nsdehich do not belong to any
predefined class, guarantees the validity of tlséstsince it adds a considerable amount of
“noise” in the classification procedure).

Figure 22 illustrates the results produced by trppsed method in the ITI database. The
models in the first horizontal line are the quergdels while the rest are the first seven
retrieved models. The similarity between the quandel and the retrieved ones is obvious.
Even in failure, the method was seen to producsoresble results. For example, for the third
guery (helicopters) the seventh retrieved resudt fish (shark) misclassified as a helicopter,
because of the obvious shape similarity of theserhedels.

Figure 20 depicts retrieval results obtained with proposed method in the new database.
Figure 21 illustrates the overall precision-redalt the new database compared with the
methods described in [19], [16] and [20]. As shdwnthis figure in this representative and
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balanced database the proposed method is competiith known state-of-the-art methods
and clearly outperforms the methods in [19] and.[16

Figure 20: Plots of precision versus recall of each classainad in the new database

Figure 21: Comparison of the proposed methods (RIT-EnRIT-&1 (RIT-SIT) against the
methods proposed in [19], [16] and [20] in term$dcision-recall diagram using the new
database.

June 2007 44 ITI



VICTORY Deliverable 4.1 RE Contact N. 044985

Figure 22: Query results using the proposed method in thedsabase. The query models
are depicted in the first horizontal line.

The efficiency of the proposed method, which comabinthe descriptor vectors
RIT EnRIT SITwas evaluated in comparison with the methods miglgin the values of
each descriptor independently. Each descriptorovestis evaluated in terms of precision
versus recall using the new database. Figure @tifltes the precision versus recall for each
descriptor for N, 25002N,... 252N, 12. The Enhanced RIT-based descriptor

vector actually provides better results than thitialn RIT descriptor vector since the

functionals extract characteristic information froime original RIT descriptor vectors making
the representation more compact, enhance the misamt power of the descriptor vector and
reduce the redundancy and noise existing in thggraii descriptors. Further, it is obvious that
the combination of the descriptor vectors produmster results.
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Figure 23: Comparison of the 3D descriptor vectors in termgretision-recall diagram
using the new database.

The robustness of the proposed method was alsoatedlto different levels-of-detail. Figure
24,Figure 25 illustrate two 3D models with 4797 4d&5 vertices respectively. The shape of
the models may be deformed when too few verticesiaed. Table 2 and Table 3 present the
overall similarity metric between the original mb@ad its versions with fewer vertices. As
shown, the similarity metric remains high while thedel’s shape remains similar, regardless
of the number of vertices and triangles it consmtsThis is due to the fact that the proposed
method is applied in the models’ volume, thus Isusi to different levels-of-detail as long as
the shape of the models is not changed drasticallyhe latter case however the model is
completely changed and it is useless.
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Figure 24: Visual results of model vertices’ percentage reidmct

Table 2: Descriptor vectors’ robustness to different levaisletail.

No of No of RIT EnRIT SIT Overall
Model vert. trian. Simil. Simil. Simil. Simil.

(a) 100%| 4797 9830 100.0% 100.0% 100.0% 100.0%
(b) 90% 4317 8862 99.619 99.57% 100.0% 99.76%
(c) 80% 3838 7904 99.659 99.15% 99.78% 98.73%
(d) 70% 3358 6942 97.349 98.94% 99.68% 98.52%
(e) 60% 2878 5876 97.35% 98.94% 99.671% 98.5P%
(f) 50% 2398 4916 97.33% 98.97% 99.67% 98.51%
(9) 40% 1919 3958 92.129 96.10% 98.83% 95.40%
(h) 30% 1439 2974 92.139 96.00% 98.84% 95.40%
() 20% 959 2014 83.31% 93.18% 92.78% 88.58%
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Figure 25: Visual results of model vertices’ percentage reidnct

No of No of RIT EnRIT SIT Overall

Model vert. trian. Simil. Simil. Simil. Simil.
(a) 100% 1155 2246 100.0% 100.0% 100.0% 100.0%
(b) 90% 1039 2014 99.49% 99.56% 100% 99.70%
(c) 80% 924 1784 98.46% 98.18% 99.07% 98.66%
(d) 70% 808 1552 98.05% 97.99% 99.18% 98.49%
(e) 60% 693 1322 97.95% 98.05% 99.06% 98.41%
(f) 50% 577 1090 98.07% 97.77% 98.81%% 98.32%
(9) 40% 462 863 97.92% 98.00% 98.79% 98.28%
(h) 30% 346 638 97.94% 97.94% 98.67%0 98.23%
(i) 20% 231 413 97.87% 97.89% 98.61% 98.171%

Table 3: Descriptor vectors’ robustness to different levaisletail.

Finally, the efficiency of the extracted descrigtaras evaluated in a new 3D model database
introduced in [29]. The Engineering Shape Benchnig&B) database contains a total of 867
3D CAD models from the mechanical engineering dom@hey are classified into 3 main
classes: 107 flat-thin wall components, 281 reatdargcubic prism and 479 solids of
revolution. This new database was also added iVIB&ORY 3D search engine.
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Figure 26: Precision versus recall of all classes in the B8Bbase

5.2 Evaluation of the Spherical Trace Transform

The results of the proposed method have been ceapdth those of the following methods,
which have been reported [18] as the best knowpeshaatching methods that produce the
best retrieval results:
Gaussian Euclidean Distance Transform (GEDT)it is based on the comparison
of a 3D function, whose value at each point is gilsag composition of a Gaussian
with the Euclidean Distance Transform of the siafgo].
Light Field Descriptor (LFD) : uses a representation of a model as a collecfion
images rendered from uniformly sampled positiong eew sphere. The distance
between two descriptors is defined as the minimundifference, taken over all
rotations and all pairings of vertices on two dadedra [21].
Radialized Spherical Extent Function (REXT) uses a collection of spherical
functions giving the maximal distance from centérnoass as a function of
spherical angle and radius [22].

It should be noted that the above methods’ exetegakere provided by the authors of [20],
[21] and [22].

Experimental results have shown that the followdegcriptor vectors should be selected, for
achieving best performance, in the case of multiplescriptor vector extraction:

FT {F-I_OO I:-I_Ol F-rl} ’ HU {HUO HUZ} ! Z {ZOO le ZZO 23}’ K {KOO KOl KOZ Kl}
andDF {DF, DF} .

Figure 27(a) contains a numerical precision versaall comparison with the aforementioned
methods using the ITI database. It is clear thatptoposed method outperforms all others
using the integrated descriptor vector and calmgathe percentage factors for each
descriptor vector. Additionally, other descriptactors produced by Krawtchouk moments,
Zernike moments, the Polar-Fourier transform anel Bl moments outperform or are

competitive with the other known state-of-the-adthods. Figure 27(b) illustrates the results
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using the Princeton database. In this databasel FBemethod provides the best retrieval

precision and only the descriptor vectors basedhenKrawtchouk moments and on the
Zernike moments are competitive.

(@)

(b)
Figure 27:Precision-recall curves diagram using
the ITI database (a) and the Princeton databgse (b

In Figure 28, some of the best combinations whignicantly improve the retrieval
performance of the proposed method are shown.
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(@)

(b)
Figure 28: Precision-recall curves diagram some of the bestrgeor
vector combinations, using the ITI database (a)thadPrinceton database (b).

The retrieval performance is improved due to tlet fat a single descriptor vector does not
outperform all the others in all different classésis using the percentage factors we can take
advantage of the real discriminative power of edebcriptor vector per each different class.
An example is illustrated in Figure 29 where thealgtor vector based on Polar-Fourier
Transform is seen to outperform the descriptor arebbised on Zernike moments in class
“Helicopters” of the ITI database. However, the me retrieval performance of the
descriptor vector based on Zernike moments is b@tigure 27(a)).
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Figure 29: Comparison of the efficiency of the Polar-Fouriased descriptor vector against
the Zernike moments-based descriptor vector fdassaf the new database.

The times needed for the extraction of the desmripectors for all Initial functionals used are
shown in Table 4Extraction Time using different Initial Functionals but all Spherical-
Actinic Functionals. These results were obtained using a PC with aHz Mentium IV
processor running windows 2000.

Initial Functional Extraction time
“Mutated RIT” 5 sec
Amplitudes of the first 6 harmonics of the 1D Feuri 7 sec
3D-Radon Transform 12 sec
Amplitudes of the first 9 harmonics of the PolamFer 110 sec
The 7 Hu Moments 65 sec
The first 16 Zernike Moments 75 sec
The first 9 Krawtchouk Moments 65 sec
Table 4: Extraction Time using different Initial Functionddst all Spherical-Actinic
Functionals

The proposed method was, also, evaluated in the [B$Blatabase, which was added to the
VICTORY 3D search engine along with the ITI, Utreemd Princeton Shape Benchmark
databases. Two of the best descriptor vector caatibims are presented and compared with
the method based on the Generalized 3D Radon Dramsf26]:

Spherical Trace using all Initial Functionalsgce_ALL
Spherical Trace using only Krawtchouk and Zernilamants Kraw-Zern)
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Figure 30. Comparison of the efficiency of the Kraw-Zern-edsnd Trace_ALL-based
descriptor vectors against the RIT-EnRIT-SIT bagescriptors in ESB database.

It is obvious that the descriptors based on theeBgdl Trace Transform are more
discriminative than those based on the GeneralgizdRadon Transforms. By using all the
available Initial FunctionalsTface_ ALL descriptors), the best performance is achieved.
However, by using only Krawtchouk and Zernike motsethe performance remains
satisfactory, while the time for the feature matghis significantly reduced.

5.3 Evaluation of the 3D Krawtchouk Moments

The proposed method was tested using the Prin&itape Benchmark Database [18] for its

performance on 3D content-based search and rdtappéication. The dataset consists of 907

3D models classified into 35 main categories ands@Bcategories. In this paper, the

assumption that the rotation and orientation pmoikleare solved has been made. Thus, a
version of pre-rotated Princeton Shape Benchmarkali2se has been used and the
preprocessing step has been omitted.

The Princeton Shape Benchmark consists of 3D model¢RML format. Therefore, a
preprocessing step for converting the mesh reptasem into a volumetric representation
was needed in order to compute the Weighted 3D tfamuk Moments for each model. The
3D mesh is enclosed in the smallest bounding cutiehais then partitioned in a set of equal
cube shaped voxels. The resolution of the boundhogy was selected to bé4 64 64
voxels.

The retrieval performance was evaluated in ternmfpi@cision” and “recall”, as described in
(85, 86).

The parameters required for moments extraction salected to bep, p, p, 05,
because the centre of mass of a 3D object lieshatcentre of the voxel model and
N M L 64 because of the voxel model dimensions used. WeslgBD Krawtchouk
moments for all objects have been computednform | [0...§. The value ofs has been
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experimentally selected to b& 10 because leads in more accurate retrieved regtdts.
s 10, the number of descriptors increases significaniliyiout considerable improvement
in retrieval performance. Figure 31 presents trmulte produced for different values of
S 46810 1zinterms of precision-recall on the Princeton ShBpnchmark.

Figure 31: Comparison of different order moments the propasethod (Weighted
Krawtchouk Moments).

To evaluate the ability of the proposed method iszriminate between classes of objects,
each 3D model was used as a query object. OurtsgSId WKM) were compared with those
of the methods of Spherical Harmonics (SHD) 71[2@3ht Field Descriptor (LFD) [21] and
REXT method [22] which are some of the best knothagpe matching methods. The resulting
precision-recall diagram is presented in Figure G@mparison of the proposed method
(Weighted Krawtchouk Moments) against the methods BXT, Light Field Descriptor
(LFD) and Spherical Harmonics (SHD) proposed in [1f [16] and [11] respectively, in
terms of precision-recall diagram, using the Princeon Shape Benchmark.
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Figure 32: Comparison of the proposed method (Weighted KragetkiMoments) against
the methods REXT, Light Field Descriptor (LFD) apherical Harmonics (SHD) proposed
in [15], [16] and [11] respectively, in terms ofggision-recall diagram, using the Princeton
Shape Benchmark.

These results were obtained using a PC with &Hz Pentium IV processor arisil2MB
RAM, running operating system windows 2000. Thegpams have been compiled with
Microsoft Visual C++ Compiler version 6. The avezagne needed for the extraction of the
feature vectors for one 3D model 101 seconds, while the time needed for the retrieval
process with a single query model 1® msec. The time needed for the retrieval process
depends on the descriptor vector size, thus istanhs

Table 5 presents analytically the times requiredd@scriptor extraction with Weighted 3D
Krawtchouk moments of order up & 10 and12 and the corresponding retrieval times. The
Weighted 3D Krawtchouk moments extraction time dejseon the total number of voxels
which constitute the object and the maximum ordercemputed moments. Therefore,
Weighted 3D Krawtchouk moments for smaller objee eomputed faster than those for
bigger objects. Thus, in Table 5 the minimum, treximum and the average extraction times
are presented. The matching time depends on tleeddithe database and the size of the
descriptor vector. Thus, there is a constant tiroe the descriptors comparison for
Krawtchouk moments of the same order. Furtherm@ehle 5 justifies the selection of
s 10. Although, fors 12 the results are comparative with 10, (Figure 31) the time
required for descriptor extraction and matchingcpss is increased significantly.

8th 10th 12th
Extraction of Min 0.4 sec 0.731 sec 1.45 seq
3D WKM Max 1.2 sec 1.99 sec 3.92 se¢
Descriptors Aver. 0.58 sec 1.01 sec 2.12 sec
Comparison All 1 msec 1.5 msec 3 msec¢

Table 5: Execution Times in Princeton Shape Benchmark 3DMVK
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Clearly, the time needed for the extraction of fis&ure vectors is short, thus the method is
appropriate for applications close to real timevited that the models are expressed in terms
of a binary volumetric function. Since the time deé for the comparison of the feature

vectors is small, the proposed method is suitableetused as an efficient tool for web-based,
real-time search and retrieval applications.

Figure 33 illustrates some of the results produnethe proposed method. The first model in
each horizontal line is the query model while testrare the first four retrieved models. The
similarity between the query model and the retrikopes is obvious.

Figure 33: Query results using the proposed method in thecBtom database. The query
models are depicted in the first horizontal line.

The efficiency of Weighted 3D Krawtchouk Moments dapture the object edges can be
figured in the precision-recall diagram of a specatiategory in Princeton Shape Benchmark
(Figure 34). The diagram compares the resultseratd using Weighted 3D Krawtchouk

moments and Spherical Harmonics for a specificgmatewhich contains models with many
edges. It is obvious that the proposed method meximuch better results for this category.
Furthermore, Figure 35 comparatively presents ¢iwered results of the same query model
using the Weighted 3D Krawtchouk Moments (3D WKMndaSpherical Harmonics

Descriptors (SHD). The results prove that the psepgomethod can effectively capture edges
with low order moments.
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Figure 34: Comparison of the proposed methodefghted Kawtchouk Moments) against
the method of Spherical Harmonics (SHD) proposdd 1, in terms of precision-recall
diagram, using the Princeton Shape Benchmark.

Figure 35: Retrieved results with 3DWKM (first line) and SHBegond line) for the same
query model. The first model is the query model tredrest are the retrieved results.

Figure 36 illustrates the retrieved results ushgyproposed method with an aerostat as query.
The results show that the retrieved objects areas@oally irrelevant, as the first three
retrieved results are not aerostats. However, lthpes similarity between the retrieved results
IS obvious.

Figure 36: Retrieved results with 3SDWKM for an aerostat. Thstfmodel is the query model
and the rest are the retrieved results

The proposed method was also evaluated in the ESBand ITI databases. The method is
compared with the Spherical Trace Transform, imgeof precision-recall, and the results are
given below. It can be inferred that the best caoration of Spherical Trace descriptors
(Trace_ALL outperforms the 3DWKM method. However, a comhorabf Spherical Trace
with the 3DWKM method provides the highest retriey@rformance. The combined
descriptor vector of the Krawtchouk and Zernike Monts of the Spherical Trace Transform
and the 3D Wighted Krawtchouk Moment&réw-Zern-3DWKM is better than the best
combination of Spherical Trace descriptorsace_ALL.

June 2007 57 ITI



VICTORY Deliverable 4.1 RE Confact N. 044985

. /

Figure 37: Comparison of the efficiency of the 3SDWKM-based &raw-Zern-3DWKM-
based descriptor vectors against the Trace-ALL4bdsscriptors in ITI database.

. J/

Figure 38 Comparison of the efficiency of the 3DWKM-based &wdw-Zern-3DWKM-
based descriptor vectors against the Trace-ALLdbdsscriptors in ESB database.
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6. System Interface

In this Section, the System Interface of the 3Drdeangine is described in detail. The search
engine is available as an internet-based tool suhmtated at the URL:
http://www.victory-eu.orq:8080/victory/results/selamtml

Firstly, each part of the system interface is pnesgk along with a description of its function.
Then, two examples of the search and retrieval gg®care extensively analyzed.

Comprehensive screenshots are also provided fdn etep of the search and retrieval
procedures.

The main page of the search engine is depictdueifiallowing figure (Figure 39).
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Figure 39: The VICTORY 3D Search Engine Introductory Page

At the main frame, a short introduction familiaszthe user with the basic capabilities of the
tool. There are links to the sources of the 3D rhddéabases as well as to the publications
where the descriptor extraction methods were iniced. A description of the two available
querying options is also given here.

The following two interfaces constitute the coretlé search engine and are extensively
presented in the sequel:

TheQuerying Interfaceand
TheResults Interface
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6.1 The Querying Interface

The querying interface (QI) is an initial interfasere the user defines his/her queries. Using
the QI the user can submit a 3D object, that eixests on the database or not. Depending on
the availability of a query model from the userptwptions for querying the 3D objects
databases are provided.

6.1.1 The Browsing area

This interface is useful particularly in cases veh#re user cannot provide a 3D object as
input. It enables browsing and selecting existingects from the 3D repository. The
browsing areas located at the left frame of the internet-ba®ed (Figure 40).

Figure 40: The Browsing Area

The browsing area consists of a database tree widwwre the user can select one of the
available 3D model databases, a category or aatdgary of objects in each database.

6.1.2 The "submit object” area

This interface provides a tool for submitting a n8@ object as input (query model). It is
located at the upper frame of the internet-based(Fagure 41).
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Figure 41: The "Submit Object" Area

6.2 The Results Interface

The results interface is accessible after the cetigpl of the retrieval process. It contains
shapshots of the input query and the retrievedtsgesardered by similarity. In Figure 42, the
input query is depicted at the upper-right frame treresults areaat the middle frame of the
search and retrieval tool. For every snapshot ef 3D object, the user will be able to
download the retrieved model and visualize it lhcalising an appropriate 3D viewing
environment. Moreover, any of the retrieved objexsld be selected as the query of a new
retrieval.
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Figure 42: The Results Interface

6.3 3D Search and Retrieval Procedure

For a better comprehension of the search and vetnocedure, two examples of the process
are extensively analyzed in the sequel. In termevaiflability of the input 3D model (query),
two search options are provided.

6.3.1 Search without using a query 3D model

In this case, the user browses the repository aletts a 3D object which looks similar to the
one she/he is looking for. Suppose the user isckewy into the Engineering Shape
Benchmark database for a specific mechanical pexthéped part). T-shaped parts are
available as a sub-category, located at the "RgatanCubic Prisms" main category of the
ESB database (Figure 43). By clicking at the "Tpsthpart” sub-category, from the database
tree, all relevant 3D models are presented at thdlenframe (Figure 44).
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Figure 43: Browsing the 3D Model Repository
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Figure 44: The "T-shaped parts" sub-category of the Engingeimape Benchmark
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For each 3D object, the name and a short desaripiiy name, category, file format, number
of vertices/triangles) are available.

At the top of the left frame (Figure 45), a dropaaiobox is used to determine the descriptor
extraction method, which will be used for the shaand retrieval process. The available
choices are the following:
Spherical Trace Transform #1:In this case, all descriptor vectors extracted fipgl
the method presented in [2&Fe used for the matching procedure.
Spherical Trace Transform #2 The same feature extraction framework as in the
"Spherical Trace Transform #1" method is used. H@nein this case, only Zernike
and Krawtchouk moments are taken as Initial Funei® Zernike moments and
Krawtchouk moments are found experimentally to e Ibest in terms of retrieval
performance. The "Spherical Trace Transform #2tisch faster than the previous
method while it does not significantly decreasertiteaeval performance.
3D Krawtchouk Moments: The Weighted 3D Krawtchouk Moments (SDWKM),
presented in [28], are used for the matching proeed
Combined Trace — 3D Krawtchouk It uses a combined descriptor vector, taking
into account the previous two methods.
Generalized 3D Radon Transforms The method presented in [26] is used.

After selecting the descriptor extraction methdd tiser browses the sub-category until s/he
finds a model similar to what s/he is looking fdhen, s/he generates a retrieval procedure by
using it as a query (Figure 46).

guE NNy,
.t "y

...l..-ll“

Figure 45: Select Descriptor Extraction Method
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Figure 46: Select a 3D Model as Query

By clicking the "use as query" link, the featuretaméng module is invoked in order to
calculate the similarity with all the models of tRanceton database. The low-level geometric
descriptors of all 3D models have already beeraeted offline (low-level feature extraction
module) and stored in the database along with tbdefs. Finally, the results are ranked
according to their similarity to the query and mmed in the Results interface (Figure 47).
For each of the retrieved results, a graphic rgmtasion (ten-star representation) of the
similarity to the query is also added.
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Figure 47: Retrieved Results
The user can use each of the retrieved 3D modetpi@sy and generate a new search and

retrieval process. Another option is to downloadl gmeview the 3D object by using an
appropriate 3D object viewer (e.g. Cortona VRMLwee) (Figure 48).

Figure 48: View 3D model with Cortona VRML Client
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6.3.2 Search using a query 3D model

Suppose that the user has an input 3D object (danéxal part) and searches for similar
models into the ESB database. In this case, thels@ad retrieval procedure is modified as
follows: The user uploads the input model, by udimg "submit object" area of the Query
interface (Figure 49). By clicking at the "browdaltton at the "3D File" field, the upload
window appears, where the user can browse hisficat tirectory for available 3D objects.
After selecting the desired input model, the udieks the "Upload, Extract & Insert to DB"
button (Figure 50), which invokes the following iacs.
1) Upload the 3D model to the VICTORY server.
i) Invoke the low-level feature extraction moduleBrtract geometric descriptors for
the uploaded model.
iii) Inset the 3D model to the database. For the uploadedelsodn extra category,
"Uploaded", is created for each 3D model database.

The above actions are executed sequentially. Theegrocedure takes a few minutes (6-8
minutes) to complete. The most time consuming parthe low-level feature extraction.
However, this step is performed only once and tkieaeted descriptors are stored in the
database for further use.

Figure 49: Upload a 3D model to use as query

The user can also upload a screenshot (2D viewheofiuery 3D model, using the "browse"
button at the "Screenshot" field. This step, howeigeoptional since the upload tool provides
an alternative functionality for automatic screastsixtraction from the uploaded 3D model.
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RS
$%

Figure 50: The "submit object" area

The uploaded model is now located at the "Uploademtégory (Figure 51) of the ESB
database. The user can use it as query in the wasnas in the previous example, by clicking
the "use as query button”. The retrieved resubtspaesented in the "results area" (Figure 52).
It is worth to mention that, in this case, the gaty the 3D model belongs to is unknown.
However, the first retrieved results are highlyewgnt to the query, which demonstrates the
efficiency of the feature extraction and featuragahismmg methods used for the VICTORY 3D
search engine.

Figure 51: The list of uploaded models
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Figure 52: Retrieved results using the uploaded query
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7. Conclusions

In this deliverable, a detailed description of #tand-alone search engine, which supports
only low-level geometric characteristics, is giv&ach module of the proposed architecture
was clearly defined and analyzed in detail.

Special attention was given to the pre-processieg, $o that the search engine can support
the most commonly used 3D object formats. Anotltraatage of the pre-processing sub-

module is the transformation of the 3D surface wlame-based representation. This ensures
robustness of the system to different levels-o&idietnd possible 3D objects’ degeneracies

(holes, missing polygons or points, overlappingrigles etc.).

Two descriptor extraction algorithms, introducedI®bi; were analyzed in the context of the
low-level feature extraction module. The Generai2® Radon Transform and the Spherical
Trace Transform produce geometric descriptors gh ldiscriminative power and robust to
affine transformations.

The efficiency in retrieval performance was inceshdy applying appropriate distance
metrics to the extracted descriptors based on ktewce. The performance was evaluated
using three different datasets. The proposed mettasl compared with those of the best
known retrieval methods in the literature. The hssshow clearly that the novel algorithms,
developed by ITI for the VICTORY 3D search engioetperform all others in terms of
retrieval performance. In addition, the methods fa® because they reduce the object-
matching complexity, since matching involves simgdenparison of vectors.

Finally, a presentation of the search engine’sriate, in the last chapter of this deliverable,
illustrated the process of search and retrievak presentation was enhanced with several
examples for each step of the procedure.

The robustness with respect to level-of-detail, BiDdels’ fixing degeneracies or affine
transforms, the discriminative power of the extdctescriptors and the usability of the
search engine interface, are the major objecti¥éiseoVICTORY search engine, which were
successfully met through the completion of thiktas

With the development of the stand-alone searchneng significant step has been made,
regarding the main objective of the VICTORY projethe efficiency in 3D content retrieval
can be further improved if the explicit and tacaitokvledge of the human is translated into
semantic information by analyzing human’s explaperations like manual annotation, query
by example, feedback and intuitive interactionshwite system like browsing or objects
manipulations. Further, the upgrade of the propdsgtly sophisticated search engine, in
order to work within a distributed architecture,llweventually lead to the VICTORY’s
ultimate goal of creating the first distributed Was Object Repository.
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