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EXECUTIVE SUMMARY

In this deliverable, a novel framework for annaiatand annotation propagation in 3D object
databases is described, based on propagation lbélphties through neurofuzzy controllers,
using a combination of low-level geometric and highel semantic information. The system
automatically selects the most informative trainexgamples and presents them to the human
annotator for manual annotation. These examplese s&s training data for the neurofuzzy
controllers to learn the relationship between tve-level information and the attributes that a
3D object possesses. Additionally, modified versiaf two existing relevance feedback
methods are congruently integrated into the prape@sacept, modifying the objects’ feature
space in order to speed up the learning process.pidposed framework is a complete and
efficient solution for the automatic annotation3® databases. It is inherently advantageous
to methods that do not keep “history” of previoms@tation sessions because it accumulates
and exploits knowledge obtained during the opemnatiball sessions. Also, despite the fact
that the full dimensional feature vectors are usleel, method is computationally inexpensive
and thus very fast, which is essential for a reaétoperation. Another innovative aspect of
the method is that the accumulated knowledge isanctoverall” knowledge, which would
presume a homogeneous distribution of the databbets, but instead, attribute specific,
which adds enhanced flexibility to the system. Fnahe system is structured in a modular
way, allowing the exchange and replacement of falksocomponents and can be seen as
another step towards bridging the semantic gap detwow-level geometric characteristics
(content) and intuitive semantics (context) by corimly them into a unique application.

This document reports the achievements of the VIRY@roject in the research, design and
implementation of the mechanisms for the manuabtation of MultiPedia objects and the
propagation of annotations to non-annotated ohjects
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1. Introduction

Internet was designed and primarily used by s@&ntfor networking research and for
exchanging information between each other; how#werexplosion of the World Wide Web
(which has started as a document repository) andutcessful descendants (Semantic Web
and Web 2.0), along with the recent advances irpRigessing and the constantly increased
expression of individual ““freedom"”, are rapidignsforming Internet to a fully fledged 3D
collaborative environment that facilitates servjdeseraction and communication. This new
environment, in which a dramatic increase of neteldaaudiovisual and 3D object databases
that have been produced by professional and amaisens is observed, drives demands
towards more sophisticated information represemmatfiltering, aggregation and search tools
for achieving more efficient information retrievdlhis environment coupled with their usage
rules hold the promise of a 3D Media Internet whigitl form the basis of tomorrow's
networked and collaborative platforms [EC 08].

In this context, the necessity for knowledge explaon and 3D content reuse has led the
scientific community to invent novel efficient capts for retrieval of 3D objects
semantically similar to some query objects that tiser provides. Most of the methods
presented in the last years are focused on theoweprent of the geometrical (content-based)
feature extraction processes (low-level descrigtdraction). Despite that, the fact that no
geometrical method can provide discriminative @fficy similar to human's, has driven the
research on other, context-based techniques saiitabtlassification, which at the same time
improve significantly the retrieval performance3® content-based search engines. The use
of semantic annotation seems to be the most polvegtinnique in this area. Semantic
annotation relies on the attachment” of an arhaidirinformation on each 3D object. A
vector, where each of its components expressespthbability that an object has a
predetermined attribute, could be such kind of nmfation. An annotation example could be
the following: If the attributes of interest foretlcharacterization of an object are [is it an
animal? is it a mammal? does it have four legd®nta probability vector with semantic
information could be [1 1 0], which could partiathescribe a dolphin.

A work that requires significant labor in traditelrdatabase systems is the manual annotation
of all 3D database objects. 3D objects are preddntéthe human annotator, one after another,
and s/he decides whether the object possessed ar specific attribute. Manual annotation
becomes non-functional in modern database systemh®re continuous renewal and
management of a constantly increasing volume afrinétion is crucial. The process of
annotation propagation focuses on this problem. Kéye question to better understand the
nature of annotation propagation is: “how can wmm@uatically expand annotations of certain
already manually annotated 3D objects to otheratbjinat have the same or similar attributes
without presenting them to the user for manual &atran?”.

The general scope of this deliverable is to descrthe mechanisms designed and
implemented for the manual and automatic annotatiothe MultiPedia objects inside the
VICTORY framework.

This deliverable is structured as follows:

Section 2, “Background and related work”, provigeshort description of relevant
methods that have been proposed so far.
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Section 3, “Basic Concepts”, describes the esdermiacepts, necessary for
understanding the proposed framework.

Section 4, “The proposed framework”, describeswloekflow, the components and
the operation modes of the proposed framework.

Section 5, “Experimental results”, describes thal@ation procedure and the achieved
results, also in comparison with other relevanthods.

Section 6, “Annotation and Annotation Propagationthe VICTORY Framework”,
describes the way that the proposed frameworkritsthe VICTORY concept.

Finally, in section 7, “Conclusions”, conclusiong arawn.

August 2008 3 CERTH/ITI
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2. Background and related work

The scientific field of annotation propagation irulimedia databases is an open research
topic, since only a few relevant methods have h@meposed so far and offer an acceptable
and realistic solution to the problem concerning 8D case. Instead, many methods have
been published so far, dealing with the same prolite the 2D case (images). A presentation
of the most important ones is given in the sequel.

Annotation propagation methods can be classifiedtiwo broad categories: those that
propagate keywords, which are attached to the tsbperd describe their attributes and those
that define object classes and propagate the pildpdbr each object to belong to a specific
class.

In [Zhang 01], a classification-based, keyword pggtion method is presented. The
proposed framework consists of an image databasdinks images to semantic annotations,
a similarity measure that integrates both semda#itures and image features, and a machine
learning algorithm to iteratively update the sentamietwork and to improve the system's
performance over time. The semantic network isesgmted by a set of keywords having
links to the images in the database. Weights as®igr@esd to each individual link. The degree
of relevance of the keywords to the associated @sagemantic content is represented as the
weight on each link. While the user is interactmth the system by providing feedbacks in a
guery session, a progressive learning procesgiisatar to propagate the keyword annotation
from the labeled images to unlabeled images sortiae and more images are implicitly
labeled by keywords.

In [Jeon 04], the use of the maximum entropy apgro®r the task of automatic image
annotation is proposed. Maximum entropy allows tieredict the probability of a label in
the test data, when labeled training data are adail The technique allows for the effective
capturing of relationships between features. Featare computed over rectangular regions of
the images, generated by partitioning the image @ngrid. The regions are clustered across
images. These clusters are called visterms (vienals) to acknowledge that they are similar
to terms in language.

In [Shevade 03], an attempt is made to propagateastcs of the annotations, by using
WordNet, a lexicographic arrangement of words, kEwvdlevel features extracted from the
images. The hierarchical organization of WordNetadee to the concept of
implication/likelihood among words.

Annotation Propagation and Relevance Feedback (RIE}hods are often used in
combination. A unified frame for log-based feedbackl classification is presented in [Lyu
06]. When feedback log data are unavailable, tgeblmsed RF algorithm behaves exactly like
a regular RF algorithm, which learns the correlatietween low-level features and user's
subjectivity. When feedback log data are availathle,algorithm computes such a correlation
using both the feedback log data and the onlinglfa@ek from the users.
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The method in [Xiaofei 02] uses spectral methodsfier a semantic space from user's RF, so
that the system gradually improves its retrievatfggenance through accumulated user
interactions. In addition to the long-term learnim@cess, the traditional approach to query
refinement using RF as a short-term learning pjcessmodeled. The proposed short and
long-term learning frameworks have been integratedan image retrieval system.

In [Zhang 02], an active learning framework for 8Bntent-based retrieval is proposed. For
each object in the database, a list of probatslisamaintained, each indicating the probability
of this object having one of the attributes. Knadge gain is defined to determine, among the
objects that have not been annotated, which onesyeeem is the most uncertain of. The
system then presents it as the next sample torthetaor to which it is assigned attributes.
During retrieval, the list of probabilities servas an additional feature vector for calculating
the semantic distance between two objects, or legtvlee user's query and an object in the
database.

The disadvantage of the aforementioned annotatiopggation methods is that either they
eguate semantics with keywords and thus they detée the role of semantic-driven retrieval
since keywords are not a pure semantic propertyhey are heavily based onto geometry,
which holds back effort towards content-free retile

Apart from the annotation propagation methods, gece RF methods, that use general
classification techniques, have been proposecfoeasing the performance of content-based
retrieval systems. In [Guo 01], the user gives pasiand negative examples that are used as
data for the training of a bounding hyper-planee Tthaining is achieved by utilizing a
combination of SVM and Adaboost algorithms [Tied.@@bjects that lie in the boundary are
ranked according to the Euclidian distance betwhem, whereas those outside the boundary
are judged by their distance from the boundaryL&e 02], classification is achieved with the
assumption that positive examples are in the salams,cthe latter following a Gaussian
distribution. RF is used there to update the patars®f each Gaussian class and the ranking
is accomplished by a weighted distance of the qdemyn each class template. Bayesian
methods have been used in [Cox 96], where the piiitlyaof all objects in the database of
being relevant is estimated and objects are predeotthe user according to the estimated
probability.

Concerning the case of 3D object retrieval, only RF methods have been proposed so far.
One of the most noticeable ones is presented indB&], where each object in the database
is moved by a certain amount towards or away froendquery, depending on how far it is
located from positive or negative examples, respelgt In this way the descriptors change
and the objects are, permanently, displaced in pesitions in the feature space, hopefully
creating proper semantic classes. In [Chan 05]pdmas of each 3D object are taken in
different angles and then image RF techniquesmapéemented. In [Leifman 05], the Kernel
Principal Component Analysis (KPCA) [Scholkopf 38]d the Linear Discriminant Analysis
(LDA) [Duda 00] algorithms are implemented in orderimprove the retrieval accuracy
during RF iterations.
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A different approach is given in [Atmosukarto 0&].computes the similarity of an object
with the query using pre-computed rankings of thgcts, which are monotonically related to
the pairwise distances between objects. In this wamputations in high-dimensional feature
spaces are avoided. Unlike most traditional imagevzideo retrieval methods, a query is
defined in terms of a set of at least one objestead of some shape features. Also, the
contributions of known relevant and irrelevant a@lgeare not combined using weighted sums.
Instead, the method ensures that known relevamctsbplways rank at the top and known
irrelevant objects always rank at the bottom.

In [Onasoglou 07], an RF algorithm is proposed3Drobject databases, in which the relative
scores of various users, which express users’ clMjg, are kept accumulatively as
additional features. The algorithm assumes actibthe 3D objects similar to charged
particles that apply coulomb-like forces to eacheot These forces are of such nature that
repel the semantically irrelevant objects and ettthe relevant ones. The charge of these
“particles” is the relevance score that has beenegafrom the users’ feedback through all
sessions for all users. That way the initial geoit@t object descriptors are changed so that
the objects are moved in positions in the featyr&cs, where semantic classes are more
discernible. The method is computationally inexpengand much faster than methods that
use e.g. SVM or other forms of resource-demandiaiging (e.g. [Lyu 06], [Chan 03], [Guo
01], [Tian 00], [Tong 01], [Chen 01]). Also, contyato methods that use dimensionality
reduction algorithms as PCA, KPCA, Singular Valuecbmposition ([Duda 00], [Scholkopf
98]), the full dimensional feature vectors are usEdrthermore, the proposed method
displaces only a small percentage of the objectsaerdatabase after each iteration and not all
objects. This enhances significantly the computatispeed.

The relevance feedback methods used in the cuframtework are based on modified
versions of the last two methods. These method® wkosen because they can be easily
implemented and present very good results. Howeaher modular nature of the proposed
system allows efficient integration of many exigtiRF methods.

In the present deliverable a new framework for aatan and annotation propagation in 3D
object databases is proposed, based on propagatigrobabilities through neurofuzzy
controllers, using a combination of low-level gedneeand high-level semantic information.
Through an Active Learning approach, the most imfaive training examples are selected
and presented to the human annotator for manuaitation. The user feedback on these
examples serves as training data for the neurofuzmyrollers to learn the relationship
between the low-level information and the attrilsutieat a 3D object possesses. Additionally,
modified versions of two existing relevance feedbanethods are congruently integrated into
the concept, modifying the objects' feature spaaader to speed up the learning process.

The proposed framework is a complete and efficsahtion for the automatic annotation of
3D databases. It is inherently advantageous toadstthat do not keep “history” of previous
annotation sessions because it accumulates anditsxhowledge obtained during the
operation of all sessions. Also, the full dimensiofeature vectors are used. Dimensionality
reduction is not desirable, because it might cdrtbp information captured in descriptors.
The latter is especially important for 3D objececéause geometric information is the only
kind of data that can be obtained from the modEle classification procedure is always
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more accurate in the original dimensionality if cgstors have adequate discriminative
power. Despite that fact, the method is computatignnexpensive and thus very fast, which
is essential for a real-time operation. Anotheraadage of the method over existing methods
is that the accumulated knowledge is not an “oVekadowledge, which would presume a
homogeneous distribution of the database objedtsingtead, attribute specific, which adds
enhanced flexibility to the system. Further, alistkg methods aim directly towards the
increase of the retrieval performance and not #weahse of the manual labor needed for the
full annotation of a 3D object database. In thistegt, the use of relevance feedback is
considered innovative. Finally, the system is stmer in a modular way, allowing the
exchange and replacement of all of its components.
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3. Basic Concepts

In this section information about the features (getrical and semantic) used for describing a
3D object, along with the operating principles oheurofuzzy controller, are given. The
defined notations will be used throughout the dehble.

3.1. 3D Object Representation

Every 3D object @i {1, ..., N}, where N is the number of 3D objectsthe database, is
represented by two vectors:

The feature (descriptor) vector G = < @y, ..., gr >, where T is the number of the
features, which expresses the low-level geomethezdlires extracted from the object.

The probability vector, R = < pq, ..., x >, where K is the number of all possible
attributes in the database, consisting of the goitibas px for an object Oto have a
specific attribute g k {1, ..., K}.

Every database object belongs to a certain categohas certain attributes. The attributes
form a tree structure with multiple levels, whewle node (leaf or internal) represents an
attribute. The root node represents a specialbatt&i A that all objects have. The more
general an attribute is, the closer it lies to tbet, therefore, when an object possesses a
specific attribute it also possesses its parentisbate (inheritance). In the current
implementation it is also assumed that an objetcth@ave maximum one attribute per attribute
tree level. In Figure 1, an example of a two-leattlibute tree structure is depicted.

=-[] Living
[] Anirmals
[ Fish
[[]Humans
=[] Aircraft
[] Airplanes
[]Dela
[]Helicopters
=[] Furniture
[] Couches
[] Chairz
=[] 'wheeled

[]Carz
[JHata

=I-[ ] Basics
[]5pheres
[] Tubes

Figure 1: Attribute tree structure with two levels
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The levellevel(k) of an attribute R is defined as the distance from the node where the
attribute A lies, to the root node. If is the number of levels in the attribute treenthe

0 <level(k) L, for all attributes A k {1, ..., K}.

3.2. Low-Level Features and Geometrical Distance

3D-objects are pre-processed to obtain a so-cddedlevel feature vector which is a
numerical vector representing the 3D object. Thengarical distance between two objects O
and Q is defined as the Minkowski distance between tescdptor vectors Gand G of the
objects, respectively, as follows:

n

4,60 { o g &)
t

wheren N andt {1,.., T}

The distances can be normalized and converted itasimes using the following formula:

dy (0, )
d max

g

similarity(i, j) 1

(2)

max ;

where ¢ " is the maximum distance between two databasetsbjec

The Minkowski distance is a generalization of the Iean (L) and the Manhattan ()
distances. In the most cases the Manhattan distgives results similar to the Euclidean
distance, except for the case of outliers. The Maahalistance is more resistant to outliers
because of the absolute (and not quadratic) dewti

3.3. Semantic Features and Semantic Distance

The semantic features for each 3D objecai®@ represented by the elements of the probability
vector R.

The semantic distance between two 3D obje¢c&sn@ Qis defined as:

K

d.(, ) ws[pk @ Pi) Pir@ Pyl 3)

k1
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where wg is the semantic weight of attribute,.AThe semantic weights of the attributes
depend on the level on which the specific attribliés in the attribute tree and can be
calculated as follows:

WS< level(k) 1 , [O,].] R (4)

wherelevel(k) N" is the attribute level. The value ofaffects the contribution of higher
attribute levels to the computation of the semadiistance.

The overall distance between two models can beuledéd as the weighted sum of the
geometrical and the semantic distance between tuels

dii, j) wydy(,j) wds(,j) (5)

with wg, ws  [0,1], wy + ws = 1.

3.4. Neurofuzzy Controllers

A neurofuzzy controller is a neural network baserizf{y system, capable of learning its own
internal parameters through the use of trainingrgtas. Neurofuzzy systems combine the
learning capabilities of neural networks with thansparency of Fuzzy systems [Jang 93],
[Callan 99], [Kraiss 03], [Chakraborty 04], [Kodaginis 06]).

Knowledge base
(Rulebase)
Input __ | 7 ification Inference  —| Defuzzification |—» OUtPUt
values values

Figure 2: Distinct steps of a Fuzzy Logic system

In Figure 2 the distinct steps of a Fuzzy Logicteysare depicted. In the fuzzification step, a
qualitative description of the numerical input adles through linguistic variables takes
place. Every linguistic variable's domain is codeby fuzzy sets, called linguistic terms. A
membership function, defined for every linguistezr, estimates a membership value for
every numerical input value. By inference basedhanrulebase, a qualitative output value is
calculated in the form of a linguistic variable.n&lly, during the defuzzification, the
linguistic output variables are mapped to exact enical values.

The fuzzy logic steps of a neurofuzzy controllex Bnplemented as a multi-level structure of
coupled neurons. Back-propagation of the errofdoehce between actual and target value)
allows for the adjustment of the neural weights &#mel fuzzy logic parameters during the
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training mode. In order to achieve the latter, sladvation function of the neurons must be
differentiable, thus various changes to the claSszzy System are necessary.

A typical neural network for implementing a Fuzzgdic system has a five layer structure
[Jang 93]. The neurons of the first layer represiemtinput variables and simply propagate the
input values to the next layer. The second layénesfuzzification layer. The third and fourth
layers implement the rulebase and inference mesimaaf the Fuzzy Logic System. The fifth
layer represents the defuzzification. Thereforgarding the i-th linguistic output variable:

y, —0 (6)

where w are the weights of this layer (abscissas of thglsions), which are adjusted during
the training and pare the outputs of the fourth layer.

The goal of training the network is to find a sétweights such that the error between the
desired output and the actual output is minimiZédde Delta rule [Rumelhart 86] is based on
the gradient descent algorithm. The error measuneielefined as:

E %(t 0)? @

wheret is the desired (target) output andhe real output for the actual sessigns positive
and becomes smaller as the performance of the netve@omes higher. The gradient descent
algorithm proposes the change of the weightsbywan amount w;, proportional to the
gradient oft at the present location:

W, —_— (8)

where is the learning rate.

A trained neurofuzzy model is able to describe wbk input-output mapping for any
arbitrary non-linear function.
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4. The proposed framework

The framework's structure, operation modes and oomuis are presented and explained in
the following subsections.

4.1. Framework Structure and Operation Modes

The central idea behind the proposed framework,clvhs an extension of the concept
initially proposed in [Lazaridis 08], is the utidiion of the user provided information (manual
annotation) for training the annotation systemtlsat it can be later used for the automatic
annotation. Therefore, two operation modes canisienduished: Theraining mode and the
on-line mode

() (b)

Figure 3: Training mode (a) and On-line mode (b)

The components which are active during the traimogle (Figure 3 (a)) are:

The NeuroFuzzy Unit

The Knowledge Gain Estimator
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The Annotation Interface
The Semantic Force Relevance Feedback (SFRF) Unit
The Rank-based Relevance Feedback (RbRF) Unit

During the training mode, the knowledge gain estimpicks an example object, which is
then presented to the user (annotator) for mamuadtation through the annotation interface,
along with a number of retrieved objects that avastdered similar to the example object.
The user provides two types of information:

the attributes of the example object, which areluedrain the neurofuzzy unit, and

the similarity of the retrieved objects to the exdenobject, which are used by the
relevance feedback units to change the objectstiges space, so that similar objects
get closer to each other.

During the on-line mode (Figure 3 (b)), the trainddurofuzzy Unit classifies the non-
annotated database objects without any externgl hel

4.2. The NeuroFuzzy Unit

The Neurofuzzy Unit serves as a classifier. Forheattribute A of the attribute tree a
neurofuzzy controller is generated. The objectieach neurofuzzy controller is to estimate
the probability g for an object @to have the specific attributecAy comparing its low-level
features with those of other objects known to Haeeattribute.

Each neurofuzzy controlleNF,, dedicated to an attributeyAis a two input-one output
system. The input variables are:

L,"": The Ly distance of object Qo its closest neighbor with the attribute A
L,"": The L, distance of object Qo its closest neighbor with the attribute A

The output variablerob¥ represents the probability @f object Qto have the attribute,A

For each newly annotated object @ll K neurofuzzy controllers are trained with thigove
mentioned distances;"" and L™ from the corresponding sets of the already anedtat
objects as input. This implies that one annotatgdab per attribute must be available during
system'’s initialization.

For object @ and a specific attribute Athe target output of the corresponding neurofuzzy
controller is computed as:

10 if O, hasA,
00 otherwise

b ©)
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For every non-annotated object, @hose probability vector needs to be estimatddk a
neurofuzzy controllers are involved, with the skethe already annotated objects as input. The
object is considered to have a specific attribitee corresponding probability is the highest
among the probabilities of all other attributeshed same level (dominant attribute):

Pi max  p, O hasA (10)

level(m) level(k)

wherelevel(k) is the level of attribute Ain the attribute tree andgps the probability for
object Q to have the attribute AThe resulting attributes can then serve as steggeslues

if the annotator wishes to continue with the mararalotation, or they may be stored directly
in the database.

The success of the neurofuzzy controllers depemndth® assumption that objects close to
each other in the geometrical feature space argdened semantically similar up to a degree.

4.3. The Knowledge Gain Estimator

Choosing the “right” training examples for manuanatation is crucial for the learning
ability of the proposed annotation system. The @doce of picking the objects that contain
the most valuable information for training, is meéel to asActive LearningFreund 93], [Cox
00]. Active Learning helps to reduce the amountata (and thus the required time) that is
necessary for the system to be optimally traindd¢chvis in our case, the number of manually
annotated objects.

The criterion for selecting a specific object foamual annotation is the maximization of the
knowledge that will be gained for the system thiotige manual annotation of this object.
The knowledge gairk(G(i)) for an object @can be estimated as follows:

KG() — 1 (11)
mlp{krpla?é} Puc}
level(k) |

wherelevel(k)is the level of attribute Ain the attribute tree and L the number of levE&lsat
means that objects with a low dominant probabpgy attribute level are favored.

4.4. The Semantic Force Relevance Feedback (SFRF) Unit

The core of the SFRF Unit is based on the Sem&drce Relevance Feedback concept,
introduced in [Onasoglou 07], which was adaptedoatingly to fit the current concept's

needs. During a manual annotation session, sevgy@tts which are considered similar to the
training example (according to the actual systdémnvledge) are presented to the annotator,
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who assigns relevance scores to each of them. bjeete are retrieved according to their
overall distance (Eq. 5) from the training example.

During SFRF, the 3D objects are treated as chargettles that apply coulomb-like forces to
each other. The forces are of such nature, thpeaifsc object repels semantically irrelevant
objects and attracts relevant ones. The chargeesktparticles is the relevance score that is
assigned to them from the annotator during an REige. This way, the initial geometrical
object descriptors are updated so that semantisatijlar objects are moved closer to each
other in the descriptor space, forming easier $tirtit semantic classes.

In order to achieve the above mentioned behavi@haaging vector Qis defined for each
object Q. Each cellj of this vector represents the similarity of obj&€twith object @ in
terms of user assigned relevance scores. In ow, ¢hs relevance score is either -1 for
“irrelevant”, 1 for “relevant” or O for “partiallyelevant” (a man and a dog are both “Living”
but not both “Human” or “Animal”). Conversely todltlassical electromagnetic field theory,
homonym charged objects are attracted to each,otlele heteronym charged objects are
repelled away from each other.

The force applied between two objects in the featace is defined as:

F, signg[j) q;j“gq [)] & (12)

where ¢fj] is the j-th cell of the charging vector of,Q@l(i,j) is the euclidian distance between
the geometric feature vectors of the objectar@ @, and §, is the unitary direction vector in
the direction of the line0,O; . In general, fi] and g[j] may be different for the human
perception.

Since the geometrical distance in the denominator e arbitrarily small, leading the
semantic force to infinite values, the magnitudetihod force is passed through a sigmoid
function in order to obtain a valudn the space [0,1]. The sigmoid function has thrent

f(F, H) (13)

HFu H
where HF H Is the magnitude of the force, the parametdetermines the saturation point (1.0

in our case) and determines the slope of the function and can bmated experimentally.
affects the amount of displacement of relevantrfetevant) objects towards (or away from)
the training example.

The feature vector of the object to be moved isatgul as follows:
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G™ G old H Gq Gi old

& (14)

where G is the feature vector of the query object.

4.5. The Rank-based Relevance Feedback (RbRF) Unit

The RbRF Unit is based on a concept introducedAimpsukarto 05], modified to fit the
needs of the current concept. It requires the sameé as the SFRF Unit (relevance scores for
several objects considered similar to the trairmrgmple). The rank; = r(GQ|G) of object @
with respect to object ;s computed, as the increasing order of the distajyi,j) between
the objects. The rank of an object with respedtdelf is defined as 0, while the maximum
rank is equal to N-1, where N is the number oflallabase objects. In this way, a rank vector

E is defined for every database object.

After the manual annotation of object, @Ghe RbRF Unit receives two sets of objects: The
relevant Rel) and the irrelevantiifel_;) to the training example objects. For every databa
object, the similarity to the training example mbst calculated in order to update the rank
vector.

Firstly, the case whererel; = @ (no irrelevant objects are specified) is studigae similarity
for object Qis defined as:

sim 1 %mkinr(oj |R,) (15)

where R Rel. In this way, the similarity between; @nd any relevant object is 1 and
objects similar to any relevant object will receavéarge similarity as well.

In casdlrrel; @ (one or more irrelevant objects are specified, ttethod searches for more
irrelevant objects in the neighborhood of the knomrelevant objects. A hypersphere is
constructed around each known irrelevant objedh wiradius proportional to the rank based
distance between the known irrelevant object amdearest relevant object:

o minrR 11, (16)

where R Rel, I, Irrel, and [0,1], which can be estimated experimentally. Reater
determines the portion of the distance betweemawhk irrelevant object and its nearest
relevant object, not in terms of a fraction of Menkowski distance of their corresponding
descriptor vectors as defined in (1), but in teohs fraction of the two objects' distance of
the rankings (rank distance). The above portionsied to create a hypersphere around the
irrelevant object under consideration and thus,treat the objects contained in that
hypersphere as irrelevant. Essentially, parameteflects the elasticity of the RF policy with
respect to the irrelevant objects, in terms of phebability of characterizing as irrelevant,
non-characterized objects. The greater the value, dhe larger the expected amount of
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objects within the created hypersphere. On therdthed, since the radius of the hypersphere
is computed in accordance to the ranked distancge lvalues of will eventually lead in the
characterization of objects that could even beectosthe relevant one, as irrelevant. Such an
undesirable behavior may occur especially in cagesn the rank distance between the
irrelevant and its closest relevant object is smiilerefore, in general small values oére
required. In [Atmosukarto 05], setting values aflose to 0.06 is proposed.

The value of parametershould remain fixed for two main reasons. The fgghat the radius

of a hypersphere is adapted to each individual easerding to the rank distance of the
irrelevant 3D object (which defines the hypersph&yehe next relevant object. This behavior
would be disturbed by varying the values ofespecially since we do not use geometric
distances (as defined in (1)) in our computatitms,rank based distances. The second reason
is based on the fact the we need the ratio of thects within the computed hyperspheres
using (16) with and without parameterespectively to be the same, in order to obtaiadi
elasticity of the RF in characterizing objects a®lévant, providing consistency to the
annotation process.

The exclusion sdESthat contains all those possibly irrelevant olgestdefined as:

ES {O [r(G [1,)

m?

m argminr (O, | 1,)} a7

Thus, the similarity for object;Qvith respect to the training examplei©defined as:

0 if O, ES

sim, . . 18
L | %mklnr(ojmk) otherwise (18)

By sorting the objects according to their simiiast we receive a new rank vector for the
training example © In the original concept, the first elements (clg¢ of the new rank
vector were returned to the user as the refinedtseand the user could initiate a second RF
session. In order to integrate the method intociimeent concept, the following actions are
taken: For every object;@nhe old (\-,1°'d) and the updated position;{#") in the rank vector is
determined. According to the change of the positzoforce ff can be computed, which, as in
the SFRF Unit, moves the objects closer or awanf@. The force and the resulting
displacement in the feature space are defined as:

e (19)

new old old || ~
6™ 6™ Fle 6™|§ (20)
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where G is the feature vector of object @nd € is the unitary direction vector as in (14).

The new position of the objects in the feature spallows the easier distinction of the
categories in the database.

4.6. The Annotation Interface

The Annotation Interface (Figure 4) provides antiotea annotation propagation and
annotation validation capabilities. It consistdieé main frames:

The attribute tree area, where the attribute tireetsire is shown, with all its attributes
in a clickable form. The annotator can check/unkhbe corresponding attributes.

The screenshot area, where a 2D screenshot afiheng example is shown.

The results area, where results and statisticsecnimg the annotation process are
presented.

The relevance feedback area, where objects sitoildne training example appear and
relevance scores are given from the annotator.

The controls area, for initializing and controllitfe system, as well as setting various
system parameters.

Figure 4: Annotation Interface
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During an annotation session, the knowledge estimsglects a non-annotated object for
manual annotation. A screenshot of the object esgmted to the annotator along with the
attribute tree structure, where s/he can selectwaitributes the object has by checking the
appropriate checkboxes. For all checked attribtitescorresponding value of the probability
vector is set to 1.0. For all other attributes pinebability is set to 0.0. The user then applies
the annotation and the neurofuzzy unit recomputesha probabilities of all other non-
annotated objects, based on the updated annotetteddslitionally, a set of objects that the
system considers as similar to the manually anedtaibject, based on the current
accumulated knowledge, are also presented to #re insorder to evaluate them with respect
to their similarity. This procedure is repeatediluait database objects are annotated or until
the user breaks up.

August 2008 19 CERTH/ITI



VICTORY Deliverable 4.3 PU Comact N. 044985

5. Experimental results

The annotation propagation framework was testetivor8D model databases:
The ITI database with 441 models and 17 attrib(tiep://www.iti.gr).

The SHREC'0O7 Watertight database with 400 modelsl &% attributes
(http://www.aimatshape.net/event/SHREC/shrecQ7).

Two low-level feature extraction methods were usedorder to prove that the extraction
method does not significantly influence the sysperformance:

The Spherical Trace (ST) Transform with Krawtchan&gments as initial functional
[Zarpalas 07]. The dimension of the geometricakdptr vector was $=4320 for
this method.

The Spherical Harmonics (SH) method [Funkhouser. 03je descriptor vector
dimension was di=544 for this method.

The descriptor vectors were normalized into thenrdl [0, 1] using the following formula:

norm( Q.07 ) mag)i(l mzii(T (21)
e N}gnl L N}gnT

for object Q, where T = Eror T = Tsy and N is the number of database models.
The geometrical distances were also normalizedtironterval [ 0, 100].

In Table 1 the linguistic terms for both input lingtic variables are shown:

Variable Term Mean Spread
L1/ Lo Very Close 5.0 4.0
L1/ Ly Close 15.0 4.0
L1/ Ly Medium 25.0 4.0
Li/ Ly Far 35.0 4.0
Li/ Lo Very Far 45.0 4.0

Table 1: Linguistic terms of input variables

The weights of the fifth layer were initialized withe value 0.5. The initial value does not
influence the system's performance. Parametdr(13) was set to 0.6.

In order for the weights to reach rapidly the regasound their optimal values and then just
finetune in that region, the learning ratéor the gradient descent algorithm was set vagiabl

using the following formula:
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maX{ max(l r.annot)! min} (22)
where

numberof annotatedobjects
numberof databaseobjects

(23)

annot

so that the learning rate, starting with a value gf, decreased linearly until it reached the
value min. Experimentally, the following values were seléctenax = 0.2, min = 0.001. For
values of max > 0.2 the system showed an irrational behaviomGesthe abruptly weight
changes did not allowed them to converge to thainal values.

The parameter (slope of the sigmoid function) of the SFRF metheds estimated
experimentally. It was observed, that aalue different for positive and negative examples
achieved the best results. The values used wered.4 and ~= 0.2 respectively, resulting to
a “milder” displacement for non-relevant objectarde values of (> 0.5) result in abrupt
displacement, especially for negative examples.

Since only a few objects (relative to the total tm@mof objects) are graded according to their
relevance to the training example (5 in the curiemglementation), it is wise to keep the
value of in the RbRF method small, so as the risk of tngpéi relevant model as irrelevant
to be minimized. In the current implementation thealue was set to be = 0.035 for all
database objects.

Two metrics were used in order to observe the systperformance and state:
the Mean Squared Error (MSE) and
the Average Matching Error (AME).

The MSE of an estimator is one of many ways to tjfyathe amount by which an estimator
differs from the true value of the quantity beirsgimated:

1N X1
MSE — _(pnk pnk)2 (24)

nlkl2

where N is the number of database objects, K thabeu of attributes andp,,, p,, the
desired and actual output probability for objegth@ving the attribute A respectively.

The AME is defined as follows:

Every database object @ selected as a query in a Search & Retrievai@esFor the set R
={ra, ..., u} of the top J retrieved results a matching ersotalculated using:
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ME, T d.) (25)

where d(i,j) is the semantic distance between the quergrd the j-th retrieved resul{.Ghe
parameter J is fixed as the number of occurrentdleorarest attribute. The AME is then
calculated by:

N

AME El ME
N

i (26)

Both metrics decrease as the performance increases.

During a Search & Retrieval session, the overaltatice (5) between two models is needed.
The semantic weight a¥s proportional to the percentage of the annotatedels. That means
that on system start, the search is based mainootent (geometric features). As more and
more annotations occur, the system changes thadsatawards semantics.

Four evaluation sessions were performed. Durinditeesession, no relevance feedback was
used. During the second and third session, the S&fFRbRF units were respectively
enabled. The results of these sessions (Subfigbyesnd (c) of Figure 5, Figure 6, Figure 7
and Figure 8) show that the RbRF method performetteb during the first 15 % of the
manually annotated objects, while the SFRF methclliesed a full annotation of the
database much faster than RbRF. Thus, during tbie skession, a combination of both
relevance feedback methods was used (CombRF, Susigd) of the Figures). A weighting
factor was defined for each method, depending erpircentage of the manually annotated
objects:

. I
Werre  MIN(-24=% [10) (27)

final

Wepre 10 Wgppr (28)

numberof annotatedobjects
numberof databaseobjects

current (29)
where fna = 0.15. In this way, the RbRF method started wvétiweight of 1.0, which

decreased linearly until it reached 0.0 after thenuoal annotation of 15 % of the database
objects.

The Figures below show the performance of the aatenannotation process on all test
databases, compared to the manual annotation groces
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Figure 5: Performance and error metrics of the system foiThdatabase (ST)
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Figure 6: Performance and error metrics of the system foiThdatabase (SH)
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Figure 7: Performance and error metrics of the system foSHHREC database (ST)
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Figure 8: Performance and error metrics of the system foStHREC database (SH)
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Subfigures (a) to (d) of Figure 5 and Figure 6 deghe results (red curve) and the
corresponding MSE (green curve) and AME (blue cuereor metrics for the ITI database

using both descriptor sets in each evaluation @essispectively. Figure 7 and Figure 8 depict
the performance and the error metrics for the SHR&@base.

The results show a similar system behavior for l#ttabases. As one can easily notice, the
system starts operating after a number of objeats been annotated. This is due to the
requirement, that minimum one object per attributest be manually annotated, before the
system can operate. After this, the system staasiing with great speed. After a number of

characteristic models per attribute has been atethtéhe system can easily recognize the
majority of the models and the learning speed dsa® At this point, the outliers (i.e. the 3D

objects that are not very similar to the 3D objehbts belong to the same category) become
more interesting"” for the system, thus theysalected for annotation.

For comparison purposes, two other classificateariing techniques were implemented and
tested: Firstly, the neurofuzzy unit was replacgdaive Bayes classifier ((Grossman 04],
[Heckerman 99], [Rish 01]). Secondly, the only $amiframework which deals with 3D
content ([Zhang 02]), which uses a biased kerngtession technique to propagate the
probability based annotations, was also implemeatetitested. Figure 9 and Figure 10 depict
the performance and error metrics for both tesaluletes. The comparison results show that
the proposed method significantly outperforms treviusly mentioned methods.
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Figure 9: CombRF vs Bayes vs BKR, Performance and error asefior the IT1 database (ST, SH)
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Figure 10: CombRF vs Bayes vs BKR, Performance and error osefor the SHREC database (ST, SH)
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6. Annotation and Annotation Propagation in the VICTORY
Framework

The annotation and annotation propagation mechaimsthe VICTORY framework is a
procedure distributed among different VICTORY nethkventities.

The possible categories for a MultiPedia object emenmunity specific. Each SE in a
community keeps a copy of the community taxonomgeflevel structure of the categories).
An example taxonomy for the Automotive Communitgepicted in Figure 11.

Figure 11: Example taxonomy for the Automotive Community

During the VICTORY client application initializatnp the client receives the taxonomies of
the registered communities. The manual annotasibest place in the client application during
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the sharing of the MultiPedia objects (Figure I)e user can select the most appropriate
categories for describing the object.

Figure 12: VICTORY client application, manual annotation iritere

An instance of the Annotation Propagation Tool va# available on one Super Peer per
community. The tool will use a part of the commuisitSearch Engine index (MultiPedia
objects along with 3D descriptors and manual arioois) in order to train the neurofuzzy
unit for the specific community context (Learningode). The neurofuzzy parameters
(neurofuzzy weights) will be transmitted to the i8eaEngine and will be available on each
client request. The neurofuzzy unit will be utilizen each client (On-line mode) in order to
provide suggestions for possible annotations. lkedhat the user shares a non-annotated
object, the suggested values will be used as atoiata
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7. Conclusions

In this deliverable a neurofuzzy approach for actearning-based annotation propagation in
3D object databases, designed and implementedhéonegeds of the VICTORY project, was
described. A neurofuzzy controller set is useddiineate the attributes (categories) of each
database model using knowledge obtained from mamuabtations of objects suggested by
the system. The selection of the training exam@dsased on the information content of the
models. Additionally, two relevance feedback methadere modified and integrated for
supporting and enhancing the annotation procedlie. proposed framework induces a
substantial acceleration of the annotation process.results show that the proposed method
is superior in terms of efficiency for the autornatsemantic annotation of 3D object
databases.

A known limitation is the minimum size of the cabeigs (minimum number of objects
having a specific attribute) in order for each éuzzy controller to have enough input to be
trained properly. This size depends on the diwerdithe objects of each category.

An interesting perspective for the effectivenesshef current concept is scalability. From the
experimental results it is obvious that in databasfea few hundred objects roughly 20-40%
of the objects have to be manually annotated doati@otation is effectively propagated to all
objects in the database. For large databases igi# still be prohibitive regarding manual
annotation effort. The implementation of the corcepa distributed manner would be a
significant help in this direction. While the 3Dtdaset and the acquired knowledge can be
kept in a central location, multiple annotators wank on this dataset over a distributed user
interface. Regarding the VICTORY project, the mdraranotation is already a distributed
process, since the VICTORY users play the roldefrhanual annotator.

Additionally, all framework modules (Probabilitiggopagator, Knowledge Gain Estimator,
Relevance Feedback Units) can be transparentlyaeged. Future research on any of those
directions, resulting to new ideas for the neurefuanplementation (other inputs/outputs),
the estimation of knowledge (replacing the dominprdbability concept), the relevance
feedback or other forms of user feedback will bdbst system performance and reduce the
manual labour needed for the full annotation.

The complete framework, along with the ITI 3D modatabase, can be downloaded from the
VICTORY project's web site at:

http://www.victory-eu.org:8080
Ivictoryl/files/archive/resources/AnnotationPropagaframework.zip
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