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EXECUTIVE SUMMARY 
 

In this deliverable, a novel framework for annotation and annotation propagation in 3D object 
databases is described, based on propagation of probabilities through neurofuzzy controllers, 
using a combination of low-level geometric and high-level semantic information. The system 
automatically selects the most informative training examples and presents them to the human 
annotator for manual annotation. These examples serve as training data for the neurofuzzy 
controllers to learn the relationship between the low-level information and the attributes that a 
3D object possesses. Additionally, modified versions of two existing relevance feedback 
methods are congruently integrated into the proposed concept, modifying the objects' feature 
space in order to speed up the learning process. The proposed framework is a complete and 
efficient solution for the automatic annotation of 3D databases. It is inherently advantageous 
to methods that do not keep “history” of previous annotation sessions because it accumulates 
and exploits knowledge obtained during the operation of all sessions. Also, despite the fact 
that the full dimensional feature vectors are used, the method is computationally inexpensive 
and thus very fast, which is essential for a real-time operation. Another innovative aspect of 
the method is that the accumulated knowledge is not an “overall” knowledge, which would 
presume a homogeneous distribution of the database objects, but instead, attribute specific, 
which adds enhanced flexibility to the system. Finally, the system is structured in a modular 
way, allowing the exchange and replacement of all of its components and can be seen as 
another step towards bridging the semantic gap between low-level geometric characteristics 
(content) and intuitive semantics (context) by combining them into a unique application. 

 

This document reports the achievements of the VICTORY project in the research, design and 
implementation of the mechanisms for the manual annotation of MultiPedia objects and the 
propagation of annotations to non-annotated objects. 
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1. Introduction  
 

Internet was designed and primarily used by scientists for networking research and for 
exchanging information between each other; however the explosion of the World Wide Web 
(which has started as a document repository) and its successful descendants (Semantic Web 
and Web 2.0), along with the recent advances in 3D processing and the constantly increased 
expression of individual ``freedom'', are rapidly transforming Internet to a fully fledged 3D 
collaborative environment that facilitates services, interaction and communication. This new 
environment, in which a dramatic increase of net-based audiovisual and 3D object databases 
that have been produced by professional and amateur users is observed, drives demands 
towards more sophisticated information representation, filtering, aggregation and search tools 
for achieving more efficient information retrieval. This environment coupled with their usage 
rules hold the promise of a 3D Media Internet which will form the basis of tomorrow's 
networked and collaborative platforms [EC 08]. 

In this context, the necessity for knowledge exploitation and 3D content reuse has led the 
scientific community to invent novel efficient concepts for retrieval of 3D objects 
semantically similar to some query objects that the user provides. Most of the methods 
presented in the last years are focused on the improvement of the geometrical (content-based) 
feature extraction processes (low-level descriptor extraction). Despite that, the fact that no 
geometrical method can provide discriminative efficiency similar to human's, has driven the 
research on other, context-based techniques suitable for classification, which at the same time 
improve significantly the retrieval performance of 3D content-based search engines. The use 
of semantic annotation seems to be the most powerful technique in this area. Semantic 
annotation relies on the ``attachment'' of an amount of information on each 3D object. A 
vector, where each of its components expresses the probability that an object has a 
predetermined attribute, could be such kind of information. An annotation example could be 
the following: If the attributes of interest for the characterization of an object are [is it an 
animal? is it a mammal? does it have four legs?], then a probability vector with semantic 
information could be [1 1 0], which could partially describe a dolphin. 

A work that requires significant labor in traditional database systems is the manual annotation 
of all 3D database objects. 3D objects are presented to the human annotator, one after another, 
and s/he decides whether the object possesses or not a specific attribute. Manual annotation 
becomes non-functional in modern database systems, where continuous renewal and 
management of a constantly increasing volume of information is crucial. The process of 
annotation propagation focuses on this problem. The key question to better understand the 
nature of annotation propagation is: “how can we automatically expand annotations of certain 
already manually annotated 3D objects to other objects that have the same or similar attributes 
without presenting them to the user for manual annotation?”. 

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

 

This deliverable is structured as follows: 
 
�  Section 2, “Background and related work”, provides a short description of relevant 

methods that have been proposed so far. 
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�  Section 3, “Basic Concepts”, describes the essential concepts, necessary for 
understanding the proposed framework. 

 
�  Section 4, “The proposed framework”, describes the workflow, the components and 

the operation modes of the proposed framework. 
 

�  Section 5, “Experimental results”, describes the evaluation procedure and the achieved 
results, also in comparison with other relevant methods. 

 
�  Section 6, “Annotation and Annotation Propagation in the VICTORY Framework”, 

describes the way that the proposed framework fits into the VICTORY concept. 
 

�  Finally, in section 7, “Conclusions”, conclusions are drawn. 
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2. Background and related work 
 

The scientific field of annotation propagation in multimedia databases is an open research 
topic, since only a few relevant methods have been proposed so far and offer an acceptable 
and realistic solution to the problem concerning the 3D case. Instead, many methods have 
been published so far, dealing with the same problem for the 2D case (images). A presentation 
of the most important ones is given in the sequel. 

 

Annotation propagation methods can be classified in two broad categories: those that 
propagate keywords, which are attached to the objects and describe their attributes and those 
that define object classes and propagate the probability for each object to belong to a specific 
class. 

 

In [Zhang 01], a classification-based, keyword propagation method is presented. The 
proposed framework consists of an image database that links images to semantic annotations, 
a similarity measure that integrates both semantic features and image features, and a machine 
learning algorithm to iteratively update the semantic network and to improve the system's 
performance over time. The semantic network is represented by a set of keywords having 
links to the images in the database. Weights are assigned to each individual link. The degree 
of relevance of the keywords to the associated images' semantic content is represented as the 
weight on each link. While the user is interacting with the system by providing feedbacks in a 
query session, a progressive learning process is activated to propagate the keyword annotation 
from the labeled images to unlabeled images so that more and more images are implicitly 
labeled by keywords. 

 

In [Jeon 04], the use of the maximum entropy approach for the task of automatic image 
annotation is proposed. Maximum entropy allows one to predict the probability of a label in 
the test data, when labeled training data are available. The technique allows for the effective 
capturing of relationships between features. Features are computed over rectangular regions of 
the images, generated by partitioning the image into a grid. The regions are clustered across 
images. These clusters are called visterms (visual terms) to acknowledge that they are similar 
to terms in language. 

 

In [Shevade 03], an attempt is made to propagate semantics of the annotations, by using 
WordNet, a lexicographic arrangement of words, and low-level features extracted from the 
images. The hierarchical organization of WordNet leads to the concept of 
implication/likelihood among words. 

 

Annotation Propagation and Relevance Feedback (RF) methods are often used in 
combination. A unified frame for log-based feedback and classification is presented in [Lyu 
06]. When feedback log data are unavailable, the log-based RF algorithm behaves exactly like 
a regular RF algorithm, which learns the correlation between low-level features and user's 
subjectivity. When feedback log data are available, the algorithm computes such a correlation 
using both the feedback log data and the online feedback from the users. 
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The method in [Xiaofei 02] uses spectral methods to infer a semantic space from user's RF, so 
that the system gradually improves its retrieval performance through accumulated user 
interactions. In addition to the long-term learning process, the traditional approach to query 
refinement using RF as a short-term learning process, is modeled. The proposed short and 
long-term learning frameworks have been integrated into an image retrieval system. 

 

In [Zhang 02], an active learning framework for 3D content-based retrieval is proposed. For 
each object in the database, a list of probabilities is maintained, each indicating the probability 
of this object having one of the attributes. Knowledge gain is defined to determine, among the 
objects that have not been annotated, which one the system is the most uncertain of. The 
system then presents it as the next sample to the annotator to which it is assigned attributes. 
During retrieval, the list of probabilities serves as an additional feature vector for calculating 
the semantic distance between two objects, or between the user's query and an object in the 
database. 

 

The disadvantage of the aforementioned annotation propagation methods is that either they 
equate semantics with keywords and thus they deteriorate the role of semantic-driven retrieval 
since keywords are not a pure semantic property, or they are heavily based onto geometry, 
which holds back effort towards content-free retrieval. 

 

Apart from the annotation propagation methods, also pure RF methods, that use general 
classification techniques, have been proposed for increasing the performance of content-based 
retrieval systems. In [Guo 01], the user gives positive and negative examples that are used as 
data for the training of a bounding hyper-plane. The training is achieved by utilizing a 
combination of SVM and Adaboost algorithms [Tieu 04]. Objects that lie in the boundary are 
ranked according to the Euclidian distance between them, whereas those outside the boundary 
are judged by their distance from the boundary. In [Lee 02], classification is achieved with the 
assumption that positive examples are in the same class, the latter following a Gaussian 
distribution. RF is used there to update the parameters of each Gaussian class and the ranking 
is accomplished by a weighted distance of the query from each class template. Bayesian 
methods have been used in [Cox 96], where the probability of all objects in the database of 
being relevant is estimated and objects are presented to the user according to the estimated 
probability. 

 

Concerning the case of 3D object retrieval, only few RF methods have been proposed so far. 
One of the most noticeable ones is presented in [Bang 02], where each object in the database 
is moved by a certain amount towards or away from the query, depending on how far it is 
located from positive or negative examples, respectively. In this way the descriptors change 
and the objects are, permanently, displaced in new positions in the feature space, hopefully 
creating proper semantic classes. In [Chan 05], snapshots of each 3D object are taken in 
different angles and then image RF techniques are implemented. In [Leifman 05], the Kernel 
Principal Component Analysis (KPCA) [Scholkopf 98] and the Linear Discriminant Analysis 
(LDA) [Duda 00] algorithms are implemented in order to improve the retrieval accuracy 
during RF iterations. 
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A different approach is given in [Atmosukarto 05]. It computes the similarity of an object 
with the query using pre-computed rankings of the objects, which are monotonically related to 
the pairwise distances between objects. In this way, computations in high-dimensional feature 
spaces are avoided. Unlike most traditional image or video retrieval methods, a query is 
defined in terms of a set of at least one object instead of some shape features. Also, the 
contributions of known relevant and irrelevant objects are not combined using weighted sums. 
Instead, the method ensures that known relevant objects always rank at the top and known 
irrelevant objects always rank at the bottom. 

 

In [Onasoglou 07], an RF algorithm is proposed for 3D object databases, in which the relative 
scores of various users, which express users’ subjectivity, are kept accumulatively as 
additional features. The algorithm assumes action of the 3D objects similar to charged 
particles that apply coulomb-like forces to each other. These forces are of such nature that 
repel the semantically irrelevant objects and attract the relevant ones. The charge of these 
“particles” is the relevance score that has been gained from the users’ feedback through all 
sessions for all users. That way the initial geometrical object descriptors are changed so that 
the objects are moved in positions in the feature space, where semantic classes are more 
discernible. The method is computationally inexpensive and much faster than methods that 
use e.g. SVM or other forms of resource-demanding training (e.g. [Lyu 06], [Chan 03], [Guo 
01], [Tian 00], [Tong 01], [Chen 01]). Also, contrary to methods that use dimensionality 
reduction algorithms as PCA, KPCA, Singular Value Decomposition ([Duda 00], [Scholkopf 
98]), the full dimensional feature vectors are used. Furthermore, the proposed method 
displaces only a small percentage of the objects in the database after each iteration and not all 
objects. This enhances significantly the computational speed. 

 

The relevance feedback methods used in the current framework are based on modified 
versions of the last two methods. These methods were chosen because they can be easily 
implemented and present very good results. However, the modular nature of the proposed 
system allows efficient integration of many existing RF methods. 

 

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

 

The proposed framework is a complete and efficient solution for the automatic annotation of 
3D databases. It is inherently advantageous to methods that do not keep “history” of previous 
annotation sessions because it accumulates and exploits knowledge obtained during the 
operation of all sessions. Also, the full dimensional feature vectors are used. Dimensionality 
reduction is not desirable, because it might corrupt the information captured in descriptors. 
The latter is especially important for 3D objects because geometric information is the only 
kind of data that can be obtained from the models. The classification procedure is always 
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more accurate in the original dimensionality if descriptors have adequate discriminative 
power. Despite that fact, the method is computationally inexpensive and thus very fast, which 
is essential for a real-time operation. Another advantage of the method over existing methods 
is that the accumulated knowledge is not an “overall” knowledge, which would presume a 
homogeneous distribution of the database objects, but instead, attribute specific, which adds 
enhanced flexibility to the system. Further, all existing methods aim directly towards the 
increase of the retrieval performance and not the decrease of the manual labor needed for the 
full annotation of a 3D object database. In this context, the use of relevance feedback is 
considered innovative. Finally, the system is structured 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 (geometrical and semantic) used for describing a 
3D object, along with the operating principles of a neurofuzzy controller, are given. The 
defined notations will be used throughout the deliverable. 

 

3.1. 3D Object Representation 
 

Every 3D object Oi, i �  {1, ..., N}, where N is the number of 3D objects in the database, is 
represented by two vectors: 

�  The feature (descriptor) vector, Gi = < gi1, ..., giT >, where T is the number of the 
features, which expresses the low-level geometrical features extracted from the object. 

�  The probability vector, Pi = < pi1, ..., piK >, where K is the number of all possible 
attributes in the database, consisting of the probabilities pik for an object Oi to have a 
specific attribute Ak, k �  {1, ..., K}. 

 

Every database object belongs to a certain category or has certain attributes. The attributes 
form a tree structure with multiple levels, where each node (leaf or internal) represents an 
attribute. The root node represents a special attribute A0 that all objects have. The more 
general an attribute is, the closer it lies to the root, therefore, when an object possesses a 
specific attribute it also possesses its parent's attribute (inheritance). In the current 
implementation it is also assumed that an object can have maximum one attribute per attribute 
tree level. In Figure 1, an example of a two-level attribute tree structure is depicted. 

 

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

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

 

3.2. Low-Level Features and Geometrical Distance 
 

3D-objects are pre-processed to obtain a so-called low-level feature vector which is a 
numerical vector representing the 3D object. The geometrical distance between two objects Oi 
and Oj is defined as the Minkowski distance between the descriptor vectors Gi and Gj of the 
objects, respectively, as follows: 

 

n

nT

t
jtitg ggjid �

�

��
1

),(      (1) 

 

where n �  N+ and t �  {1, ..., T}. 

 

The distances can be normalized and converted to similarities using the following formula: 
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g

g

d

jid
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where dg
max is the maximum distance between two database objects. 

 

The Minkowski distance is a generalization of the Euclidean (L2) and the Manhattan (L1) 
distances. In the most cases the Manhattan distance gives results similar to the Euclidean 
distance, except for the case of outliers. The Manhattan distance is more resistant to outliers 
because of the absolute (and not quadratic) deviations. 

 

3.3. Semantic Features and Semantic Distance 
 

The semantic features for each 3D object Oi are represented by the elements of the probability 
vector Pi. 

 

The semantic distance between two 3D objects Oi and Oj is defined as: 

�
�

����
K

k
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where wsk is the semantic weight of attribute Ak. The semantic weights of the attributes 
depend on the level on which the specific attribute lies in the attribute tree and can be 
calculated as follows: 

Rws klevel
k ��� � ]1,0[,1)( ��      (4) 

 

where level(k) �  N+ is the attribute level. The value of �  affects the contribution of higher 
attribute levels to the computation of the semantic distance. 

 

The overall distance between two models can be calculated as the weighted sum of the 
geometrical and the semantic distance between the models: 

 

),(),(),( jidwjidwjid ssgg ��     (5) 

 

with wg, ws �  [0,1], wg + ws = 1. 

 

3.4. Neurofuzzy Controllers 
 

A neurofuzzy controller is a neural network based fuzzy system, capable of learning its own 
internal parameters through the use of training examples. Neurofuzzy systems combine the 
learning capabilities of neural networks with the transparency of Fuzzy systems [Jang 93], 
[Callan 99], [Kraiss 03], [Chakraborty 04], [Kodogiannis 06]). 

 

 
Figure 2: Distinct steps of a Fuzzy Logic system 

 

 

In Figure 2 the distinct steps of a Fuzzy Logic system are depicted. In the fuzzification step, a 
qualitative description of the numerical input variables through linguistic variables takes 
place. Every linguistic variable's domain is covered by fuzzy sets, called linguistic terms. A 
membership function, defined for every linguistic term, estimates a membership value for 
every numerical input value. By inference based on the rulebase, a qualitative output value is 
calculated in the form of a linguistic variable. Finally, during the defuzzification, the 
linguistic output variables are mapped to exact numerical values. 

 

The fuzzy logic steps of a neurofuzzy controller are implemented as a multi-level structure of 
coupled neurons. Back-propagation of the error (difference between actual and target value) 
allows for the adjustment of the neural weights and the fuzzy logic parameters during the 
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training mode. In order to achieve the latter, the activation function of the neurons must be 
differentiable, thus various changes to the classic Fuzzy System are necessary. 

 

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

�

�

�

��
n

j
j

n

j
jij

i

x

xw

y

1

1       (6) 

where wij are the weights of this layer (abscissas of the singletons), which are adjusted during 
the training and xj are the outputs of the fourth layer. 

 

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

2)(
2
1

otE ��       (7) 

 

where t is the desired (target) output and o the real output for the actual session. E is positive 
and becomes smaller as the performance of the network becomes higher. The gradient descent 
algorithm proposes the change of the weights wi by an amount � wi, proportional to the 
gradient of E at the present location: 

i
i w

E
w

	
	

��
 �       (8) 

where �  is the learning rate. 

A trained neurofuzzy model is able to describe well the input-output mapping for any 
arbitrary non-linear function. 

. 
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4. The proposed framework 
 

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

 

4.1. Framework Structure and Operation Modes 
 

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

 

 
 

(a) (b) 

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

The components which are active during the training mode (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 estimator picks an example object, which is 
then presented to the user (annotator) for manual annotation through the annotation interface, 
along with a number of retrieved objects that are considered similar to the example object. 
The user provides two types of information: 

 

�  the attributes of the example object, which are used to train the neurofuzzy unit, and 

�  the similarity of the retrieved objects to the example object, which are used by the 
relevance feedback units to change the objects' descriptor space, so that similar objects 
get closer to each other. 

 

During the on-line mode (Figure 3 (b)), the trained Neurofuzzy Unit classifies the non-
annotated database objects without any external help. 

 

4.2. The NeuroFuzzy Unit 
 

The Neurofuzzy Unit serves as a classifier. For each attribute Ak of the attribute tree a 
neurofuzzy controller is generated. The objective of each neurofuzzy controller is to estimate 
the probability pik for an object Oi to have the specific attribute Ak by comparing its low-level 
features with those of other objects known to have the attribute. 

 

Each neurofuzzy controller NFk, dedicated to an attribute Ak, is a two input-one output 
system. The input variables are: 

�  L 1
min: The L1 distance of object Oi to its closest neighbor with the attribute Ak. 

�  L 2
min: The L2 distance of object Oi to its closest neighbor with the attribute Ak. 

 

The output variable prob i
k represents the probability pik of object Oi to have the attribute Ak. 

 

For each newly annotated object Oi, all K neurofuzzy controllers are trained with the above 
mentioned distances L1

min and L2
min from the corresponding sets of the already annotated 

objects as input. This implies that one annotated object per attribute must be available during 
system's initialization. 

For object Oi and a specific attribute Ak, the target output of the corresponding neurofuzzy 
controller is computed as: 

�


�

�
otherwise

AhasOif
t ki

ik 0.0

0.1
     (9) 
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For every non-annotated object Oi, whose probability vector needs to be estimated, all K 
neurofuzzy controllers are involved, with the set of the already annotated objects as input. The 
object is considered to have a specific attribute if the corresponding probability is the highest 
among the probabilities of all other attributes of the same level (dominant attribute): 

 

kiim

klevelmlevel

Kmik AhasOpp ��
�

�

)()(

},...,1{
max     (10) 

where level(k) is the level of attribute Ak in the attribute tree and pik is the probability for 
object Oi to have the attribute Ak. The resulting attributes can then serve as suggested values 
if the annotator wishes to continue with the manual annotation, or they may be stored directly 
in the database. 

 

The success of the neurofuzzy controllers depends on the assumption that objects close to 
each other in the geometrical feature space are considered semantically similar up to a degree. 

 

4.3. The Knowledge Gain Estimator 
 

Choosing the “right” training examples for manual annotation is crucial for the learning 
ability of the proposed annotation system. The procedure of picking the objects that contain 
the most valuable information for training, is referred to as Active Learning [Freund 93], [Cox 
00]. Active Learning helps to reduce the amount of data (and thus the required time) that is 
necessary for the system to be optimally trained, which is in our case, the number of manually 
annotated objects. 

The criterion for selecting a specific object for manual annotation is the maximization of the 
knowledge that will be gained for the system through the manual annotation of this object. 
The knowledge gain (KG(i)) for an object Oi can be estimated as follows: 
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where level(k) is the level of attribute Ak in the attribute tree and L the number of levels. That 
means that objects with a low dominant probability per attribute level are favored. 

 

4.4. The Semantic Force Relevance Feedback (SFRF) Unit 
 

The core of the SFRF Unit is based on the Semantic Force Relevance Feedback concept, 
introduced in [Onasoglou 07], which was adapted accordingly to fit the current concept's 
needs. During a manual annotation session, several objects which are considered similar to the 
training example (according to the actual system's knowledge) are presented to the annotator, 
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who assigns relevance scores to each of them. The objects are retrieved according to their 
overall distance (Eq. 5) from the training example. 

 

During SFRF, the 3D objects are treated as charged particles that apply coulomb-like forces to 
each other. The forces are of such nature, that a specific object repels semantically irrelevant 
objects and attracts relevant ones. The charge of these particles is the relevance score that is 
assigned to them from the annotator during an RF session. This way, the initial geometrical 
object descriptors are updated so that semantically similar objects are moved closer to each 
other in the descriptor space, forming easier to distinct semantic classes. 

 

In order to achieve the above mentioned behavior, a charging vector Qi is defined for each 
object Oi. Each cell j of this vector represents the similarity of object Oi with object Oj in 
terms of user assigned relevance scores. In our case, the relevance score is either -1 for 
“irrelevant”, 1 for “relevant” or 0 for “partially relevant” (a man and a dog are both “Living” 
but not both “Human” or “Animal”). Conversely to the classical electromagnetic field theory, 
homonym charged objects are attracted to each other, while heteronym charged objects are 
repelled away from each other. 

 

The force applied between two objects in the feature space is defined as: 
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where qi[j] is the j-th cell of the charging vector of Oi, dg(i,j) is the euclidian distance between 
the geometric feature vectors of the objects Oi and Oj, and ijê  is the unitary direction vector in 

the direction of the line jiOO . In general, qj[i] and qi[j] may be different for the human 

perception. 

 

Since the geometrical distance in the denominator can be arbitrarily small, leading the 
semantic force to infinite values, the magnitude of the force is passed through a sigmoid 
function in order to obtain a value �  in the space [0,1]. The sigmoid function has the form: 
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where ijF  is the magnitude of the force, the parameter �  determines the saturation point (1.0 

in our case) and �  determines the slope of the function and can be estimated experimentally. �  
affects the amount of displacement of relevant (or irrelevant) objects towards (or away from) 
the training example. 

 

The feature vector of the object to be moved is updated as follows: 
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where Gq 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 introduced in [Atmosukarto 05], modified to fit the 
needs of the current concept. It requires the same input as the SFRF Unit (relevance scores for 
several objects considered similar to the training example). The rank rij = r(Oi|Oj) of object Oi 
with respect to object Oj is computed, as the increasing order of the distance dg(i,j) between 
the objects. The rank of an object with respect to itself is defined as 0, while the maximum 
rank is equal to N-1, where N is the number of all database objects. In this way, a rank vector 

ir is defined for every database object. 

 

After the manual annotation of object Oi, the RbRF Unit receives two sets of objects: The 
relevant (Reli) and the irrelevant (Irrel_ i) to the training example objects. For every database 
object, the similarity to the training example must be calculated in order to update the rank 
vector. 

 

Firstly, the case where Irrel i = ø (no irrelevant objects are specified) is studied. The similarity 
for object Oi is defined as: 

)|(min
1

1 kjkj ROr
N

sim ��      (15) 

where Rk �  Reli. In this way, the similarity between Oi and any relevant object is 1 and 
objects similar to any relevant object will receive a large similarity as well. 

 

In case Irrel i �  ø (one or more irrelevant objects are specified), the method searches for more 
irrelevant objects in the neighborhood of the known irrelevant objects. A hypersphere is 
constructed around each known irrelevant object, with a radius proportional to the rank based 
distance between the known irrelevant object and its nearest relevant object: 

)|(min mnnm IRr�� �      (16) 

where Rn �  Reli, Im �  Irreli and �  �  [0,1], which can be estimated experimentally. Parameter 
�  determines the portion of the distance between a known irrelevant object and its nearest 
relevant object, not in terms of a fraction of the Minkowski distance of their corresponding 
descriptor vectors as defined in (1), but in terms of a fraction of the two objects' distance of 
the rankings (rank distance). The above portion is used to create a hypersphere around the 
irrelevant object under consideration and thus, to treat the objects contained in that 
hypersphere as irrelevant. Essentially, parameter �  reflects the elasticity of the RF policy with 
respect to the irrelevant objects, in terms of the probability of characterizing as irrelevant, 
non-characterized objects. The greater the value of � , the larger the expected amount of 
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objects within the created hypersphere. On the other hand, since the radius of the hypersphere 
is computed in accordance to the ranked distance, large values of �  will eventually lead in the 
characterization of objects that could even be close to the relevant one, as irrelevant. Such an 
undesirable behavior may occur especially in cases when the rank distance between the 
irrelevant and its closest relevant object is small. Therefore, in general small values of �  are 
required.  In [Atmosukarto 05], setting values of �  close to 0.06 is proposed. 

 

The value of parameter �  should remain fixed for two main reasons. The first is that the radius 
of a hypersphere is adapted to each individual case according to the rank distance of the 
irrelevant 3D object (which defines the hypersphere) to the next relevant object. This behavior 
would be disturbed by varying the values of � , especially since we do not use geometric 
distances (as defined in (1)) in our computations, but rank based distances. The second reason 
is based on the fact the we need the ratio of the objects within the computed hyperspheres 
using (16) with and without parameter �  respectively to be the same, in order to obtain fixed 
elasticity of the RF in characterizing objects as irrelevant, providing consistency to the 
annotation process. 

 

The exclusion set ES that contains all those possibly irrelevant objects is defined as: 

 

)}|(minarg,)|(|{ ti
t
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Thus, the similarity for object Oj with respect to the training example Oi is defined as: 
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By sorting the objects according to their similarities, we receive a new rank vector for the 
training example Oi. In the original concept, the first elements (objects) of the new rank 
vector were returned to the user as the refined results and the user could initiate a second RF 
session. In order to integrate the method into the current concept, the following actions are 
taken: For every object Oj the old (vij

old) and the updated position (vij
new) in the rank vector is 

determined. According to the change of the position, a force Fij can be computed, which, as in 
the SFRF Unit, moves the objects closer or away from Oi. The force and the resulting 
displacement in the feature space are defined as: 
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where Gi is the feature vector of object Oi and ijê  is the unitary direction vector as in (14). 

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

 

4.6. The Annotation Interface 
 

The Annotation Interface (Figure 4) provides annotation, annotation propagation and 
annotation validation capabilities. It consists of five main frames: 

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

�  The screenshot area, where a 2D screenshot of the training example is shown. 

�  The results area, where results and statistics concerning the annotation process are 
presented. 

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

�  The controls area, for initializing and controlling the system, as well as setting various 
system parameters. 

 
Figure 4: Annotation Interface 
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During an annotation session, the knowledge estimator selects a non-annotated object for 
manual annotation. A screenshot of the object is presented to the annotator along with the 
attribute tree structure, where s/he can select which attributes the object has by checking the 
appropriate checkboxes. For all checked attributes the corresponding value of the probability 
vector is set to 1.0. For all other attributes the probability is set to 0.0. The user then applies 
the annotation and the neurofuzzy unit recomputes all the probabilities of all other non-
annotated objects, based on the updated annotated set. Additionally, a set of objects that the 
system considers as similar to the manually annotated object, based on the current 
accumulated knowledge, are also presented to the user, in order to evaluate them with respect 
to their similarity. This procedure is repeated until all database objects are annotated or until 
the user breaks up. 
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5. Experimental results 
 

The annotation propagation framework was tested on two 3D model databases: 

�  The ITI database with 441 models and 17 attributes (http://www.iti.gr). 

�  The SHREC'07 Watertight database with 400 models and 25 attributes 
(http://www.aimatshape.net/event/SHREC/shrec07). 

Two low-level feature extraction methods were used, in order to prove that the extraction 
method does not significantly influence the system performance: 

�  The Spherical Trace (ST) Transform with Krawtchouk moments as initial functional 
[Zarpalas 07]. The dimension of the geometrical descriptor vector was TST=4320 for 
this method. 

�  The Spherical Harmonics (SH) method [Funkhouser 03]. The descriptor vector 
dimension was TSH=544 for this method. 

 

The descriptor vectors were normalized into the interval [0, 1] using the following formula: 
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for object Oi, where T = TST or T = TSH and N is the number of database models. 

 

The geometrical distances were also normalized into the interval [ 0, 100]. 

 

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

 

Variable Term Mean Spread 

L1 / L2 Very Close 5.0 4.0 

L1 / L2 Close 15.0 4.0 

L1 / L2 Medium 25.0 4.0 

L1 / L2 Far 35.0 4.0 

L1 / L2 Very Far 45.0 4.0 

Table 1: Linguistic terms of input variables 
 

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

 

In order for the weights to reach rapidly the region around their optimal values and then just 
finetune in that region, the learning rate �  for the gradient descent algorithm was set variable, 
using the following formula: 
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where 

objectsdatabaseofnumber
objectsannotatedofnumber

rannot �    (23) 

 

so that the learning rate, starting with a value of � max, decreased linearly until it reached the 
value � min. Experimentally, the following values were selected: � max = 0.2, � min = 0.001. For 
values of � max > 0.2 the system showed an irrational behaviour, since the abruptly weight 
changes did not allowed them to converge to their optimal values. 

 

The parameter �  (slope of the sigmoid function) of the SFRF method was estimated 
experimentally. It was observed, that a �  value different for positive and negative examples 
achieved the best results. The values used were � + = 0.4 and � - = 0.2 respectively, resulting to 
a “milder” displacement for non-relevant objects. Large values of �  (> 0.5) result in abrupt 
displacement, especially for negative examples. 

 

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

 

Two metrics were used in order to observe the system's performance and state: 

�  the Mean Squared Error (MSE) and 

�  the Average Matching Error (AME). 

 

The MSE of an estimator is one of many ways to quantify the amount by which an estimator 
differs from the true value of the quantity being estimated: 
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where N is the number of database objects, K the number of attributes and nknk pp ,  the 
desired and actual output probability for object On having the attribute Ak, respectively. 

 

The AME is defined as follows: 

Every database object Oi is selected as a query in a Search & Retrieval session. For the set R 
= {r1, ..., rJ} of the top J retrieved results a matching error is calculated using: 
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where ds(i,j) is the semantic distance between the query Oi and the j-th retrieved result Oj. The 
parameter J is fixed as the number of occurrences of the rarest attribute. The AME is then 
calculated by: 
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Both metrics decrease as the performance increases. 

 

During a Search & Retrieval session, the overall distance (5) between two models is needed. 
The semantic weight ws is proportional to the percentage of the annotated models. That means 
that on system start, the search is based mainly on content (geometric features). As more and 
more annotations occur, the system changes the balance towards semantics. 

 

Four evaluation sessions were performed. During the first session, no relevance feedback was 
used. During the second and third session, the SFRF and RbRF units were respectively 
enabled. The results of these sessions (Subfigures (b) and (c) of Figure 5, Figure 6, Figure 7 
and Figure 8) show that the RbRF method performed better during the first 15 % of the 
manually annotated objects, while the SFRF method achieved a full annotation of the 
database much faster than RbRF. Thus, during the last session, a combination of both 
relevance feedback methods was used (CombRF, Subfigures (d) of the Figures). A weighting 
factor was defined for each method, depending on the percentage of the manually annotated 
objects: 

)0.1,min(
final

current
SFRF r

r
w �      (27) 

SFRFRbRF ww �� 0.1       (28) 

 

objectsdatabaseofnumber
objectsannotatedofnumber

rcurrent �     (29) 

where rfinal = 0.15. In this way, the RbRF method started with a weight of 1.0, which 
decreased linearly until it reached 0.0 after the manual annotation of 15 % of the database 
objects. 

 

The Figures below show the performance of the automatic annotation process on all test 
databases, compared to the manual annotation process. 
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Figure 5: Performance and error metrics of the system for the ITI database (ST) 
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Figure 6: Performance and error metrics of the system for the ITI database (SH) 
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Figure 7: Performance and error metrics of the system for the SHREC database (ST) 
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Figure 8: Performance and error metrics of the system for the SHREC database (SH) 
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Subfigures (a) to (d) of Figure 5 and Figure 6 depict the results (red curve) and the 
corresponding MSE (green curve) and AME (blue curve) error metrics for the ITI database 
using both descriptor sets in each evaluation session respectively. Figure 7 and Figure 8 depict 
the performance and the error metrics for the SHREC database. 

 

The results show a similar system behavior for both databases. As one can easily notice, the 
system starts operating after a number of objects has been annotated. This is due to the 
requirement, that minimum one object per attribute must be manually annotated, before the 
system can operate. After this, the system starts learning with great speed. After a number of 
characteristic models per attribute has been annotated, the system can easily recognize the 
majority of the models and the learning speed decreases. At this point, the outliers (i.e. the 3D 
objects that are not very similar to the 3D objects that belong to the same category) become 
more ``interesting'' for the system, thus they are selected for annotation. 

 

For comparison purposes, two other classification learning techniques were implemented and 
tested: Firstly, the neurofuzzy unit was replaced by a naive Bayes classifier ([Grossman 04], 
[Heckerman 99], [Rish 01]). Secondly, the only similar framework which deals with 3D 
content ([Zhang 02]), which uses a biased kernel regression technique to propagate the 
probability based annotations, was also implemented and tested. Figure 9 and Figure 10 depict 
the performance and error metrics for both test databases. The comparison results show that 
the proposed method significantly outperforms the previously mentioned methods. 
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Figure 9: CombRF vs Bayes vs BKR, Performance and error metrics for the ITI database (ST, SH) 
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Figure 10: CombRF vs Bayes vs BKR, Performance and error metrics for the SHREC database (ST, SH) 
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6. Annotation and Annotation Propagation in the VICTORY 
Framework 

 

The annotation and annotation propagation mechanism in the VICTORY framework is a 
procedure distributed among different VICTORY network entities.  

 

The possible categories for a MultiPedia object are community specific. Each SE in a 
community keeps a copy of the community taxonomy (tree-level structure of the categories). 
An example taxonomy for the Automotive Community is depicted in Figure 11. 

 

 
Figure 11: Example taxonomy for the Automotive Community 

 

During the VICTORY client application initialization, the client receives the taxonomies of 
the registered communities. The manual annotation takes place in the client application during 
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the sharing of the MultiPedia objects (Figure 12). The user can select the most appropriate 
categories for describing the object. 

 

 
Figure 12: VICTORY client application, manual annotation interface 

 

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

In this deliverable a neurofuzzy approach for active learning-based annotation propagation in 
3D object databases, designed and implemented for the needs of the VICTORY project, was 
described. A neurofuzzy controller set is used to estimate the attributes (categories) of each 
database model using knowledge obtained from manual annotations of objects suggested by 
the system. The selection of the training examples is based on the information content of the 
models. Additionally, two relevance feedback methods were modified and integrated for 
supporting and enhancing the annotation procedure. The proposed framework induces a 
substantial acceleration of the annotation process. The results show that the proposed method 
is superior in terms of efficiency for the automatic, semantic annotation of 3D object 
databases. 

 

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

 

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

 

Additionally, all framework modules (Probabilities propagator, Knowledge Gain Estimator, 
Relevance Feedback Units) can be transparently exchanged. Future research on any of those 
directions, resulting to new ideas for the neurofuzzy implementation (other inputs/outputs), 
the estimation of knowledge (replacing the dominant probability concept), the relevance 
feedback or other forms of user feedback will boost the system performance and reduce the 
manual labour needed for the full annotation. 

 

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

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