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Technologies advancement using adaptive and intelligent techniques has many applications in many engineering problems 
today. Applications areas such as web mining, image processing, medical, and robotics sometime require not just one 
intelligent technique to handle a task, but a combination or hybrid of intelligent techniques are necessary. In recent years, 
there is a sharp increase of the development of intelligent technologies. Intelligent technologies such as intelligent agents, 
artificial neural networks, fuzzy logic, genetic algorithms, and hybrid systems have played an important role in making 
technologies more intelligent. Beside these, research in the areas of providing mathematics foundations of the intelligent 
technologies such as applied mathematics, statistics and probability are also contributing to the development of intelligent 
technologies. All the papers in this special issue are invited papers that extend the original conference papers published in 
international conference proceedings, with majority of them selected from the Proceedings of the Fourth International 
Conference on Intelligent Technologies 2003. This special issue aim to bring together researchers to present their latest 
works on new techniques and applications in the area of intelligent technologies. There .are a total of 9 papers in this 
special issue. 

This special issue started with the paper by Y. Takama and T. Kajinami "Utilization of Keyword Map for the Intelligent 
Web Interaction based on Retrieval, Browsing, Analysis Operations". In their papers, they focus on providing an 
intelligent web interaction tool for web mining. With the vast amount of information and web pages available on the 
Internet now, users normally search the web without well defmed needs. It is therefore difficult to organise and understand 
the information retrieved. This paper has introduced an intelligent Web information visualisation system that employs 
RBA (Retrieval, Browsing, and Analysis)-based interaction. This method based heavily on the use of keyword map that is 
generated by a plastering clustering technique. 

The second paper is by H. Nobuhara and K. Hirota "A Dual Style of.Fuzzy Wavelet Based on Fuzzy Relational Structure 
and its Application to Image Compression I Reconstruction". In the area of image processing, fuzzy wavelet has been 
introduced. This paper introduces dual style fuzzy wavelets by employing dual operations in the conventional fuzzy 
wavelets. They have also make use of an alpha-band of the fuzzy relation as a soft threshold scheme to improve the 
efficiency of the image compression I reconstruction. Comparison results of the use of fuzzy wavelets and the proposed 
dual fuzzy wavelets have also been presented. 

The third paper by K.P. Chung and C.C. Fung "Relevance Feedback and Intelligent Technologies in Content-based Image 
Retrieval System· for Medical Applications" looks into content-based medical image retrieval systems. This paper has 
introduced the necessity of content-based image retrieval system especially in the field of medical. The paper has also 
examined the characteristics of medical image database, and applications of content-based medical image retrieval system. 
This paper has also shown the overall framework of the intelligent relevance feedback schemes in content-based image 
retrieval system for medical application. 

The fourth paper by D. Tikk, G. Bir6, and J.D. Yang "A Hierarchical Text Categorization Approach and its.Application to 
FRT Expansion" focus on the special case in text mining where text categories are organised in hierarchy. As data 
warehouses are growing in a fast rate, the efficient ways of perform text categorization are important. The authors 
proposed an iterative supervised l e a r n i n g  technique to train the classifier. In the paper, the authors have also investigated 
th_e use of their proposed technique for Fuzzy Relational Thesaurus (FRT) expansion. 

The fifth paper by R. Intan and M. Mukaidono "Toward a Fuzzy Thesaurus Based on Similarity in Fuzzy Covering" 
mainly examined the issues measuring the degree of preciseness between two imprecise data. Normally, for two imprecise 
data, they can be represented by fuzzy sets and approximately calculated by using fuzzy conditional probability relation. 
The authors have introduced the fuzzy symmetric c-partition as a special case of the fuzzy c-partition that used to handle 
symmetric similarity property. In this paper, special attention has been given to application in a fuzzy thesaurus. 

The sixth paper by M. Emoto, R. Intan, M. Matsumoto, and M. Mukaidono "Similarity Relations Based on Uniqueness 
Measure" examines the concepts of similarity relations. Most of the time, when human perceives similarity between two 
objects, the degree of similarity may be different depending on whom the perceptions is performed. The authors have 
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proposed uniqueness measure to measure the similarity that is closer to human perception than the traditional concepts of 
similarity. Mathematical properties of this uniqueness measure are also presented in this paper. 

The seventh paper by N. Zhu, Y.S. Ong, K.W. Wong, and K.T. Seow "Using Memetic Algorithms for Fuzzy Modelling" 
presented the use of memetic algorithms for extracting fuzzy rules. Memetic algorithms are basically variants of 
evolutionary algorithms that incorporate local learning procedure. The authors proposed the three different usages of the 
m emetic algorithms in assisting the process of extracting fuzzy rules directly from input-output data. 

The eighth paper by D. Tikk, P. Baranyi, R.J. Patton, and J. K. Tar "Approximation Capability of TP Model Forms" 
presented an investigation of the approximation capability of the tensor product (TP) model forms. As dynamic systems 
are of much interest, the objective of this paper is to investigate the approximation capabilities specifically of a dynamic 
TP model. The authors have performed mathematical analysis as well as looking into two examples. From the analysis, the 
advantages and disadvantages are reported. 

The ninth paper by E. Sato, T. Yamaguchi, and F. Harashima "Ontological Network System Construction from the 
Interaction between Robots and Human" looks into intelligent technologies used for interacting with human. The authors 
are developing a system based on ontology to allow better interaction between robots and human. Experimental results are 
also presented to show bow the human and robot can interact using this newly developed technique. 

The guest editors of this issue will like to show appreciation to all the authors for their submissions. We will also like to 
use this opportunity to thank all reviewers in assisting the reviewing process. Finally but not least, we wiU like to express 
our gratitude to the Editor in Chief of the Australian Journal of Intelligent Information Processing Systems, Prof Tom 
Gedeon, for giving us the opportunity to organise this special issue. 
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Utilization of Keyword Map for 
Intelligent Web Interaction based on 

Retrieval, Browsing, Analysis Operations 

Yasufumi T a k a m a  Tomoki Kajinami 
Tokyo Metropolitan Institute of Technology 

Abstract: Both Browsing and Retrieval with search engines are major operations that establish the interactions between users 
and the Web. Although both operations are usually combined for locating information from the Web, recent growth of the Web 
has overtaken the potential of this conventional interaction. This paper proposes the concept of Retrieval, Browsing, and 
Analysis (RBA)-based interaction, as the improvement of the conventional Retrieval and Browsing (RB)-based interaction. The 
prototype interface for REA-based interaction is implemented, which employs keyword map visualization system. The rele-
vance feedback based on keyword map is also proposed, and experimental results show that user's intention can be extracted 
from the keyword map modified by the user . . 
Keywords: Web Intelligence, Information Visualization, Relevance Feedback, Keyword Map, Immune Network 

1. Introduction 
A Web infonnation visualization system that employs RBA 
(Retrieval, Browsing, and Analysis)-based interaction is pre-
sented for assisting user's Web interaction. A Web interac-
tion is defmed as users' activities for viewing and collecting 
web pages with using search engines and Web browsers. 
There exists vast amount of infonnation in the Web, from 
which users usually gather infonnation without definite in-
fonnation needs. Therefore, it is difficult .for users to organ-
ize and understand what they have gathered from the Web. 
In this paper, we propose the concept of RBA-based interac-
tion. The Web infonnation visualization system proposed in 
this paper . employs both keyword map visualization and 
document clustering, which respectively present users the 
topic distribution and document clusters within gathered 
document set. Employing the immune network-based clus-
tering algorithm, which has been already proposed, makes it 
possible to fmd relationship between document space and 
topical space (represented by keyword map). The relevance 
feedback based on keyword map is also proposed so that the 
interface can be more interactive. 

2. Related Work 
Browsing and Retrieval are the major operations that users 
perfonn on the Web. Browsing is typical operations in 
hyperspace (i.e., the Web). In the Web hyperspace, docu-
ments are linked to others by hyperlinks, and we can move 
from current document to others by clicking a hyperlink. On 
the other hand, we can also get a set of documents related 
with our infonnation needs from search engines. This opera-
tion is called retrieval hereinafter. 

It seems that the systems that support users' browsing op-
erations (browsing support system[l,2,6]) have been major 
approaches in early stage of web intelligence research. How-
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ever, recent success of commercial search engines such as 
Google has let us shift from browsing to retrieval. 

Although retrieval operation has potential for user-to-web 
interaction; current search engines have limitation of present-
ing results as only a list of documents. That is, getting re-
trieved results is just a starting point of interaction, and we 
have to make much effort for investigating individual pages. 
Therefore, browsing is still important, which is started with 
using the retrieved document as the seed for browsing. Of 
course, we often hit on a new query while browsing the re-
trieved results. 

2.1. Browsing Support Systems 
Browsing support systems assist users in selecting a link to 
follow within the . current page. Typical browsing support 
systems, such as Letzia [6], syskili&Webert [1], Webwatcher 
[2] add the infonnation to each link in a document, based on 
which a user can select the link that will lead to the popular 
page, or the page of interest. This kind of systems has been 
developed in early stage of. the Web, in which most of links 
are static ones. According to the spread of dynamic Web and 
commercial search engines of huge volume, another type of 
support systems that visualize the partial Web hyperspace [3, 
4, 17] have become popular. BookMap [4] visualizes the 
user's personal hyperspace of bookmark and navigation his-
tory. It is based on the facts that { 1) 92% of users have their 
own bookmark, and (2) more than 50% of page visits are 
page re-visits. It employs global fisheye and zooming opera-
tions, by which the system can show the detail of the part of 
hyperspace, while preserving the context (global structure). 

Another example of browsing support systems is Compara-
tive Web Browser (CWB), which is designed to assist users 
compare the contents of a site with another site [8]. The 
CWB uses two browsing displays for viewing the contents of 
two sites simultaneously. When a user reads a page of the 
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site on one of the displays, the corresponding page of an-
other site is automatically displayed on another display. 

2.2. Clustering-based Information Visuali-
zation Systems 

Compared with above-mentioned browsing support systems 
that handle the hyperlinked structure of the Web, the systems 
that support the user's retrieval process handle a set of 
documents that contain the query terms. As most of docu-
ments in the set have no hyperlink to others within the set, 
they should be organized in other structure than hyperlinked 
structure. In particular, when a large number of documents 
are retrieved, they should be divided into closely related sub-
sets [5, 19]. Scatter/Gather [5] and Grouper [19] employ 
document-clustering approach. Scatter/Gather applies the 
clustering method interactively, i.e., when a user select one 
of the generated document cluster, the selected one is further 
divided into several document clusters. 

The clustering result is usually presented as a list, as most 
search engines do. Visualization technique can also be util-
ized for improving the user's accessibility to the generated 
document clusters. CardVis [7] handles the retrieved results 
as a graph, where vertices denote pages and edges denote the 
hyperlinks between these pages. As retrieved documents do 
not always form a single graph, several sub-graphs are gen-
erated. Card Vis is based on the metaphor of a pack of play-
ing cards, and each card shows a sub-graph. Cards are ar-
ranged in the 3D space, with which a user can interact by 
focus+context technique. 

RF-Cone [17] generates the tree structures when the docu-
ments of a certain topic are given, based on the similarity 
among documents and path length from root document to 
each document, and visualizes them with 3D RF (relation-
ship focused) cone tree representation. 
The Category Map [18] employs SOM (self-organizing 

map), based on which docurnents are mapped onto 2D cate-
gory map. Each region (a group of neighboring nodes with 
the same concept) corresponds to the document cluster of the 
concept. As SOM preserves the topological properties of 
document space, the Category Map can show users a rela-
tionship among document clusters. 

2.3. Relevance Feedback 
Interaction should be bidirectional. That is, interactive inter-
face should not only provide users with information in un-
derstandable manner, but also get their intentions and prefer-
ences. Relevance feedback (RF) is one of major approaches 
for implicitly obtaining the users' preferences. 

Conventional RF algorithms [9] modify a profile (query) 
vector based on user's judgment (relevant or irrelevant) on 
the retrieved documents. In this case, the user's intention that 
is represented by keywords is estimated indirectly from the 
document space. The FISH View system [11] extracts the 
user's viewpoint from the diagram, in which the user groups 
documents hierarchically. There also exists the system that 
supports the user's query generation by presenting the re-
lated keywords [10]. However, it is not RF approach in the 
sense the user has to generate the Boolean query manually. 

Aust. Journal of Intelligent Info. Processing Systems 

In this paper, we propose keyword map-based RF, which 
infers the user's intention from the keyword space. Com-
pared with the conventional RF algorithms applied on docu-
ment space, it is expected to infer the user's fuzzy prefer-
ences. Furthermore, keyword arrangement can reflect user's 
intention more implicitly than the diagram used by the FISH 
View system. 

3. Web Interface for RBA-based In-
teraction 

3.1. Concept of Retrieval, Browsing, 
Analysis (RBA)-based Interaction 

One of the essential properties of our activities in the Web is 
that we do not always have the topics of interest while surf-
ing on the Web. Therefore, not-only submitting relevant que-
ries, but also evaluating the relevance of web pages is diffi-
cult for us. Through the interaction with the Web, we fmd 
the topics of interest, and acquire the background knowledge 
about the topics, based on which the relevance of pages is 
evaluated. Visualizing (partial) Web hyperspace as well as 
document clustering can improve the interaction between a 
user and the Web, as shown in Section 2. 

Considering the commercial success of web search en-
gines, it is rational that we assume the following steps for 
locating and gathering information in the Web: 

[Retrieval] Obtain a set of pages by submitting tentative 
query to a search engine. 
[Browsing] Starting from individual documents in the re-
trieved results, browse their neighboring pages and collect 
(save) the relevant ones. 

We call the interaction based on these two steps RB-based 
interaction. It should be noted that a user cannot always 
evaluate the relevance of pages correctly, and the evaluation 
criteria frequently changes while interacting with the Web. 
In other words, the context that affects the evaluation criteria 
is composed of the pages that have been gathered so far. 
Therefore, we claim that the "analysis" step should be com-
bined with RB-based interaction. We call the interaction 
based on these three steps RBA-based interaction. Although 
Gershon [3] has already denoted the importance of the 
analysis step, in which the properties within a single page is 
analyzed. Our focus is on analyzing the set of gathered docu-
ments. 

From this viewpoint, some of information visualization sys-
tems denoted in the previous section contribute for support-
ing RBA-based interaction. However, they put the analysis 
step inside retrieval and browsing steps. That is, the visual-
ized space by browsing support systems is mainly used for 
users to browse the hyperspace. The space visualized by 
clustering-based information visualization systems helps 
user explore the retrieved space. On the other hand, we pro-
pose to visualize the set of documents that is gathered as a 
result of the user's RB-based interaction. 
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3.2. System Architecture 
Document clustering-based visualization is employed in the 
proposed system, because it is assumed_ that a user usually 
gathers the pages of interest from various Web sites, and 
most documents have no direct hyperlink to others. In par-
ticular, this assumption becomes valid in retrieval step. 

In order for users to understand context information from 
the visualized results, presenting only document clusters is 
not enough, but the relationship among clusters should also 
be presented. The SOM-based visualization systems can sat-
isfy this to some extent, but the obtained structure seems to 
be ftxed, even if users can manipulate the visualized space 
with ftsheye or fractal operation [18]. Furthermore, we think 
that the obtained document clusters should be presented to 
users as the lists, because the Web users are familiar with the 
document lists that are returned by most of search engines. 

Therefore, we propose to visualize both of document and 
keyword space. Document clusters are presented to users as 
lists, while keyword space is visualized so that the relation-
ship among document clusters can be reflected (Fig. 1). For 
visualizing the keyword space, we employed the keyword 
map [14], on which the keywords extracted from documents 
are arranged so that the pair of keywords that frequently ap-
pears in the same documents can be arranged closely to each 
other. 

The point is how to relate the keyword map with document 
space, and we propose a landmark-based approach, called 
plastic clustering method [12,13], which is described in Sec-
tion 3.5. 

Figure 1 Correspondence between Document Space and 
Keyword Map 

3.3. Keyword Map Visualization System 
A keyword map-based information visualization system is 
developed for visualizing the topic distribution within a 
·document set [14]. ·The developed system called TMIT 
(Topic Map Idea Tool) employs the spring model [16] to 
arrange keywords on 2D space. Although a number of in-
formation visualization systems employ the 3D graphics, 
they seem to be suitable for the. facilities such as museum, 
where visitors use the systems. We claim that the system that 
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can be in daily use should be simple. Therefore, we employ 
the 2D graphics. The basic algorithm ofTMIT is as follows. 

I. Defme the distance lij between keyword i andj based on 
their similarity Rij by Eq. (I) (m is positive constant). 

lij =m(l-Rij). (I) 

2. The moving distance o f  keyword in each step, 
( ), is calculated by Eq. (2). 

(2) 

E= (3) 
) 

dij = -x1 +(Y;- y1 (4) 

3. In each step, the center of gravity is adjusted to the cen-
ter of 2D space. 

In addition to this basic algorithm, an arrangement priority 
based on spring constant is introduced [14]1

• It can be un-
derstood from Eq. (3) that the influence of strong spring 
(with large spring constant) is greater than that of weak ones. 
Here, the springs connecting to focused keywords (such as 
landmarks) are given larger spring constant than others, so 
that they can have priority than other keywords in terms of 
arrangement Experimental results have shown that the key-
word arrangement highlighting the focused keywords can be 
.constantly obtained [15]. 

3.4. Immune Network Metaphor for Key-
word Map Generation 

A .plastering clustering method[l2; 13] has been proposed 
to generate a keyword map as well as document clusters. On 
the keyword map, the keywords related with the same topic 
are assumed to gather and form a cluster. The plastic cluster-
ing method extracts a representative keyword, called land-
mark, from each cluster. As the border of keyword clusters 
on the keyword map is usually not obvious, the constraints 
for extracting a landmark is adopted from the viewpoint of 
document clustering. That is, when documents containing 
the same landmark are classified into the same cluster, there 
should not exist overlapping among clusters. The algorithm 
of the plastic clustering method is as follows: 
1. Extraction of keywords (nouns) from a document set, by 

using the morphological analyzer and the stop-word list. 
In this paper, only the keywords contained in 3 or more 
documents are extracted. 

2. Construction of the keyword network by connecting the 
'extracted keywords k; to other keywords  o r  documents 

1 Another arrangement priority based on frictional force is also 
introduced for considering the topic stream, which is out of scope 
and omitted in this paper. 
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(a) Connection between ki and k j : (Dij indicates the num-
ber of documents containing both keywords.) 

Strong connection (SC): Dij Tk. 
Weak connection (WC): 0 < Dij < Tk. 

(b) Connection between k; and d j : (TFij indicates the 
term frequency of k; in d j . ).) 

SC: TFij Td. 
WC: O<TFij <Td. 

3. Calculation of keywords' activation values on the con-
structed network, based on the immune network model 
(Eq. (5H9)). 

4. Extraction of the keywords that activate much higher 
than others as landmarks, after convergence. 

5. Generation of document clusters according to the land-
marks 

The algorithm is also shown in Fig. 2. In step 4, a conver-
gence means that the same set of keywords always becomes 
active (having much higher activation values (about 100 
times higher in the experiments) than others [12]), which is 
observed after at most 1 000 times calculation in most of the 
experiments. As for the immune network model in Step 3, 
the simple model that has been proposed in the field of com-
putational biology is adopted (Eq. (5H9)). 

Landmark Finding Algorithm 

Figure 2 Landmark Finding Algorithm 

=s+X; (f(h:)-kb ), 
h;b = + 

j j 

f(h) = h ()2 
(h+81) (h+82 ). 

(5) 

(6) 

(7) 

(8) 

(9) 

here Xi and Ai are the concentration (activation) values of 
antibody i and antigen i, respectively. Thesis a source term 
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modeling a constant cell flux from the bone marrow and r is 
a reproduction rate of the antigen, while kh and kg are the 
decay terms of the antibody and antigen, respectively. The 

and ( E {O,WC,SC}) indicate the strength of the 
connectivity between the antibodies i andj, and that between 
antibody i and antigenj, respectively. The influence on anti-
body i by other connected antibodies and antigens is calcu-
lated by the proliferation function (9), which has a log-bell 
form with the maximum proliferation rate p. 

The correspondence between the objects of immune sys-
tem and those of the plastic clustering method is shown in 
Table I. The quality of extracted landmark keywords has 
been verified based on questionnaires [15]. 

Plastic Clustering Immune System 
Document Antigen 
Keyword Antibody 
Landmark Active antibody (winner) 

Table I Object Correspondence between Plastic Clustermg 
& Immune System 

3.5. Relevance Feedback based on Key-
word Map 
Section 3.4 considers the information flow from the system 
to a user. In this subsection, the information flow from a user 
to the system is considered. 

When a keyword map is presented to a user, he usually 
fmds the difference between the keyword arrangement on the 
map and his background knowledge. Therefore, he wants to 
modify the arrangement, as he likes. If the system can infer 
the user's intention from the keyword map modified by him, 
relevance feedback can be available. 

Let us consider the following cases. 
1. A user rearranges the keywords A close to keyword B, 

which were initially arranged far away from each other. 
2. A user moves apart keyword A and B, which were ini-

tially arranged close to each other. 
In the first case, the user estimates the relationship between 

keyword A and B closer than the initial keyword map. 
Therefore, collecting new document that contain both key-
words should satisfy the user's interest. The latter case might 
be more complicated, and there will be several possibilities. 
As for one possibility, the user might want to divide the topic 
represented by keyword A and B into two detailed topics. In 
this case, Finding new keywords that bridge keyword A and 
B will be useful for the user. 
In this paper, we only focus on the first case and propose 

the algorithm that can infer the user's intention from the 
modification on a keyword map. In the following algorithm, 
an input data file for keyword map (KData) and the data file 
for keywords' coordinates in the modified map (XYData) are 
given. KData stores the similarity S ( E [ -1, 1 ])2 for every 

2 In the current keyword map system, (0,1] when keywords 
eo-occur within documents, and when they do not appear 
within the.same document. 
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keyword pair p i (w1, wm), and XYData stores the coordinates 
(x;, of every keyword wi on the map modified by a user. 

1. Calculate similarities Sxi for each keyword pair p;, based 
on the distance di between the keywords, which is calculated 
from XYData. The dM is the maximum distance among all 
keyword pairs. 

(10) 

2. Translate Sxis in KData into value within [0,1] by Eq. 
(11). 

(11) 

3. For each keyword pair p;, calculate the degree of "far-
ness" (Far(S'ki)) in KData, and the degree of "nearness" 
(Near(Sx;)) in XYData by Eq. (12) and (13). 

4. 

Far(x)=Max(  l,o) (12) 

Near(x)=Max(x-t ,o). (13) 
1-t 

Sort the keyword pairs in descending order of the value 
calculated by Eq. (14). 

v; = Near{Sxi ) ... F a r ( S ' k i )  > 0, 
(14) 

0 ... otherwise. 

4. System Implementation and 
Experiments 

4.1. Outline of RBA-based Interface 
A prototype system is developed based on the description in 
the previous section. When designing. the system, we con-
siderthe followings: 

1. The system should be used by users, in combination 
with Web browsers for everyday use, such as lE and 
Netscape. 

2. It should be used independent of platform (OS, hard-
ware, etc.). 

3. Further improvement or addition of new analyzing func-
tionality should be possible in future. 

Therefore, we employ server-side programming technique, 
as show in Fig. 3. 
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In Fig. 3, a user can interact with the Web with ordinary 
Web browsers as usual. The system displays a small control 
panel on a separate browser window, on which the user gives 
several instructions to CGI programs, such as follows: 

[get _page] Collects the information of the page specified by 
a user. 
[get_link] Extracts and displays the link information within 
the specified page. 
[get_pages). The page returned by "get_link" instruction 
adds checkboxes to individual links, by checking which a 
user can collect several pages in one instruction. 
[analyze] The collected page information is stored in the 
user information DB, to which the plastic clustering method 
is applied and the results including document clusters and 
keyword map data are returned to the user. 

As the result of "ana1yze" instruction, the document c l u s ~  
ters are returned as the Web page consisting of clusters with 
URL lists and landmarks. The page also contains the link to 
the data set of generated keyword map. 

A user can download the data set and display it with 
TMIT, which is implemented with JAVA, as independent 
tool, not as an applet. We decide not to implement the key-
word map as an applet, but to provide users with the data set. 
The reason of providing the data set is that it consists of the 
connection strength of each keyword pair, which can be util-
ized by users with other tools than keyword map. 

Fig. 4 shows the example of keyword map generated by 
the prototype interface. The keywords within white rectangle 
are landmark keywords. On the other hand, Fig.5 shows the 
keyword map of same document set when no landmark is 
used. The comparison of both figures clearly shows land-
marks improve the readability of keyword map. 
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-
. 

Figure 4 Keyword Map with Landmarks 

-
Figure 5 Keyword Map without Landmark 

. 
Robot 

Logic 

. 

Figure 6 Keyword Map Generated from AI-related Docu-
ment Set 
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4.2. Experiments on Keyword Map-based 
Relevance Feedback 

The experiments on keyword map-based relevance feedback 
are performed with using the prototype interface shown in 
Section 4.1, combined with the algoritlun described in Sec-
tion 3.5. It should be noted that the experiments are per-
formed on Japanese Web pages, and results are translated 
from Japanese into English. 

A query "Artificial Intelligence (AI)" is submitted to the 
Google, and top 10 pages are collected as an initial page set, 
from retrieved result. Here, the pages that have apparently no 
relation with AI are skipped. Figure 6 shows the keyword 
map that the prototype interface generates from the initial 
page set. In Figure 6, the word "Robot" (indicated with rec-
tangle) and "Logic" (indicated with circle) are arranged far 
away from each other. 

The keyword map system used in the experiments is im-
proved to be interactive, so that the relevance feedback can 
be available. In particular, the system can output the XYData 
as noted in Section 3.5. Figure 7 shows the map that is modi-
fied by a user from the initial arrangement. In Figure 7, "Ro-
bot" and "Logic" are close to each other. 

Table 11 and III show the list of pairs extracted with the 
proposed algorithm, from the initial map (Figure 6) and the 
map modified by the user (Figure 7), respectively. Table Ill 
shows that the pair "Robot" and "Logic" is extracted with 
the highest rank. It is also worth noting that the number of 
extracted pairs from Figure 6 is less than that from Figure 7. 
It means that the initial arrangement faithfully represents the 
relationship among keywords in KData. 

.. 

- -
-- - --------

Figure 7 Keyword Map Edited by User 
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Extracted keyword pair Vi
Language and USA 0.624 

Technology and increasingly 0.350 
System and increasingly 0.231 

Technology and logic 0.185 
Single and logic 0.134 

Enterprise and language 0.111 
Algorithm and system 0.083 

Article and area 0.037 
Machine and language 0.020 

Table ll Word Pair List Extracted from Figure 6 

Extracted keyword pair V; 
Robot and logic 0.905 

Technology and logic 0.583 
Algorithm and system 0.421 

Machine and technology 0.413 
Algorithm and robot 0.306 

Article and logic 0.260 
Computer and product 0.227 

Task and language 0.194 
System and increasingly 0.169 

University and logic 0.165 
Computer and other 0.153 

Algorithm and human 0.107 
USA and logic 0.103 

Enterprise and language 0.091 
Other and area 0.087 

Myself and logic 0.087 
System and general 0;074 
Robot and machine 0.033 

Table m Word Pair List Extracted from Figure 7 

', . 

-- --

Figure 8 Keyword Map Generated from New Document Set 

New query "Robot AND Logic" is submitted to Google, 
and 10 pages are collected in the same manner the initial 
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pages are collected. The initial page set is updated by adding 
them to it. Figure 8 shows the keyword map that is generated 
from new page set (containing 20 pages). In Figure 8, key-
words are arranged automatically by the system without 
user's modification. Therefore, newly corrected pages lead 
the keyword "Robot" and "Logic" close to each other, as in· 
Figure 7. It means that new pages are collected so that the 
user's intention can be satisfied. 

5. Conclusion 
The concept of Retrieval, Browsing, and Analysis (RBA)-
based interaction is proposed, for which the prototype web 
interface is implemented. The prototy.pe interface employs 
the keyword map visualization system so that users can eas-
ily understand the context of their interaction with the Web. 
The relevance feedback based on interactive keyword map 
system is also proposed, and the experimental results show 
user's intention can be extracted from the modified keyword 
map, and relevant pages can be collected. Consideration of 
more complicated feedback as well as further experiments 
will be our future works. 
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Abstract- A dual style of fuzzy wavelets is 
proposed by employing dual opemtions in the conven-
tional fuzzy wavelets. Analysis/synthesis schemes of 
wavelets and image compression/reconstruction can be 
also formulated based on fuzzy relational calculus as 
the conventional fuzzy wavelets. In order to perform 
efficient image compression/reconstruction, a concept 
of alpha-band which is genemlization of alpha-cut, is 
also proposed as a thresholding of the dual wavelets. 
In the image compression/reconstruction experiment 
using test images extracted Standard Image DataBAse 
(SIDBA), the effectiveness of the proposed soft thresh-
olding is shown. Furthermore, differences between 
the proposed fuzzy wavelets. and the conventional one 
are shown through an experiment ·of image compres-
sion/reconstruction. 

Keywords: Fuzzy Relation, Ordered Struc-
ture, Image Compression/Reconstruction Mor-
phological Wavelets 

1 Introduction 
As one of major impulses to the development of signal 
processing, fuzzy wavelets have been proposed [6] [7] 
[10], especially, for image compression/reconstruction 
problem, two fuzzy wavelets have been proposed. First 
one is to formulate image compression/reconstruction 
problein as two dimensional signal interpolation prob-
lem by fuzzy systems (e.g., Takagi-Sugeno fuzzy sys-
tem) [11] (12]. Second one is to formulate formu-
late fuzzy wavelets based on fuzzy relational calcu-
lus by a fuzzification of morphological wavelets [3] 
[4]. The morphological wavelets employ ordered op-
erations (max, min, median etc) which are mainly used 
in fuzzy relational calculus, therefore, second style of 
fuzzy wavelets is more natural interpretation of fuzzy 
wavelets. This paper proposes a dual style of fuzzy 
wavelets by employing dual operations in the conven-
tional fuzzy wavelets [9] . Furthermore, in order to per-
form effective compression/reconstruction of images, a 
soft-thresholding defined by an alpha-band which is a 
generalization of alpha-cut [2], is proposed. By using 
the proposed alpha-band, a human subjectivity can be 

Figure 1: Overview of analysis and synthesis scheme 

applied to image compression/reconstruction, and the 
conventional fuzzy wavelets [11] [12] does not its capa-
bility. 

In Section 2, the morphological wavelets are for-
malized. Section 3 presents the fuzzification of the 
morphological wavelets . and its dual style To per-
form image compression/reconstruction efficiently, a 
concept of soft-thresholding is presented as the con-
cept of alpha-band. In Section 4, the effectiveness of 
the soft-thresholding is shown through the experiment 
of compression/reconstruction using test images ex-
tracted from Standard Image DataBAse (SIDBA). Fur-
thermore, differences between the proposed dual fuzzy 
wavelets and the conventional one are also shown. 

2 Morphological Wavelets 

2.1 Analysis and Synthesis by Morpho-
logical Wavelets 

Let Vj and Wj be the signal space at level j and the 
detail space at level j, respectively. Signal analysis con-
sists of decomposing a signal in direction of increasing 
j by means of signal analysis operators : Vj Vj+ 1 , 

and detail analysis operators : Vj Wj (Fig. 1). 
We have addition and subtraction operators +, 

on Vj such that = x 2 , for x1 ,x2  E Vj. 
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Given an input signal xo E Vo, we consider the follow-
ing recursive signal analysis scheme, called the pyramid 
transform: 

where 

and 

xo {xi,Y0}-+ {x2 ,y l , Y 0 }   . . .
· · · (1) 

(2) 

(3) 

The original signal xo E V0 can be exactly recon-
structed from Xk+l and yo, .. , Yk b y means of the 
backward recursion Xj = = k,k-
1, · · · , 0. The two dimensional case is as follows. By 
n, 2n we denote the points (m,n),(2m,2n) E Zx x Zy, 

Zx = {1,2, ... ,Zx}, Zy = {1,2, ... ,Zy}, respec-
tively, and by 2n+, 2n+, 2nt the points (2m + 1, 2n), 
(2m, 2n+1), (2m+1, 2n+1), respectively. The analysis 
operators are defined as 

T (n) 
(n) 

x(2n) ^ x(2n+) ^ x(2n+) ^ x(2nt), 

(4) 

where the operator ^ denotes 'min' and 
represent the vertical, horizontal, and diagonal detail 
signals, given by 

wh(x)(n) 

1 = (x(2n) - x(2n+) +x(2n+) -x(2nt)), 

1 
= (x(2n)- x(2n+) +x(2n+) -x(2nt)), 

1 
= (x(2n) - x(2n+)- x(2n+) - x(2nt)). 

(5) 

The synthesis operators are given by 

= 

= x(n), (6) 

and 

= + V + 
v(yh(n) V 

V 
V{ -yh(n)- V 0, 

= V 
v(yh(n)- V 0, 

= V (yd(n) -
V(yd(n) - V 0, (7) 

where the operator V denotes 'max' and we write y E 
W1 as y = (Yv,Yh,Yd)· 

Example) 
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x(2n) Wavelet Y.(nl 
Transform 

Figure 2: Two-dimensional wavelet transform an input 
signal x to a scaled signal x1 and the vertical, horizon-
tal, and diagonal signals, Yh, Yd, respectively. 

The original image 'Lenna' and the corresponding de-
composed images obtained by Eqs. (4)- (7) are shown 
in Fig. 3. Figure 3 (right) corresponds to the signal 
and detailed image. The histogram of frequency with 
respect to intensity of signal space x1 , horizontal space 
Yh, vertical space yv, diagonal space Yd, are shown in 
Figs. 4 and 5. 

Figure 3: Original image 'Lenna' (left) and the decom-
posed image (right) 

Figure 4: Frequency histogram with respect to inten-
sity, X1 (left), yv (right) of 'Lenna' 

2.2 Image Compression and Recon-
struction by Thresholding 

In the case of the wavelets, an image compression and 
reconstruction can be achieved by thresholding the fre-
quency histogram shown in Fig. 6. The thresholding 
of the histogram corresponds to replacing the pixels 
which are greater/smallerthan the upper/lower thresh-
old value by zero. It is called a hard thresholding. The 
larger the width of between upper and lower threshold 
values, the better quality of the reconstructed images, 
however the larger the size of compressed image, and 
vice versa. 
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Figure 5: Frequency histogram with respect to inten-
sity, Yh (left}, Yd (right} of 'Lenna' 

Frequency 

! 

.... 
tooo 

' ! ... 
0.0 

Frequency 

Threshold 

0.0 

1.0 
Brightness Level 

! 

1.0 
Brightness Level 

Figure 6: Thresholding of histogram, before (upper), 
and after (lower) 

3 Dual Fuzzy Wavelets 

3.1 Fuzzification 
wavelets 

of morphological 

By using a normalization of the original image x0 E V, 
of the size Zx x Zy, i.e., normalizing the range of the 
brightness level {0, ... , 255} into a closed unit interval 
(0, 1] (= U), the original signal x0 can be embedded 
in fuzzy relation x0 E F(Zx X Zy),  Zx = {1, ... , Zx}, 
Zy = {1, ... , Z y }  (Fig. 7) [5] [8] The transformed sig-
nals ... ,yo} also correspond to fuzzy 
relations by normalizing the brightness level into U. 

The analysis/synthesis schemes (defined as Eqs. (1) 
- (7) based on ordered operators) c a n  be used in the 
setting of the fuzzy relations. The fuzzy relational cal-
culus mainly employ the ordered operators (min, max, 
etc) to deal with fuzzy relations, therefore, this fuzzifi-
cation of morphological is more natural interpretation 
of fuzzy wavelets. 
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Intensity 

255 

Original Image 

Embedded -
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R(x.y) 

1.0 

Fuzzy Relation 

Figure 7: Original Image Representation by Fuzzy Re-
lation 

3.2 Formalization 
wavelets 

of dual fuzzy 

In the case of conventional fuzzy wavelets, analysis and 
synthesis scheme are performed by using min (Eq. (4)) 
and max (Eq. (7)) operations, respectively. By employ-
ing dual operations of the conventional fuzzy wavelets, 
a dual style of the fuzzy wavelets is proposed. The 
analysis operators are defined as 

(n) = x(2n) V x(2n+) V x(2n+) V 
= 

(8) 
where the operator V denotes 'max' and 
represent the vertical, horizontal, and diagonal deta.il 
signals, given by 
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1 
(x(2n)- x(2n+) + x(2n+)-

1 
2 (x(2n)- x(2n+) +x(2n+) -

= (x(2n)- x(2n+) - x(2n+)-

(9) 
The synthesis operators are given by 

- = 
= = x(n), (10) 

and 

= (yv(n) + Yh{n)) /\ (y.,(n) + Yh(n)) 
^(yh(n) + Yd{n)) /\ 0, 

w!(y)(2n+) = (y.,(n) - Yh(n)) /\ (y.,(n)- Yd(n)) 
/\(-yh(n) - Yd(n}) /\ 0, 

= (Yh(n)- yv(n)) /\ (y.,(n)- Yd(n)) 
^ (yh(n)- Yd(n)) /\ 0, 

= -(y.,(n)- Yh(n)) ^ (yd(n)- yv(n)) 
^(yd(n)- Yh(n)) /\ 0, {11) 

where the operator/\ denotes 'min' and we write yE 
W1 as y = (yv, Yh, Yd)· 
Example) 

The original image 'Lenna' and the corresponding de-
composed images obtained by Eqs. {8) - (11) are shown 
in Fig. 3. Figure 3 (right) corresponds to the signal and 
detailed image. 
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Figure 8: Original image 'Lenna' {left) and the decom-
posed image (right) 

3.3 Hard Alpha Band {Hard Thresh-
olding) 

The hard alpha-band is a sub-closed interval of U de-
fined as 

c U, {12) 

where U). 

By using the hard alpha-band, the thresholding of 
the fuzzy relation x0 is performed as follows: 

{n) = { xo(n) if xo(n) E 
0 0 o t h e r w i s e .  {13) 

The filtering process based on the hard alpha-band is 
equivalent to the ordinal hard-thresholding as follows: 

flist (u) = { if u (14) 
0 otherwise, 

where H istx0 denotes the frequency histogram of the 
pixels of the fuzzy relation xo with respect to the bright-
ness level u. This correspondence is shown in Fig. 9. 
Through the thresholding by Eqs. (13) and (14), the 
processed fuzzy relation xo is obtained. The image 
compression/reconstruction can be achieved by apply-
ing an entropy coding [13] [14] [15] to the processed 
fuzzy relation xo. 

3.4 Soft Alpha B a n d  (Soft Threshold-
ing) 

In the case of hard thresholding, all pixels which are are 
greater/ smaller than the upper /lower threshold value, 
are replaced by zero, however, to remain some pixels 
yields to improve the quality of reconstructed image. 
To achieve such the thresholding, i.e., a soft threshold-
ing is proposed based on a soft alpha-band. The soft 
alpha-band is defined by two fuzzy number as 

( - (!) -(c) -(u)) a1 ,a1 ,a1 , 

- (c) au ,au ' 
(15) 
(16) 

where c), and denote the lower bound, the 
center point, and the upper bound of the fuzzy number 

respectively, and the example is shown in Fig. 10. 
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Figure 9: Correspondence of the filtering of fuzzy relation 
(upper) and histogram {lower) 

Figure 10: Example of definitions of fuzzy number of alpha-
band (left) and interval (right) 

By using the soft alpha-band, the filtering of the 
fuzzy relation x 0 is performed as follows: 

{ 

xo(n) if xo(n) E 

= Softz(xo(n)) xo(n) E 
xo(n) E 

otherwise, 
(17) 

where and produce xo(n) 
with being the probability p E [0, 1] defined as 

{ 
- (cl _ if 

p = a 
if Softu(xo(n)). 

{18) 

The proposed soft thresholding can improve the qual-
ity of the reconstructed image compared with the hard 
thresholding. The other types of fuzzy numbers (Gaus-
sian etc) are used as the bound of the alpha-interval. 
The fuzzy set theory can be applied to the soft thresh-
olding expressed by the fuzzy numbers, and many im-
provements also may be proposed in terms of the hu-
man perspectives and subjective. 
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Figure 11: Correspondence of the soft filtering of fuzzy 
relation (upper) and h i s t o g r a m  {lower) 

4 Experimental Comparisons 

4.1 Comparison of Soft and Hard-
thresholding in Fuzzy Wavelets 

In the experiment of image compression and recon-
struction, a comparison of the hard thresholding and 
the soft thresholding is performed, where the analy-
sis and synthesis schemes are performed by Eqs. {4) 
- (5), and Eqs. {6) - (7), respectively. The con-
ditions of the soft thresholding are defined as condi-
tion 1 : = c) - 0.04, + 0.04), = 

- 0.04, + 0.04), condition 2 : = c) -
0 08 -{c) 08} (-{c) 0 08 -(c) 08) . , , . ' = - . , , . , 
and condition 3 : = c) - 0.12, + 0.12), 

= - 0.12, + 0.12), respectively. The 
test image of the size 256 x 256 pixels is shown in Fig. 
3. 

Figure 12 shows the result of measurement of Root 
Mean Square Errors (RMSE) with respect to the file 
size of compressed image, where the file size is adjusted 
by changing the values and As can be seen 

RMSE 
30 

25 

20 

15 

10 

35000 40000 -45000 50000 55000 60000 &5000 70000 75000 

File Size of Compressed Image 

Figure 12: RMSE comparison with respect to the file 
size of compressed image (original image= Lenna) 

Volume 8, No. 3 

form Fig. 12, the effectiveness of the soft threshold-
ing (specially, the condition-3) is confirmed. Figure 13 
shows the reconstructed images obtained by the hard 
thresholding and the soft thresholding with the com-
pression size being the same. It is confirmed the effec-
tiveness of the proposed thresholding as shown in Fig. 
13. 

Figure 13: Reconstructed images, hard threshold {left: 
RMSE = 21.23), soft threshold with condition 3 (right: 
RMSE = 18.53) 

4.2 Comparison 
thresholding 
Wavelets 

of Soft and 
in Dual 

Hard-
Fuzzy 

This subsection shows experiments of image compres-
sion and reconstruction in order to compare the hard 
and soft thresholding of the dual fuzzy wavelets, where 
the analysis and synthesis schemes are performed by 
Eqs. (8) - (9), and Eqs. (10) - (11), respectively. The 
conditions of the soft thresholding are defined as con-
dition 1 : = c) - 0.04, + 0.04), = 

- 0.04, 0.04), condition 2 : = 
0.08, c), c) +0.08), = -0.08, +0.08), 
and condition 3 : = 0.12, c), + 0.12), 

= - 0.12, + 0.12), respectively. The 
test image of the size 256 x 256 pi.xels is shown in Fig. 
3. 

Figure 14 shows the result of measurement of Root 
Mean Square Errors (RMSE) with respect to the file 
size of compressed image, where the file size is adjusted 
by changing the values and As can be seen 

RMSE 

20 

Thresholding {Cond. 1 

Hard Thresholdlng 

Soll lhresholding{Cond.2)J 

l 15 

Soft Thresholdlng (Cond. 

File Size of Compnessed Image 

Figure 14: RMSE comparison with respect to the file 
size of compressed image (original image = Lenna) 

form Fig. 14, the effectiveness of the soft threshold-
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ing (specially, the condition-3) is confirmed. Figure 15 
shows the reconstructed images obtained by the hard 
thresholding and the soft thresholding with the com-
pression size being the same. It is confirmed the effec-
tiveness of the proposed thresholding as shown in Fig. 
15. 

Figure 15: Reconstructed images, hard threshold (left: 
RMSE = 17.65}, soft threshold with condition 3 (right: 
RMSE = 15.71} 

4.3 Comparison of Fuzzy Wavelets and 
Dual Fuzzy Wavelets 

In this subsection, a comparison of the conventional 
fuzzy wavelets with the proposed dual fuzzy wavelets 
is shown. The conventional fuzzy wavelets (9].and dual 
fuzzy wavelets correspond to "min fuzzy wavelets" and 
"max fuzzy wavelets'' , respectively. The original test 
images and the corresponding histograms are shown in 
Figs. 16- 19. Figures 20- 23 show the RMSE compar-
ison with respect to the file size of compressed image, 
respectively. From the RMSE comparison of Figs. 21 
and 22 (correspond to the compression and reconstruc-
tion results of Figs. 17 and 18) we confirm that the 
performance of the dual fuzzy wavelets is better than 
that of the conventional fuzzy wavelets, due to the pix-
els distributed in higher brightness range. On the other 
hand, in the case of Fig. 19 with the pixels distributed 
in lower brightness range, we confirm that the perfor-
mance of the conventional fuzzy wavelets is better that 
of the dual fuzzy wavelets. 

5 Conclusions 
A dual concept of fuzzy wavelets has been proposed 
by employing dual operations of the conventional 

Figure 16: Original Image 'Lenna' and corresponding His-
togram 

Aust. Journal of Intelligent Info. Processing Systems 

Figure 17: Original Image 'Airplane' and corresponding 
Histogram 

.. 
Figure 18: Original Image 'Boat' and corresponding His-
togram 

Figure 19: Original Image 'Text' and corresponding His-
togram 

RMSE 
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Min Fuzzy Wavelets _j 
(Conventional) 

F i l e  Size of Compressed Image 

Figure 20: RMSE comparison with respect to the file 
size of compressed image (original image= Lenna) 
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Figure 21: RMSE comparison with respect to the file 
size of compressed image (original image = Airplane) 

RMSE 

12 
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Min Fuzzy Wavelets 
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Figure 22: RMSE comparison with respect to the file 
size of compressed image (original image = Boat) 

RMSE 
35 

25 

15 Min Fuzzy Wavelets 
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Max Fuzzy Wavelets 
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File Size of Compressed Image 

Figure 23: RMSE comparison with respect to the file 
size of compressed image (original image = Text) 
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fuzzy wavelets. The analysis/synthesis and compres-
sion/reconstruction of the original image are formu-
lated based on the fuzzy relational calculus. In order to 
perform an efficient compression/reconstruction in the 
proposed dual fuzzy wavelets, a soft threshold scheme 
has been presented by using an alpha-band of the 
fuzzy relation which is equivalent to the original image. 
Through the experiment using test image extracted 
from SIDBA (Standard Image DataBAse), it has been 
confirmed that the effectiveness of the proposed soft 
threshold scheme in the dual fuzzy wavelets. Further-
more, a comparison of the proposed fuzzy wavelets with 
the conventional fuzzy wavelets has been performed by 
using test images of SIDBA. In the comparison, the 
dual fuzzy wavelets are better than that of the fuzzy 
wavelets under the condition that the pixel of the orig-
inal image are distributed in higher brightness range, 
whereas, in the_ case of the pixel of the original im-
age are distributed in lower brightness range, the fuzzy 
wavelets are better th_an that of the dual fuzzy wavelets. 

The fuzzy wavelets based on ordered structure can be 
extended by using the different operations, i.e., median, 
or other rank operations and it will be a future study. 
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Abstract 

Relevance feedback has gained much interest from 
researchers in the discipline of content-based image 
retrieval (CBIR). However, such approach is rarely used 
in the content-based medical image retrieval (CBMJR) 
systems. This paper reviewS current CBMIR systems and 
discusses the possible applications of relevance feedback 
and intelligent technologies in the perspective areas of 
research for these systems. As a pilot study, this paper 
paves the ground work and provides a starting point of 
future research 

1 Introduction 
Over the last few years, images have become one of the 
most popular ways of storing information. In some 
situations, it is a better alternative than text-based 
documents for capturing and representing the information. 
With the introduction of digital cameras, scanners, world-
wide-web (WWW} and cheap data storage, the a m o u n t  of 
infomiation in image format has grown · exponentially. 
While this presents a wealth of information, however, it 
also causes a great problem in retrieving appropriate and 
relevant information during searching. This has resulted in 
the growing interest in content-based image retrieval 
(CBIR) system. 

One of the active areas of research in CBIR is the use of 
different approaches in bridging the gap, semantically and 
visually, between queries constructed by users and the 
target search items. One of the problems for any CBIR 
systems is the users' inability to construct queries which 
correctly represent the true intention of their need. Over 
the past 3 - 5 years, literatures related to this area of 
research have been growing in a rapid rate, but most of 
these publications have been aimed at the general domain 
systems. Only a handful of reports have targeted domain 
specific image retrieval systems. A content-based medical 
image retrieval (CBMIR) system is typical example of a 
domain-specific retrieval system. 
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During the past two decades, the · development of new 
niodalities such as Computed Tomography (CT), Magnetic 
Resonance Imagining (MRI), and Picture Archiving and 
Communication Systems (PACS) have resulted in an 
explosive growth in the number of images stored in 
databases. Until recently, textual index entries are 
mandatory to retrieve medical images from a hospital 
image archive system. However, the development of CBIR 
techniques has not only created new possible ways of 
retrieving images, but also opened out opportunities for 
other related applications. 

It is however simplistic to consider that one can directly 
apply a generic CBIR system to a medical image database. 
In fact, many have regarded medical images as a unique 
field which poses its special characteristics which have 
attracted attention from many rcsearchers. 

In this study, it is intended to introduce to the readers the 
characteristics and the development trend of CBMIR 
systems from the perspective of one whose background is 
of CBIR systems . . In particular, attention will be focused 
on the applications of relevance feedback and intelligent 
technologies such as neural networks for medical image 
databases. The paper will begin with a discussion on the 
characteristics of medical image databases, the 
applications of CBMIR systems and the overall framework 
of such systems. The paper will be followed by an in-depth 
discussion on the applications of relevance feedback on 
CBMIR systems. Applications of intelligent technologies 
will also be touched upon. Finally, the paper concludes by 
summarising" the development trend of CBMIR systems 
and how relevance feedback may be applied. 

2 Characteristics of Medical 
Image Database 

First of all, three characteristics of medical image database 
are identified. Each of these characteristics of the system 
presents a different challenge to the research community. 
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The following sub-sections provide a more detailed 
discussion on the characters of the CBMIR systems. 

2.1 Heterogeneity 

Medical image is only a general phrase and used by many 
to describe images which captured information about the 
human body. It is actually a broad discipline that consists 
of image classes such as photography (e.g., endoscopy, 
histology, dermatology), radiographic (e.g., x-rays), and 
tomography (e.g., CT, MRI, ultrasound). It imposes 
unique, image-dependent restrictions on the nature of 
features available for abstraction. Each of the image 
classes possesses its unique characteristics in terms of size, 
shape, colors and texture of the region of interest. Thus, 
the visual appearance of the same organ or part of the 
human body will be interpreted differently under different 
modalities. Furthermore, it is also possible that the interest 
in the same image may depend on different users or 
systems and for different applications. Thus, it is not 
difficult to deduce that appropriate approaches will be 
required for different modalities, systems and application. 
These approaches may include the change of design of 
user interfaces, indexing structures, feature extraction and 
query processing units for diverse applications. 

2.2 Imprecision 

Imprecision has been a problem for the CBIR systems. 
Likewise, CBMIR systems suffer the same problem. 
Tagare et al. [20] have identified three components in 
impreclSlon, i.e., semantic imprecision, feature 
imprecision, and signal imprecision. Semantic imprecision 
is the inability to precisely articulate medical concepts via 
medical terms. This is sometime due to the use of non-
standardized dictionary in the medical profession, or quite 
possibly, the use of same term but under different context. 

Feature imprecision is the inability of agreeing the 
observation of an image by different observers. It is quite 
common for different medical experts to have different 
opinion about a case based on their areas of expertise and 
experience. Thus, the retrieval of images base on the 
image semantic content becomes relatively subjective. 

Lastly, signal imprecision is related to the quality of 
information captured by the image. It is important to point 
out that in this case it may not be caused by the quality or 
the resolution of the image, but more than likely, it is due 
to the nature of the information captured. Quite often, it is 
rather difficulty for the system to automatically identify 
the boundary of the object of interest. For instance, 
marnmograms as shown in Figure 1 are often difficult to 
identify the boundary of the breast, a special approach has 
to be applied [2] for extracting the shape feature of the 
breast. 
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Figure l: Two mammograms obtained from MIAS [24] 
database. Both images show that the boundaries of the 

breasts are not clearly defmed. 

2.3 Dynamism of Indexing Structure 

As described in the previous section, the human 
interpretation of a medical image may vary from person to 
person. The interpretation of an image from the same 
person may also change as the person gains more 
experience. Thus, the area of interest for the same image 
may change as the interpretation of the image changes. For 
systems that index images by their s e m a n t i c  contents or 
the visual features of the area of interest, such changes 
may result in a need to modify the indexing structure in 
order to adapt to the user's knowledge. However, 
traditional indexing structures reported so far are static. 
The process of re-organizing the indexing structure is 
mostly manual driven. Hence, a significant overhead is 
included. Ideally, the indexing structure for medical 
images should be dynamic while keeping the overhead for 
re-organ1zmg the indexing structure to minimal. 
Preferably, very little manual interaction should be 
required. 

3 Applications 
Medical imagery is an exciting field for researchers of 
CBIR. It not only contains vast amount of image resources 
that the researchers can work on, it also provides practical 
applications that research theories can be applied to. Due 
to these reasons, there has been a steady growth in 
developing medical applications with the use of CBIR 
techniques. The CBMIR systems are grouped into two 
categories mostly according to their input data format and 
to a certain extent, the domain scope of their applications. 

Traditionally, there are two standard approaches in 
querying the system, namely, query by keywords or image 
examples. In query by example, diagnostic system is one 
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of the applications where many researchers have been 
focusing on. As the name implies, the output from these 
systems is the diagnostic result derives from the system's 
input image. Until now, the systems reported have only 
been designed to support specific medical tasks such as 
retrieval of tumour shapes in mammograms [5], 
identification of lung disease from computed tomography 
[16], differentiation of Mantle Cell Lymphoma (MCL) 
from Chronic Lymphocytic Leukaemia (CLL) or Follicular 
Center Cell Lymphoma (FCC) using pathology images [3], 
and retrieving of spine in the x-ray database [10]. All these 
systems are designed to query by image. The region of 
interest for the input image is partially or automatically 
selected by the system. Manual interaction is required 
when the image resolution is low, or with an inability of 
applying image models to capture the visual features in 
interest. It is worth noting that some authors are quite 
cautious in using the term "diagnostic" for their proposed 
systems. Instead, these authors prefer to call them decision 
support system. 

In addition to the computer aided diagnostic systems, Liu 
et al. [9] have developed a teaching assistant system for 
tomographic images for lung diseases. This system allows 
the professor to select images with similar texture but may 
be not belonging to the same disease. The objective is to 
teach interns to learn how to distinguish various disease 
images with similar texture. 

Currently, the tradition picture and archiving image system 
(PACS) is used for searching medical images in many 
hospital or clinical systems. The images stored in the 
P A CS system are normally organized according to their 
semantic content, or by patient's details, or, other related 
information. Systems that allow the users to retrieve 
images via the patient's details and other related 
information are nomially based on the patients' history. 
Over the past few years, researchers have began to take a 
closer look at the possibility of applying CBIR to the more 
traditional clinical image systems such as the PACS. The 
main goal behind these research efforts is to develop a 
system which can semi/automatically and accurately 
retrieve and classify images according to their visual or 
even semantic content. To our knowledge, most of the 
researches are still in proposal stage, only a few systems 
are partially implemented [8, 12, 13]. 

4 Architecture Overview 

4.1 Overall Framework 

The PACS systems discussed in the previous sections are 
rather simple as a content-based image retrieval system. At 
the minimum, a CBIR should consist of components as 
depicted in Figure 2. Clearly, the PACS systems lack the 
system module for feature selection, and quite possibly the 
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images are indexed . by a very simple one-dimensional 
structure grouped by the label given to the images. 

Diagnostic systems reported so far are only designed for 
very specific application. It may not be possible for such 
systems to transfer to other medical applications. The 
reason is obvious, different diagnostic system uses 
different visual features for identifying different medical 
cases. Thus, the feature extraction approach for each 
system will be different. Often, such systems are also 
static, implying that a significant overheard is required for 
a visual feature to be added, deleted or modified. 
Furthermore, the indexing structure applied for these 
systems are often not targeted for a large database and 
defmitely not for image browsing. 

Figure 2: A possible framework for CBIR 

Tagare et al. [20] have identified several necessities for 
CBMIR systems: (a) non-textual indexing, (b) customized 
scheme, (c) dynamic modules, (d) similarity modules, (e) 
comparison modules, (f) iconic queries, (g) descriptive 
language, (h) multi-modality registration, (i) image 
manipulation. Researchers have generally viewed these 
necessities as the guideline for building a more complete 
CBMIR system. 

The system proposed by Mojsilovic and Gomes (12] is one 
of ·the first systems reported for · attempting to build an 
integrated system for medical image indexing and 
browsing. The system categorized the images by 
identifying different perceptual characteristics of different 
medical modalities. Different image processing techniques 
were then applied to extract visual features such as colour 
composition, texture, shape and etc for identifying 
different modalities. 

Lehmann et al. [8] have proposed an image classification 
framework called Image Retrieval in Medical Application 
(IRMA). This framework has the potential of answering 
every system requirements as listed by Tagare et al [20]. 
IRMA is a multi-layer framework that provides separate 
layers which include: identification of image categories, 
extraction of image content and local features, indexing 
images based-on their semantic content and image retrieval 
on the semantic level. 
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4.2 CBIR vs CBMIR 

One of the major differences between the domain specific 
framework, such as the IRMA project as mentioned in the 
previous section, and the more traditional CBIR 
framework [ 17] is that this framework uses prior 
knowledge of different medical modalities to determine 
the content of the images. Readers should not 
underestimate such mentality shift. The knowledge applies 
in the design and implementation of retrieval systems for 
narrow domain application can prove to be a major 
difference between the two types of systems. For instance, 
medGIFT [14], a CBMIR system used in daily clinical 
routine in the university hospital of Geneva, is an 
adaptation from the free-of-charge CBIR system GIFT 
(GNU Image Finding Tool) [18]. The modification was 
mainly made in the colour model used in processing the 
images. The modified system reduced the number of 
colours while increased the number of grey levels to 
accommodate for the predominantly greyscale medical 
images. This small change resulted in a better retrieval 
result and it is only possible with the prior knowledge 
about the images in the database. 

In most of the generic CBIR systems, colour is the most 
common used visual feature used in describing images, 
and some systems also use simple statistic texture analysis 
to describe the "smoothness" of an image. It is extremely 
difficult for these systems to apply the more complex 
image analysis models, such as shape detection and texture 
segmentation, to further analyse the images. As for the 
CBMIR systems, it is quite common for these systems to 
use texture and shape to perform more abstract -analysis 
such as segmentation of different texture or colour regions 
and establishing spatial relationship between 
objects/regions of interest. For example, Liu et al. [9] used 
Fourier transform to calculate the texture property and 
spatial relationship between the regions of interest for the 
classification of different CT images according to the lung 
diseases. 

5 Relevance Feedback 
During the last few years, researchers have introduced 
relevance feedback into image retrieval systems and since 
then there have been a dramatic increase in literature 
reporting the applications of relevance feedback in CBIR 
systems [15]. The reason being the interpretation of an 
image can be very abstract and the interpretation varies 
between users of different backgrounds. Relevance 
feedback provides an elegant approach in bridging the gap 
that exists between the high level semantics in the human 
mind and the low level features managed by machines. 

In the following sub-sections, a general overview of 
relevance feedback is provided. The focus of the 
discussion is not on the techniques developed for relevance 
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feedback. Interest readers should refer to [19, 23] for a 
comprehensive review on these techniques. Instead, the 
attention is turned to providing readers with a basic 
understanding of the methodology and how it can apply to 
CBIR or more specifically CBMIR framework. This 
subsequently leads to the use of intelligent technologies for 
this application. 

5.1 Basic Idea of Relevance Feedback 

Relevance feedback is a strategy that invites interactive 
inputs from the user to refme the query for subsequent 
retrieval. This approach generally starts from prompting 
users to search the system via keywords, image examples 
or a combination of both. The system then prompts the 
user to select the relevant images from the search result. 
After the user selected the images, the system will refme 
the oiiginal query by analysing the common features 
among the selected images. This process is continued 
iteratively until the target is found. The selection of the 
common features will be most appropriate for the 
applications of intelligent technologies such as neural 
network and fuzzy logic. Evolutionary computation 
techniques could also be used in optimising the process. 

5.2 Characteristics of Relevance 
Feedback 

Relevance feedback is an approach designed to learn from 
the user's behaviour through the feedback and interactive 
manner. In this proposed study, three characteristics of this 
approach have been identified. The characteristics are as 
follow: 

• Small sample data. Typically, users do not have the 
patience to iterate through many cycles of retrieval 
result to fme tune the query. The size of training data 
is generally small. Hence, the technique used to 
implement relevance feedback has to be able to handle 
small set oftraining data. The singularity issue arises 
when the number of training examples is smaller than 
the dimensionality of the feature space. 

• Type of training sample. Different techniques may 
require different type of training data, but the 
techniques can be grouped according to the way 
sample data is labelled. In general, we can label the 
data in yes/no fashion, more commonly known as 
binary data, or rank the data via certain criteria. In 
binary input, some techniques only require the binary 
feedback for positive examples. In some other 
examples, negative examples are also required. As for 
the ranking feedback, the algorithms are more 
interested in the degree of relevancy or irrelevancy 
amount the feedback images. For instance, "image A 
is more relevant to the target image than image B and 
C." 
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• Real time processing. For practical reasons, the 
techniques applied to the analyses of the input images 
and the feedback result has to be sufficiently fast. This 
is to allow the user to interact with the machine on 
real time basis. 

6 Applications of Relevance 
Feedback and Intelligent 
Technologies in CBMIR 

In Section 3, it is observed that the current CBMIR 
systems are mostly used for education & decision support 
purposes. Most of these systems do not implement 
relevance feedback or only uses relevance feedback in a 
very limited way. For instance, ASSERT system 
implemented and designed by Shyu et al. [16] only uses 
one feedback iteration to retrieve the targeted image. In 
fact, only a few of the applications reported utilise the 
learning and classification abilities provided by the 
relevance feedback approach. 

In CBIR systems, relevance feedback is often used to 
narrow the scope of the user's intention. To a certain 
degree, this is less of an issue for a more defme and 
narrow domain retrieval system such as the decision 
support systems. However, it is also true that these systems 
are no way close to satisfying the essential features that are 
listed by Tagare et al. [20]. Relevance feedback will be a 
useful compliment to systems with a more dynamic 
framework such as one proposed by Tagare et al. [20] and 
Lehmann et al. [8]. 

The following is a brief discussion on the applications of 
relevance feedback in different part of the CBIR 
components as depicted in Figure 2. Each sub-section 
will begin with current trend of the technology in CBMIR 
systems and followed by · -a discussion of the possible 
applications of relevance feedback and intelligent 
technologies in each of these components. 

6.1 Query Processing 

Query processing, in any content-based retrieval systems, 
is a module between the user interface and the indexing 
structure. It acts as a module to bridge the semantic gap 
between the user's input and the actual query applied to 
the database. In shorts, it converts the user input into a 
feature vector to be applied for searching through the 
index tree. Thus, t h e  approach applies to this component is 
tightly coupled with the design of the user interface and 
the image indexing structure employed by the system. 
Hence, issues such as polysemy and synonymy associated 
keywordls, and the interpretation issue associated with 
image example, is mostly handled by this module. Natural 
Language Processing (NLP) coupled with fuzzy logic will 
be applicable in this stage for initial filtering and 
processing of the queries. 
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6.1.1 Query By Keyword 

One of the biggest challenges facing researchers in query 
with keywords is the ability to accurately represent the 
user input by the system-constructed query. One of the 
major reasons for the low accuracy of the search result is 
caused by misrepresentation and misinterpretation by the 
system in interpreting the user's query. To a large degree, 
this is caused by the expressive nature of human language. 
Polysemy (word with multiple meanings), synonymy 
(different words with same meaning) and context 
sensitivity of a word or phrase are the primary reasons for 
the miss-interpretation of user inputs. In a narrow domain, 
these problems can be partly dealt with by applying 
techniques such as word dictionary, word stemming or 
thesaurus to reduce the ambiguity caused by the keywords. 
However, there are no CBMIR system to our knowledge 
that allows the user to construct approximate query with 
phrases such as "looks like", "more red" or more even 
complex combination query such as "retrieve 5 images that 
looks 30% like the input image". Clustering and 
classification will be necessary in here to identify the 
keywords and build up the profiles. Semantic relationships 
of the keywords can also be expressed in tree structure and 
used for decision making and fuzzy techniques could again 
be applied. 

6.1.2 Query By Image 

In recent years, with the advancement of image processing 
techniques, query by image example has emerged as a 
popular option for constructing searches in CBMIR 
systems. Reason being, query by image example can 
avoid the ambiguity issue surrounding with keyword 
query. Some systems also provide options for user to 
specify the relative importance of each feature in the 
image, or functional · features to let the user to manipulate 
the input image. All these extra options are designed for 
constructing queries that have a better representation of 
users' intention. 

In query by image example, the query is constructed by 
extracting the relevant features from the input image and a 
search vector that uses these features. Weights can also be 
assigned to fme tune the importance of each element in the 
feature vector. Depending on the application, the weights 
of the feature vector can be explicitly assigned by users, or 
assigned by system through a system defmed rule or 
relevance feedback from the user. The use of evolutionary 
computation techniques can be applied to fmd optimal 
representation of the weights and vectors in order to 
provide a more accurate search and retrieval. 
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6.1.3 Relevance Feedback 

In relevance feedback, query ambiguity can be minimised 
by refilling the query through user interaction. In general, 
there are three ways ofrefming query: 

• Query Point Movement. The basic idea of this 
approach is to move the query point closer to the 
target and away from the non-relevant examples. This 
is essentially re-adjusting the distance function for the 
query point. 

• Re-weighting. This approach is to cover the target 
images by increasing the value, i.e. the weight, of the 
important features while reducing the value of the 
non-relevant feature. If a vector is used for 
representing the feature space, then this merely 
becomes parameter adjustment along the line of 
independent axis weighting in the feature space. 

• Query expansion. Such approach can be regarded as a 
multiple-instances sampling approach. This is mostly 
done by expanding the query to cover the neighbour 
images of the subsequent feedback from the user. 

6.2 Feature extraction 

Feature extraction is the core feature of any CBIR systems. 
This module is either directly or indirectly related to all the 
different components in a CBIR system. In fact, the 
selection of the indexing structure and design of the query 
processing unit is directly affected by this module. 

Comparing to the general domain retrieval system, the 
features selection process for the current CBMIR systems 
tends to be straightforward. Domain specific applications 
such as diagnostic systems [5, 10, 16] can apply their 
domain knowledge to assist the selection of important 
features required in identifying the disease, tumour or 
condition that the specialist is interested in. Mojsilovic and 
Gomes [12] also use the knowledge of the visual feature of 
each modality to group the collected images. The process 
of determining features for these applications is mostly 
manual driven. Clearly, this is not acceptable if the system 
is to be more dynamic. 

Again, relevance feedback can be used to "learn" about the 
important features exist among the return images selected 
by the user as "relevant" or "non-relevant". The IRMA 
framework [7, 8] is using relevance feedback together with 
the region of interest approach to analyse the common 
features exist among the class of images. More 
importantly, such approach provides the ability to classify 
the images according to the user's personal interpretation. 

Over the last few years, relevance feedback has evolved 
from simple heuristic based weight adjustment techniques 
to become a clustering problem. The perception is to focus 
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more on the feature/s that can cluster the positive 
examples. F o r instance, MacArthur et al. [11] used a 
relevance feedback decision tree to learn the most common 
features present in the query image and images gathered 
from the user's positive feedback together as a class. In 
their experiment, they have successfully classified the high 
resolution computed-tomography (HCRT) greyscale 
images of human lungs into different groups of lung 
diseases. 

As for the more advance techniques, Tieu and Viola [21] 
used more than 45,000 visual features and a boosting 
technique to learn a classification function in this feature 
space. These features were argued to be expressive for 
high-level semantic concepts. In addition, Laaksonen et al. 
[6] have constructed a tree-structured self-organizing map 
(TS-SOM) to dynamically cluster the data during 
relevance feedback. They have used TS-SOMs to index 
the images along different feature axes. This approach 
requires the positive and negative examples to be mapped 
on to positive and negative impulses on the map and a 
low-pass operation is used to analyse and extract features 
with high discriminatory power. 

One can also treat the feature selection process as a 
statistic estimation problem. Over the last few years, 
Bayesian learning [4, 22] has been one of the most 
prominent and promising techniques applied to relevance 
feedback. The basic idea of such learning algorithm is to 
use the feedback cycle to estimate the important common 
image features select by the users, and predict the 
appropriate class/es of images for the next retrieval cycle. 
Alternatively, Najjar et aL [15] treated the feature 
extraction process as a probability density problem. Their 
feature selection process is based on the mixture models 
and the expectation maximisation (EM) algorithm. In their 
approach, the EM algorithm is used in estimating the 
probability density component of the mixture model. 

Interest readers can refer to reference [23] for a 
comprehensive review on the different relevance feedback 
techniques applied in image feature classification. There 
are certainly plenty rooms for further research on the 
intelligent classification techniques being applied in this 
area. 

6.3 Indexing Structure 

In order to make any CBIR systems truly scalable for large 
size image collection, the images are required to be 
indexed in a systematic manner. In a traditional database 
system, the data is indexed by a search key or combination 
of keys that uniquely identify an individual record. Often, 
a simple one dimensional data structure is adequate for 
indexing the data in such systems. However, images are 
more complex. Attempts to reflect this complexity usually 
results in images being represented by a set of values or 
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attributes, commonly known as the feature vector. When 
images are represented in this manner, each value in the 
set becomes a point in an n-dimensional space, implying a 
multi-dimensional structure is required. 

So far, the research efforts for indexing structures applied 
to CBMIR systems have been mostly revolved around two 
issues, and they are: 

1. What data to be indexed? 

2. How is the data organized? 

These two issues are rather common in database and data 
structure communities. However, with the complexity of 
images and the high dimensionality of the visual features, 
the answers to these two questions may not be as trivial as 
it is for the traditional text database systems. Again, 
intelligent technologies should be explored to provide a 
more effective means to access and manage the database 
through more efficient indexing structures. 

6.3.1 Indexing Value 

The previous section has discussed the possible visual 
features that can be used in indexing the image databases. 
However, visual features are only one of the possible 
features that can be used for indexing images. Depending 
on the application, image index structure can also be 
grouped by keywords, which is a great tool for capturing 
the semantic content of the images. In some cases, the 
image database may be better represented with the 
combination of semantic and visual features. 

Su and Zhang [19] have proposed a relevance feedback 
framework that allows images to be indexed by visual 
features and semantic keywords. The main difference 
between the normal and relevance feedback framework is 
that the later framework allows user to. label the images 
through an interactive feedback manner. An advantage of 
this approach is to utilise the learning capability of the 
feedback framework to semi-automatically classify the 
related images, visually and semantically, into the same 
group. 

6.4 Structure 

Indexing structure has been a key research topic for 
researchers during the past years. This is mostly because it 
is essential to have a fast and .efficient indexing structure in 
order for the database system to be scalable. As for 
CBMIR systems, many researchers have added two 
addition requirements to the system's indexing structure. 
The indexing structure has to be multi-dimensional and 
dynamic. 

Multi-dimensional index is a structure that is often used in 
indexing large and complex data. These data ·include 
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audios, videos, images and etc. Indexing tree is the most 
common used indexing structure for image database, and 
there are different types of indexing trees designed to 
accommodate different query requirements. Reader can 
refer t o  reference [I] for a comprehensive review on the 
difference tree-based indexes available for image data. 

One of the issues in applying indexing tree is the 
dimensionality of the index. The performance of the 
multi-dimensional indexing structure such as popular R-
tree and R *-tree degenerates drastically with an increase in 
the dimensionality of the underlying feature space, this is 
mostly because the trees' fan-out decreases in inversely 
proportional to the dimensionality: To solve this problem, 
one promising approach is to reduce the dimensionality of 
the feature vector by clustering similar features together to 
perform recognition or grouping. As discussed in Section 
6.2, this can also be achieved via relevance feedback and 
appropriate intelligent techniques. 

7 Conclusion and Future 
Development 

This paper has discussed the major components in the 
CBMIR systems and . the applications of relevance 
feedback and intelligent technologies. In this study, it was 
found that relevance feedback strategy is rarely used in 
any of the CBMIR systems that were reviewed. This 
should not be a surprise as the relevance feedback is 
generally used in applications where the domain scope is 
not clearly defined. The systems reported are only for 
diagnostic, decision support or teaching purpose. The 
application for these systems is very specific. Hence, 
relevance feedback is not required for bridging the gap 
between the user and the system. However, one can 
foresee that relevance feedback approach will become 
more . popular among the CBMIR systems when the 
systems move toward a more integrated and dynamic 
framework as proposed by previously Tagare et al. [20] 
and Lehmann et al. [8]. Furthermore, encouraging results 
have akeady been reported in [11, 15]. This paper forms 
part of an initial fmding in the background study of a 
research project and it is expected results from further 
work will be reported in the near future. The aims of our 
research are: 

7.1 Integrated Framework 

To most of the users, they are not trained to browse or 
search images by simply using the low level visual 
features of the target image/s. Similarly, it is extremely 
difficult to represent different classes of images by using 
simple text labelling system. Thus, we believe it is 
necessary to combine both the semantic and visual features 
together for a more meaningful representation of the image 
collections. 
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Figure 3 shows the framework of the CBIR system which 
we aim to implement. It is an extension of Figure 2 which 
is the framework originally developed by Su and Zhang 
[19]. In the original framework, the system supports both 
query by keyword and query by image example through 
semantic network and low-level feature indexing. In 
addition to the semantic search, this annotation 
propagation process also allows the retrieval system to 
accumulate users' feedback information such that images 
with the same semantic content can be labelled and 
grouped. However, the original framework does not 
support the multi-levels feature processing. The same set 
of visual features is used through out the entire image 
collection, as the result certain groups of images may be 
represented by inappropriate set of features. Hence, one of 
our goals is to provide significant enhancements allowing 
feature customisation for different groups of images and 
according to requirements from the users. 

7.2 Intelligent Framework 

As stated in the previous section, we also believe there is 
no single image model that can be used to capture the 
important features of all the different medical modalities. 
Different modality has to be represented by different 
image model. However, with the use of the learning ability 
of relevance feedback together with intelligent techniques, 
it is possible to develop a framework that can 
automatically select the appropriate model for representing 
different modality. Thus, the second goal of this project is 
to develop a semi-supervised framework which has the 
ability to manage and select the most appropriate image 
model!s for representing and capturing the important 
features of each individual different class of images. This 
is to say each individual class will be represented by the 
image mode l/s most appropriate to them. Consequently, 
the criteria for the selection of the image mode l/s are also 
going to an area of interest for this research study. 

Figure 3: A proposed relevance feedback framework for CBIR systems 
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Abstract 
Text categorization is the classification to assign a text doc-
ument to an appropriate category in a predefined set of cat-
egories. This paper focuses on the special case when cat-
egories are organized in hierarchy. We present a new ap-
proach on this recently emerged subfield of text categoriza-
tion. The algorithm applies an iterative learning module that 
allows of gradually creating a classifier by trial-and-error-
like method Experimental results performed on three docu-
ment corpora (including the well-known Reuters-21578, and 
20 newsgroups data sets) with several topic hierarchies show 
that our approach outperforms existing ones by up to 10%. 
We also indicate another application of the method on the 
field of fuzzy relational thesauri (FRT): the expansion of 
knowledge base can be supported in a cost-effective way. 

1 Introduction 
With the advent of data warehouses, the importance of text 
mining has been ever increasing in the last decade. A signif-
icant subfield of text mining is text document categorization 
that aims at the automatic classification of electronic docu-
ments. Text categorization is the classification to assign a 
document to appropriate category or categories, also called 
topic, in a ·predefined set of categories. 

Traditionally, document categorization has been per-
formed manually. However, as the number of documents ex-
plosively increases, the task becomes no longer amenable to 
the manual categorization, requiring a vast amount of time 
and cost. This has lead to numerous researches for automatic 
document classification. 

Originally, research in text categorization addressed the 
binary problem, where a document is either relevant or not 
w.r.t. a given category. In real-world situation, however, the 

*This work was supported by Korea Science and Engineering 
Foundation (KOSEF) Grant No. ROS-2003-000-11986-0 
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great variety of different sources and hence categories usually 
poses multi-class classification problem, where a document 
belongs to exactly one category selected from a predefined 
set [3, 11, 16, 29, 31, 32]. Even more general is the case of 
multi-label problem, where a document can be classified into 
more than one category. While binary and multi-class prob-
lems were investigated extensively [25], multi-label prob-
lems have received very little attention [1]. 

As the number of topics becomes larger, multi-class cate-
gorizers face the problem of complexity that may incur rapid 
increase of time and storage, and compromise the perspicu-
ity of categorized subject domain. A common way to man-
age complexity is using a hierarchy1, and text is no excep-
tion [ 4]. Internet directories and large ·on-line databases are 
often organized as hierarchies; see e.g. Yahoo and IBM's
patent database2. Other real-world applications also often 
pose problems with hierarchical category classification, such 
as sorting of e-mails and/or files into folder hierarchies, struc-
tured search and/or browsing, etc. 

Text categorization into topic hierarchies, also called tax-
onomies, is a particular type of multi-label classification 
problem. A document belonging to a topic in the taxonomy 
also belongs to all of its parent topics· along a topic path. As a 
consequence, categories of a document can be subsequently 
determined at each level going downward in the taxonomy. 
This feature saves time considerably since at a time one has 
to select the best category only from a few one. Namely, once 
having selected a topic at a certain level in the hierarchy, only 
its children should be considered as prospective categories at 
the next level. Given a three level taxonomy and an aver-
age of 10 children at each node, the search method described 
reduces the number of considered categories from 1000 to 
30. To exemplify the classification problem and terminology 
of our approach consider the subject domain of professional 
basketball and baseball news (see the three level taxonomy 

1 In general hierarchy is considered to be an acyclic digraph; in this paper 
we restrict our investigation to tree structured hierarchies. 

2http://www.yahoo.co~http://www.ibm.com/patenta 
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on Figure 2). Further, let us consider a document classi-
fied into the topic Team News (Rams). The topic path of 
thedocumentisNFL Rams Team New (Rams). 
We aim at classifying the document downward in the taxon-
omy to find the right category. 

This paper describes a hierarchical text categorization ap-
proach. The main part of the approach is an iterative learning 
module that gradually trains the classifier to recognize consti-
tutive characteristics of categories and hence to discriminate 
typical documents belonging to different categories. The it-
erative learning helps to avoid overfitting of training data and 
to refine characteristics of categories. 

Characteristics of categories are captured by typical terms 
occurring frequently in documents assigned to them. We rep-
resent categories by weight vectors, called category descrip-
tors (or simply descriptors ), assigned to terms occurring in 
the document collections. The higher weight a term has in 
a category descriptor the·more significant it is to the given 
category. Category descriptors are tuned during the iterative 
learning based on the their sample training documents. 

We report on our experience with our approach on three 
document corpora: the Reuters-21578 newswire benchmark 
used widely in the information retrieval (IR) community, the 
20-newsgroups data set, also having been studied by many 
authors (see e.g. [3, 17, 24]) and on the TV closed caption 
data set [6] (courtesy of W. Chuang). The effectiveness of 
our classifier is 67-94% depending on the corpus and the 
percentage of the training document used. These results are 
superior to the best known numbers in the literature. 

We also present another possible application area of our 
approach. This is the knowledge base expansion of fuzzy 
relational thesauri (FRT). A thesaurus in an information re-
trieval system (IRS) can be considered as a knowledge base 
that represents the conceptual model of .certain subject do-
main [14, 18, 21]. FRT are usually created manually that is 
a rather time inefficient and costly process. Exploiting that 
in fuzzy thesauri concepts are usually organized into · a hier-
archy, we can adapt our approach to support the creation of 
FRT using the concept hierarchy ofFRT as a topic hierarchy. 
Given an initial FRT consisting only of a few concepts, we 
can expand it by adding the most typical terms of selected 
topics. 

The paper is organized as follows. Section 2 reviews the 
related works of text categorization. Section 3 is the main 
part of this paper our approach is detailed. Section 4 report 
on our experience and Section 5 shows possible application 
to FRT expansion. The conclusion is drawn in Section 6. 

2 Related works 

different papers applied different versions of the document 
collection [25, page 38] and tested the performance by dif-
ferent measures. Nevertheless, we can state that some ver-
sion ofKNN, SVM and voted classification provide the best 
results, achieving around 86.3-87.8 percentage for precision-
recall break-even points (results may somewhat vary at dif-
ferent authors). The overall greatest break-even point, 87.8, 
was attained by Weiss et al [29]. Their method uses decision 
trees induced by means of adaptive-resampling algorithm and 
pooled local dictionaries. To determine the category of a doc-
ument, Weiss , approach applies voting to multiple decision 
trees. 

On the other hand, hierarchical text categorization is a re-
cently emerged topic of text mining. Before the result of 
Koller and Sahami in 1997 [12], there has been only some 
work on hierarchical clustering, e.g. [9]. In [12] the authors 
focused on the reduction of feature set, i.e. they aimed at 
minimizing the number of terms that were used to discrimi-
nate between categories. They used Bayesian classifier and 
allowed dependencies between features. Their results ex-
perimented on two small subsets of the Reuters collection 
shows that hierarchical classifiers outperform flat ones when 
the number of features is small (less than 100). Their ap-
proach was criticized in e.g. [17], because it did not show 
improvement with larger dictionaries, although in many do-
mains it has been established that large dictionary sizes often 
perform best [11, 17, 20]. 

Hierarchical text categorization has been combined in 
many works with feature subset selection that improves clas-
sification accuracy, reduces measurement cost, storage and 
computational overhead by finding the best subset of features 
[6]. As examples, TAPER [4] employs a taxonomy and clas-
sifies text using statistical pattern recognition techniques. It 
finds feature subset by the Fisher's discriminant. In [19], un-
der the simplified assumption of Koller and Sahami, authors 
used naive Bayesian classifier combined with feature subset 
of n-grams. McCallum et al. also used the na6ve classifier 
[17]. They adopted an established statistical technique called 
shrinkage to improve parameter estimates of class probabil-
ities in taxonomy. A simple but fast solution was proposed 
in [6], where TFIDF classifier [13, 22] (using tfxidfweight-
ing, see (3)) was applied for hierarchical classification. They 
applied a greedy algorithm at each level of the hierarchy that 
resulted in 0( n log n) time for n documents. 

All referred results on hierarchical classifier showed su-
perior performance to flat ones. Straightforward comparison 
of these methods stumbles over the lack of a unique docu-
ment collection. These methods have been tested on differ-
ent and sometimes even provisional (e.g. web pages) text cor-
pora. We report on experience with our approach on Reuters-
21578 in comparison with the papers ofD'Alessio et al [7] 
and Chakrabarti et al [4], on 20 news groups data set in com-
parison with the paper ofMcCallum et al [17], and Wibowo 
and Williams [30], and on TV closed caption data set in com-
parison with the paper ofChuang et al [6] (see Section 4). 

Numerous statistical classification and machine learning 
techniques have been applied to text categorization. They 
include nearest neighbor classifiers (KNN) [32], regression 
models [32], voted classification [29], Bayesian classifiers 
[16], decision trees [16], Support Vector Machines (SVM) 
[11], information-theoretic approaches (e.g. distributional 
clustering) [3] and neural networks [31]. For comparative 3 
studies see [1, 25]. Usually these techniques are compared on 

The proposed method 
a standardized collection of documents, such as the Reuters 
newswire corpus. The results cannot be directly compared as 
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that allows the classifier to be able to correctly categorize the 
most training, and consequently, test documents. We start the 
categorization with empty descriptors. 

We now briefly des.cribe the training procedure. First, 
when classifying a training document we compare it with cat-
egory descriptors. When this procedure fails due to, e.g., the 
small size of descriptors, and the correct category of a doc-
ument could not be determined we raise the weight of such 
terms in the category descriptors that appear also in the given 
document. Contrary, if a document is assigned to a .category 
incorrectly, we lower the weight of such terms in the descrip-
tors that appear in the document We tune category descrip-
tors by finding the optimal weights for each tenns in each cat-
egory descriptor by this awarding-penalizing method. The 
training algorithm is executed iteratively and ends when the 
performance of the classifier cannot be further improved sig-
nificantly. See the block diagram of Figure 1 for an overview 
and details in Subsection 3.2 about the training algorithm. 
For test documents the classifier works in one pass by omit-
ting the feedback cycle. 

Preprocession
- removal of function
words 

- stemming
- dimensionality 
reduction 

- term indexing 

Classifier 
Topic 

descriptors 

Raise w e i g h t  of 
occurring terms in 
lopic descriptors

Figure 1: The flowchart of the training algorithm 

The rest of this section is organized as follows. Subsection 
3.1 descn'bes the topic hierarchy, vector space model and de-
scriptors. Subsection 3.2 presents classification and the train-
ing method. 

3.1 Definitions 
Let C be the fixed finite set of categories organized in a topic 
hierarchy. In this paper, we deal with tree structured topic 
hierarchies, and we do not allow multiple parentcraft unlike 
in our previous works [27, 26]. 

Let D be a set of text documents and d E D an arbitrary 
element of D . In general, documents are pre-classified under 
the categories of C, in our case into leaf categories. We differ-
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entiate training, d E and test documents, d E 
where n = 0, and u Train-
ing documents are used to inductively construct the classifier. 
Test documents are used to test the performance of the clas-
sifier. Test documents do not participate in the construction 
of the classifier in any way. 

Each document E is classified into a leaf category of 
the hierarchy. No document belongs to non-leaf categories. 
We assume that a parent category owns the documents if its 
child categories, i.e., each document belongs to a topic path 
containing the nodes (representing categories) from the root 
to a leaf. Formally, 

= {c1, ... E C} (I) 

determines the set of topics belongs to along the topic path 
from the highest to the deepest. Note that the root is not 
administrated in the topic set, as it owns all documents. Cq 

denotes leaf-category, and the index refers to the depth of the 
category. 

Texts cannot be directly interpreted by a classifier. Be-
cause of this, an indexing procedure that maps a text d into a 
compact representation of its content needs to be uniformly 
applied to all documents (training and test). We choose to use 
only words as meaningful units of representing text, because, 
the use of n-grams (word sequences oflength n) increases 
dramatically the storage requirement of the model, and as 
it was reported in [2, 8] the use of more sophisticated rep-
resentation than simple words do not increase effectiveness 
significantly. 

As most research works, we also use . the vector space 
model, where a document dj is represented by a vector of 
term weights 

dj = ... , (2) 
where T is the set of terms that occurs at least once in the 
training documents and 0 1 represents 
the relevance of kth term to the characterization of the docu-
ment d. Before indexing the documents function words (i.e. 
articles, prepositions, conjunctions, etc.) are removed, and 
stemming (grouping words that share the same morpholog-
ical root) is performed on T. We utilize the well-known 
tfxidfweighting [23], which defines in proportion to the 
number of occurrence of the kth term in the document, 
and in inverse proportion to the number of documents in the 
collection for which the terms occurs at least once, nk: 

= log ( , (3) 

Term vectors (2) are normalized before training. 
We characterize categories analogously as documents. To 

each category is assigned a vector of descriptor term weights 

descr(ci) = .. . , viTii), ci E C (4) 

where weights 0 vli 1 are set during training. All 
weights are initialized as 0. The descriptor of a category can 
be interpreted as the prototype of a documeni belonging to it. 

3.2 Classification and training 
3.2.1 Classification 

When classifying a document d E the term vector repre-
senting d (2) is compared to topic descriptors (4). The vector 
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of d is matched against a set of descriptors and based on the 
result the classifier selects (normally) a unique category. 

The classification method works downward in the topic hi-
erarchy level by level. First, it determines the best among the 
top level categories. Then its children categories are consid-
ered and the most likely one is selected. Considered cate-
gories are always siblings linked under the winner category 
of the previous level. Classification ends when a leaf cate-
gory is found. This, in fact, is a greedy algorithm where the 
best category is selected based on a conformity measure de-
fined next. 

Let us assume that we have to select from m cate-
gories at an arbitrary stage of the classification of docu-
ment di: c1, ... , Cm E C. Then we calculate the con-
formity of term vector of dj and each topic descriptors . 
descr(c1), ... , descr(cm), and select that category that gives 
the highest conformity measure. We applied the unnormal-
ized cosine measure that calculates this value as a function 
f of the sum of products of document and descriptor term 
weights: 

3.2.2 Training 

In order to improve the effectiveness of classification, we ap-
ply supervised iterative learning, i.e. we check the correct-
ness of the selected categories for training documents and if 
necessary, we modify term weights in category descriptors. 
Term weights are modified when a document is classified in-
correctly. 

The classifier can commit two kinds of errors: it can mis-
classify a document dj into Ci, and usually simultaneously, 
it cannot determine the correct category of di. Our weight 
modifier method is able to cope with both types of error. We 
scan all decision made by the classifier and process as fol-
lows. 

For each considered category Ci at a given level we accu-
mulate a vector = ... , Where 

= a(confreq- conf{dj, descr{Ci))) 1 T 

conf(dj, descr(Ci)) = f Wkj Vki , 
) 

(7) 
where confreq = 1 when E topic{dj), 0 otherwise. Here 

> 0 E is the learning rate. The category descriptor 
weight Vki is updated as Vki + 1 T, whenever 
category Ci takes part in an erroneous classification. If dj is 

(5) misclassified into Ci then (confreq- conf(dj, descr(Ci))) is 
k=l 

where f : [0, 1] is an arbitrary smoothing function with 
f(x) = 0 and f(x) = 1. The smoothing 

function is applied (analogously as in control theory) to alle-
viate the oscillating behavior of training. 

Summarizing, we give the pseudo-code of our classifica-
tion algorithm for a document dj. The algorithm· starts from 
the root category. 

negative, hence the weight of eo-occurring terms in dj and 
ci are reduced in the category descriptor of Ci. In the other 
case, if c i is the correct but unselected category of dj, then 
(confreq- conf(dj, descr(Ci))) is positive, thus the weight 
of eo-occurring terms in dj and c i are increased in the cate-
gory descriptor of Ci. 

Summarizing, we give the pseudo-code of our training al-
gorithm. 

Step 1 Calculate for each category defined in_((7). 
Step 1: Calculate ( 5) for all m sibling categories of the given Step 2 Each category descriptor descr( c) is updated by 

level. descr{c)-
Step 2: Select the category that has the highest conformity 

measure with dj: Cbest. 

Step 3: If Cbest is a leaf-category then stop; otherwise go to 
Step 1. 

McCallum [17] criticized the greedy topic selection 
method because it requires high accuracy at internal (non-
leaf) nodes. In order to alleviate partly the risk of a high level 
misclassification, we control the selection of the best cate-
gory by a minimum conformity parameter confmin E [0, 1], 
i.e. the greedy selection algorithm continues when 

conf(dj, descr(Cbest)) confmin (6) 

satisfied, where Cbest is the best category at the given level. 
This means that we stop in Step 2 if the best category does 
not satisfy the minimUm. conformity condition of(6). 

Another type of problem occurs when there are several 
categories having approximately the same conformity with 
dj as Cbest· In such a case it is reasonable to consider a 
set of categories as the best ones, and continue the selection 
method among their children. Formally, we can set a param-
eter confrelax E [0, 1), typically around 0.9 and select in Step 
2 a set of categories satisfying: 

cj descr(cbest)- descr(c) confrelax}· 
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1. When c is incorrectly selected then confreq(c) = 
0 and is negative, hence the weight of co-
occurring terms in c and dj are decreased that in-
curred the incorrect selection. 

2. When the correct c is not found then confreq(c) = 
1 and (c) is positive, therefore the weight of co-
occurring terms in c and dj are increased to force 
the correct selection. 

Step 3 Repeat Step 1 and Step 2 for all documents in the 
training set. 

Step 4 If the terminal condition is satisfied then stop; other-
wise repeat Step 1-Step 3. 

We also experimented with a more sophisticated weight 
setting method where the previous momentum of the weight 
modifier is also taken into account in the determination of 
the current weight modifier. Let be the weight 
modifier in the nth training cycle, and = 0 for all 
1 < k < T. Then the weight modifier of the next training 
cycle = .. . , and 
its elements are calculated as 

(confreq- conf{dj, descr(Ci))) . Wij 

+ ( Vki) .
(8) 
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where E 1] is the momentum coefficient. The value 
of and can be uniform for all categories, or can depend 
on the level of the category. We experienced that at a lower 
value, typically 0.05 .. 0.2 is better if the number of training 
documents is plentiful, i.e. higher in the hierarchy, and a 
higher value is favorable when only a few training documents 
are available for the given category, .i.e. at leaf categories. 

This modification changes the pseudo-code of the training 
algorithm as 

. In an initial step (Step 0) ( Vki) = 0 are set. 

• In Step 1 we calculate as defined in (8) 

• In Step 4, we increase the training cycle counter by 1. 

The number of nonzero weights in category descriptors in-
creases as the training algorithm operates. In order to avoid 
their proliferation, we propose to set descriptor term weights 
to zero under a certain threshold. 

The training cycle is repeated until the given maximal it-
eration has not been finished or the performance of the clas-
sifier does not improve significantly. We use the following 
optimization (or quality) function to measure inter-training 
effectiveness of the classifier for a document d: 

Q(d) 
#(correctly found topics of d) 

#(total topics of d) 
1 

1 + #(incorrectly found topics of d) 

The overall Q is calculated as average ofQ(d) values: 
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Figure 2: Three level hierarchy on the domain of professional 
basketball and baseball news (redrawn from [6]) 

The second one is the well-known Reuters-215783 

newswire benchmark data collection. The collection contains 
135 independent categories, i.e. originally they are not orga-
nized in hierarchy. In order to use, though, the collection as 
benchmark of hierarchical categorization and to prove its su-
periority to flat categorization several authors organized the 
categories into hierarchies. We make use of 3 hierarchies 
proposed by D'Alessio et a1 [7, page 10-11] (Experiments 
E3, E4, ES) but we also applied are our classifier to the orig-
inal flat category system. We replaced the "one-of-M" re-
lationships in all hierarchy by binary relationship. We have 
adopted the mode-Apte [2] split that removes all unlabelled 
documents resulting in total 7760 training and 3009 test doc-
uments. It means that we have not used the 1843 training 
and 290 test documents without topic. Some documents in 
Reuters collection are classified into more than one topic. 
The average number of categories/document 1.238. The dis-
tribution of documents among categories are quite uneven, 
there exist categories with several thousands training docu-
ments, and with no documents at all. Number of categories 

(9) without training and test documents is 19. 

The quality measure Q is more sensible to small changes in 
the effectiveness of the classifier than, · e.g., F -measure [28] 
that we use to qualify the final performance of the classifier 
(see Section 4). Hence, it is more suitable for inter-training 
utilization. By setting a maximum variance value_varmax 
(typically 0.95 .. 1.00) we stop training when actual Q drops 

-best -best . th b Q hi ed below the varmax ·Q , where Q 1S e est ac ev 
so far during training. 

4 Implementation and experimen-
tal results 

4.1 Document collections 
To compare our algorithm with other hierarchical classifiers 
we tested its effectiveness on three document corpora. 

The simplest one in terms of the number of categories 
is document collection set up by Chuang that contains TV 
closed caption data mixed with web pages (15%) on the do-
main of professional baseball and basketball news [6] (cour-
tesy of W. Chuang). The collection consists of 128 docu-
ments that has been divided to 91 training and 37 test docu-
ments: The three level topic hierarchy is depicted on Figure 
2. There are 11 leaf categories, therefore the average number 
of training documents/category is 8.273. 
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The third document corpus is the 20-newsgroups data set4. 
We applied the hierarchy that was used byMcCallum et al in 
[17] (A McCallum, personal communication); The· hierar-
chy has 5 topics at top level and 15 topics at the second level 
(see also Figure 3). All documents are assigned uniquely to 
one leaf-category, and each leaf-category owns 1000 docu-
ments. The documents are not divided into training and test 
document sets therefore we apply k-fold cross-validation ap-
proach to test the efficiency of the classifier. 

4.2 Dimensionality reduction 
When dealing with large document collection, the large num-
ber of terms, can cause problem in document processing, 
indexing, and also in category induction. Therefore, before 
indexing and category induction many authors apply a pass 
of dimensionality reduction (DR) to reduce the size of to 

[25]. Beside that it can speed up the categoriza-
tion, papers also reported that it can increase the performance 
of the classifier with a few percent, if only a certain subset of 
terms are used to represent documents (see e.g. [12, 30]). 
In our previous experiments [26] we also found that perfor-
mance can be increased slightly (less than 1%) ifrare terms 

3The Reuters-21578 collection may be freely downloaded from 
http://www.daviddlewis.com/resources/testcollections/ 
reuters21578/. 

4Available from http: I /www. ai .mit. edu/people/jrennie/ 
20newsgroups/ 
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Table 1: Results on basketball and baseball news data set [6] (F1-measure) 

Training Test 
method at depth over- at depth over-

1 2 3 all 1 2 3 all 
TFIDF ([6]) 96.0 91.0 90.0 92.6 84.0 81.0 58.0 75.6T 
Our method 100 100 100 100 98.0 93.5 80.8 91.6 

t Our calculation, based on the published results in [6]. 

Figure 3: Hierarchy on 20 newsgroups data set (after A. Mc-
Callum) 

are disregarded, but the effect of DR on time efficiency is 
more significant. We applied DR by removing the least fre-
quent terms in the overall collection. In general, we reduced 

by disregarding terms that satisfy 

() . < 
k= 1 d; 

where integer threshold parameter () depends on the collec-
tion, and is typically in the range [1000, 50000] (kth term's 
total occurrence is less than 1 j part of the cumulated total 
occurrences of all terms); Okj is defined at (3). Obviously, the 
number of terms influences the average size of a document 
term weight vector (2) (if zeros are not stored), and hence the 
speed of classification. 

4.3 Performance evaluation 
In our view the quality of hierarchical classification is bet-
ter if a document classified incorrectly only from an inter-
mediate level than if it is assigned a completely incorrect 
topic path. In such cases when the correct leaf-category of 
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a document is not found, but the original and the inferred . 
topic paths partially equal the classification is not completely 
wrong. This view is reflected in our quality measure Q (see 
(9)), and we also adopt when calculating the final effective-
ness of the classifier (both for training or test documents) 
by means of the F1-measure. Many authors used accuracy 
or break-even point to measure the effectiveness of catego-
rization. The former has been criticized due to its insensi-
tivity [25, page 34],[32], while the latter has been recently 
criticized also by Lewis (though he proposed it formerly) 
[15],[25, footnote 19] "since there may be no parameter set-
ting that yields the break-even'', and ''to have equal recall and 
precision value is not necessarily desirable". 

The originally defined by van Rijsbergen [28] 
is a combination of the microaveraged recall (p) and preci-
sion values: 

0 {3 < +oo. 

As many authors, we have been used F1-measure to test the 
effectiveness of the classifier on all categories, i.e. not only 
on leaf-categories (but, obviously, excluding the root, as it is, 
by definition, not included in topic paths, see (I)). 

We also tested the training and classification efficiency 
[8] in temis of required time (all experiences have been per-
formed on a 1.06 GHz, 256 MB RAM PC) and its depen-
dency from the size of the term set, 

4.4 Results 
Table 1 shows the results obtained on basketball and baseball 
news data set. The main reasons of the high effectiveness 
are the small size of the topic hierarchy and the good distri-
bution of training documents. Time requirement for training 
and testing (20 training loops and 1 test) is under half second 
regardless the size of the term set. The confmin parameter 
is set to 0.36, varmax = 0.99. Table 2 shows the effect of 
DR on categorization. We varied and fixed all other pa-
rameters. The number of training loops was constantly 20, 
expect for two smallest () values when it was 21 (300) and 38 
(200). The latter explains the relatively long training time in 
this case. We can conclude that size of the term set does not 
affect significantly the performance, if it is kept over a rea-
sonable level: when 0 700 the maximum variance from the 
best F 1-measure is just over 3%. But even when = 22, 
and the average number of terms in a document is 6.39 our 
method provides better overall categorization results then hi-
erarchical TFIDF [6]. F1-measure for training documents is 
1 except in the case oflast three rows. 
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Table 2: Size of term set vs. overall F1-measure , elapsed 
time, average document vector size, elapsed time (all other 
parameters are fixed) 

() avg. doe size time/doe (ms) F1 
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thesaurus in an information retrieval system (IRS) can be 
considered as a knowledge base that represents the concep-
tual model of certain subject domain [14, 18, 21]. In fuzzy 
thesauri concepts are usually· organized into a hierarchy be-
ing connected via different kinds of [0, 1]-weighted relations. 

2600 
1263 10000 
844 4000 
653 3200 
519 2500 
419 2000 
348 1800 
298 1500 

62.64 4.5 
52.19 3.9 
46.33 3.5 
42.52 3.3 
39.04 2.9 
85.69 2.6 
33.05 2.4 
30.91 2.3 

89.95 
90.05 
90.05 
90.62 
89.69 
90.62 
91.10 
91.58 

When we utilize text categorization to aid FRT expansion we 
exploit the analogous hierarchical structure of topic and con-
cept hierarchies. We adapt FRT described in details in [5). 
Manual FRT expansion, performed by domain experts, is a 
lengthy and costly operation. We aim at speed up this pro-
cess and simultaneously cut down its costs by offering a tool 
for domain experts for semi-automatic FRT expansion using 
text categorization. 

258 1300 29.09 2.3 89.79 
211 1000 26.49 2.1 87.56 
149 800 22.37 2.0 91.19 
125 700 20.50 2.0 89.12 
75 500 15.36 1.9 83.94 
41 300 10.17 1.6 83.94 
22 200 6.39 2.4 80.21 

Table 3 gives the results achieved with the E3, E4, E5 
hierarchies [7] andwith the regular flat category system on 
the Reuters collection. The parameters are confmin = 0.25, 
varmax = 0.98. Observe that our results show the same rela-
tionship between the hierarchies as reported by D' A l e s s i o et 
al: E4 hierarchy yields the best result. Wibowo and Wtlliams 
[30] experienced this collection with another hierarchy [10], 
perhaps this is the reason why they best result is e v e nlower, 
73 :74%, than that has been achieved by flat categonzers. Our 
method achieved remarkable results on flat category system 
as well. This is comparable with the best known results of flat 
categorizers (87.8% Weiss et al [29], committee of decision 
trees). 

Table 4 reports on our experience with 20 newsgroup data 
set using the hierarchy of Figure 3. The curve of effective-
ness raises rapidly with the increase of training documents 
(similarly as in [17]) and it becomes flat above 20% .. These 
experiments were done with full term set (no DR h a s been 
applied to it) in order to be comparable with the results o f
McCallum et al. The size of term set is 55884. The magm-
tude of the learning rate influences the time efficiency of 
the method as lower values mean slower learning and it is 
also reflected significantly in the elapsed time. For example 
in the case of 3% training document ratio, lower values 
result in up to 30% slower training and a not very signifi-
cant 0.2% increase in performance. Wibowo and Williams 
achieved better results with a fixed 60% train 40% test split 

Expansion process starts with a semi-automatically made 
FRT [5]. The concept hierarchy of FRT is transferred to a 
topic hierarchy simply by using concept names as category 
names and disregarding all relationships of FRT except the 
broader/narrower relationship between concepts. These rela-
tions defines the hierarchical structure of the text categoriza-
tion. The next step is the build up of the document collec-
tion for training the categorizer. This is done by automati-
cally retrieving docutnents from the web using a search en-
gine on the category names (N.B. these are originally concept 
names). Assigning these documents as training examples to 
categories in the hierarchy we can train the categorizers. As 
it is described in Section 3 the categorizer tunes category de-
scriptors. We make use of selected terms from category de-
scriptors with _high weights. As each category represents a 
concept in the FRT, the most typical terms of a category can 
be used to expand to corresponding concept in FRT by adding 
these tenns as its sub-concepts. 

Obviously, not all selected terms of category descriptors 
are suitable to expand the FRT with: this task necessitates 
filtering in order to keep the knowledge base ofFRT consis-
tent We therefore offer in the implementation an option for 
t h e  domain expert to supervise the insertion. of these terms 
and/or modify their weight before added permanently to the 
FRT reflecting his/her view on the subject domain the best. In 
order to maintain the quality ofFRT some changes should be 
applied in document indexing. We allow the use of n-grams 
in the indexing process with n = 3 and do not perform stem-
ming on the term set. Although this increases significantly 
the size of the tenn set, as a result we obtain more meaningful 
terms for FRT expansion. When FRT is expanded with new 
concepts obtained from text categorization, we can further 
expand and refine the FRT by starting again the expansion 
process with the new FRT. 

Conclusion and further works on a different version of the collection when they used fewer 6 
terms for document indexing. Their best result, 90.43% by 
means of the hierarchical version of Rocchio classifier and We proposed a new method for text categorization, which 

uses a iterative supervised learning method to train the clas-
sifier. We showed the effectiveness of the algorithm on three 
different document corpora with six topic hierarchies of dif-
ferent sizes. . The main advantage of our algorithm is that 
it builds up the classifier gradually by a supervised iterative 
learning method, thus we can feedback the intermediate ex-
periments to the method when training. We intend to extend 
the experiments with our algorithm on other larger document 
corpora having much more documents in the near future. 

80 selected terms per documents, is 1.07% superior to ours, 
however these numbers cannot be directly compared due to 
the differences in experiment settings. In the near future we 
intend to investigate the effect ofDR on this corpus too. 

5 Application to FRT expansion 
This section is · devoted to describe how our method can be 
used for Fuzzy Relational Thesaurus (FRT) expansion. A 
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Table 3: Results with E3-E5 and fiat hierarchy on Reuters-21578 collection. Elapsed time is meant including indicated 
training loops and one test pass. 

Our method D'Alessio et al [7] 
hi er- F1 p #iter. avg. doe time/doe F1 p 
archy size (ms) 

E3 91.19 90.97 91.42 10 5.8 43.32 79.8 81.4 78.3 
E4 93.61 93.27 93.96 13 7.9 43.67 82.8 85.9 79.9 
E5 92.39 91.78 93.02 10 4.9 43.67 82.5 86.4 79.0 
fiat 88.15 88.00 88.30 14 22 44.88 78.9 80.3 77.6 

Table 4: Results on the 20 newsgroups data set with hierarchy depicted on Figure 3. Our results are the average of 10 run 
with randomly selected training documents. Bracketed numbers show "the value ofleaming rate (see (7)) at the first and 
second level. 

%documents method (performance measure) 
used for Our method Hierarchical Naive Bayes 
training (F1-measure) with shrinkage [17] (accuracyt) 

1 68.58% (1.00; 1.10) ~ 5 2 . 0  

2 74.17% (0.40; 0.80) ~ 5 8 . 0  

3 77.06% (0.06; 0.12) ~ 6 2 . 0  

5 80.16% (0.06; 0.12) ~ 6 8 . 0  

7 81.90% (0.05; 0.10) ~  72.0 
10 83.27% (0.05; 0.10) ~ 7 5 . 0  

20 86.31% (0.05; 0.10) ~ 7 7 . 5  

30 87.44% (0.05; 0.10) ~  81.0 
40 88.27% (0.05; 0.10) ~ 8 2 . 5  

50 88.91% (0.05; 0.10) ~ 8 3 . 0  
60 89.34% {0.05; 0.10) ~ 8 3 . 5  

70 89.54% (0.05; 0.10) ~ 8 4 . 0  

t Estimated values based on [17, Figure 3]. 

We indicated another application of our text categorization 
method on the field of fuzzy relational thesauri: the expan-
sion of knowledge base can be supported in a cost-effective 
way. 
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Abstract: Fuzzy set can be used as an alternative to represent imprecise data from total igno-
rance (regarded as the most imprecise data), to crisp (regarded as the most precise data). Degree 
of similarity between two imprecise data represented in two fuzzy sets may be approximately cal-
culated by using a fuzzy conditional probability relation. The degree of similarity relationship 
between two fuzzy sets corresponding to two fuzzy classes as results of a fuzzy partition on a given 
finite set of data is examined. Related to a well known fuzzy partition, called fuzzy pseudopar-
tition or fuzzy c-partition where c designates the number of fuzzy classes in the partition; we 
introduce fuzzy symmetric c-partition regarded as a special case of the fuzzy c-partition. In addi-
tion, we also introduce fuzzy covering as a generalization of fuzzy partition. Similarly, two fuzzy 
coverings, namely fuzzy c-covering and fuzzy symmetric c-covering are proposed corresponding 
to the fuzzy c-partition and the fuzzy symmetric c-partition, respectively. In this paper, special 
attention will be given to apply the concept of fuzzy c-covering in generating a fuzzy thesaurus. 
A simple example is given to demonstrate the concept. 

Keywords: Fuzzy covering, Fuzzy thesaurus, Weak similarity relation, Fuzzy conditional prob-
ability relation 

1 Introduction 

In real-word applications, data may be imprecise 
in which degrees of preciseness of data might be in-
tuitively different. Here, fuzzy set expression can 
be considered as an alternative to represent the im-
precise data from total ignorance to crisp. In our 
previous papers (5, 6], degree of similarity between 
two imprecise data represented by two fuzzy sets 
was suggested to be approximately calculated by 
using a fuzzy conditional probability relation. Also, 
related to the fuzzy conditional probability rela-
tion, we proposed a weak similarity relation as a 
more realistic relation in representing similarity be-
tween two elements of data than the similarity re-
lation (Zadeh, 1970 [22]) in which the similarity re-
lation is characterized by reflexive, symmetric, and 
(max-min)transitive properties. Naturally, degree 
of similarity between two elements of data in real-
world applications is neither necessarily symmetric 
nor necessarily transitive as discussed in [6, 18, 20]. 
Here, the weak similarity relation is regarded as 
a generalization of the similarity relation, and the 
fuzzy conditional probability relation can be con-
sidered as a concrete example of the weak similarity 
relation. 

In [9], based on the fuzzy conditional probability 

relation, on the one hand, we examined and dis-
cussed similarities of fuzzy sets or. fuzzy classes as 
results of a fuzzy partition over a particular do-
main of data. A kind of fuzzy partition, called 
fuzzy pseudopartition or fuzzy c-partition where c 
designates the number of fuzzy classes in the par-
tition, was introduced in [1, 12]. Related to the 
fuzzy c-partition, we introduced a fuzzy symmetric 
c-partition as a special case of the fuzzy c-partition 
in which a partition induced by the fuzzy symmet-
ric c-partition will produce a symmetric similarity 
table. 

*This paper is an enhanced version of the paper presented 
at NAFIPS 2003 [lO] 
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On the other hand, a fuzzy covering was also 
introduced and considered as a generalization of 
the fuzzy partition by allowing fuzzy classes or 
fuzzy sets to overlap one another in dealing an 
element of data. In other words, an element of 
data may totally (with a membership degree of 
1) belong to more than one fuzzy class or fuzzy 
set. Similarly, a fuzzy c-covering and a fuzzy sym -
metric c-covering were introduced corresponding to 
the fuzzy c-partition and the fuzzy symmetric c-
partition, respectively. In this paper, we apply the 
concept of the fuzzy c-covering to generate a fuzzy 
thesaurus. On the assumption that every docu-
ment corresponds to a fuzzy class (subset) on a 
set of terms (subjects or keywords), we can con-
struct two asymmetric similarity classes of all terms 
by using the fuzzy conditional probability relation. 
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Also, similarity classes can be provided in terms of 
both crisp and fuzzy granularity. A measure can 
be defined by a relationship between the similar-
ity classes of the terms in order to show a degree 
of association between two terms. Broader Terms 
{BT), Narrower Terms (NT) and Related Terms 
{RT) as usually used in the categories of thesaurus 
can be defined by the degree of association. Finally, 
an illustrative example is given to demonstrate the 
concept of fuzzy thesaurus. 

2 Preciseness and Similarity 
of Data 

In real world application, degree of preciseness be-
tween two elements of imprecise data might be in-
tuitively different. For example two imprecise data 
hot and about 40°C may have different degree of 
preciseness. Intuitively, about 40°C is more pre-
cise than hot. In general, preciseness of data can 
be assigned from total ignorance to crisp where to-
tal ignorance and crisp express the most imprecise 
and the most precise of data, respectively. In this 
case, fuzzy sets can be used as an alternative to 
represent preciseness of data from total ignorance 
to crisp. The following definition shows how fuzzy 
sets can be used to represent the imprecise data. 

Definition 1 Let D be an ordinary set of a given 
particular discrete domain of data. An imprecise 
data, X over domain D regarded as a fuzzy set X 
on D is simply defined as a mapping from D to the 
closed interval {0, 1 j characterized by a membership 
function 

[0, 1], (1) 

where X is a label and is the membership func-
tion of the fuzzy set. 

By Definition 1, total ignorance over D and crisp 
di E D, where D = {d1, ... ,dn}, are also simply 
defined as (6, 7, 8): 

= ... , 1/dn}, 
= {0/d1, ... , 1/di, ... , 0/dn}, 

respectively, where i.e., = 1 represented by 
1/d1. 
Here, TI is regarded as a fuzzy set representing the 
universal set of domain D while crisp of d i is a fuzzy 
sets that consists of a crisp element of data, d i .

Example 1 Two imprecise data over domain 
Temperature in degree Celsius, W arm(W) and 
Rather Hot(RT), might be represented in the fol-
lowing membership functions of two fuzzy sets (see 
Fig. 1}: 

= {0.2/24, 0.5/26,1/28,1/30,0.5/32, 0.2/34}, 
= {0.5/30, 1/32,1/34, 0.5/36}. 
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Warm 

0.5 • 

0.2 

24 26 28 30 32 34 °C 

• 
Rather Hot 

0.5 

0.2 

28 30 32 34 36 38 

Figure 1: Warm and Rather Hot 

Based on their membership function, Rather Hot 
is more precise than Warm, because Warm takes 
more support in Temperature than Rather Hot. 
Here, measure of preciseness may be regarded as a 
measure of speci.ficity as proposed in (21] . Consid-
ering this reason; degree of similarity between two 
data is neither necessarily symmetric nor necessar-
ily transitive as discussed in (6, 18, 20]. Formally, 
these properties belong to weak similarity relation 
that is a generalization of a similarity relation. For 
:F(D) is a fuzzy power set defined on a given do-
main D, we have 

Definition 2 A similarity relation {22} is a 
mapping, s : :F(D) x :F(D) (0, 1], such that for 
X, Y, Z E F(D), 

(a) Reflexivity: s(X, X) = 1, 
(b) Symmetry: s(X, Y) = s(Y,X), 
(c) Max-min transitivity: 

s(X, Z) max min(s(X, Y), s(Y, Z)]. 

Definition 3 A weak similarity relation {5} is 
a mapping, s : :F(D) x :F(D) [0, 1], such that for 
X, Y, Z E :F(D), 

(a) Reflexivity: s(X, X) = 1, 
(b) Conditional symmetry : 

if s(X, Y) > 0 then s(Y, X) > 0, 
(c) Conditional transitivity : 

if s(X, Y) s(Y, X) > 0 and 
s(Y, Z) s(Z, Y) > 0 then s(X, Z) s(Z, X). 

A fuzzy conditional probability relation is regarded 
as a concrete example of the weak similarity rela-
tion and formallv defined as follows: 
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Definition 4 Let and be two membership 
functions over a given domain D for two fuzzy 
labels X and Y of a fuzzy power set F(D). A 
fuzzy conditional probability relation is a mapping, 
R: F(D) x F(D) [0, 1], defined by: 

R(X,Y) = P{X Y) = 

= (2) 

where R(X, Y) means the degree Y supports X or 
the degree Y is similar to X and IYI = 
is regarded as cardinality of Y. 

Fuzzy conditional probability in Definition 4 is 
principally the same as fuzzy relative cardinal-
ity(Dubois and Prade, 1982 [3]) as shown in the 
following equation: 

I(F G)= 
' IFI ' 

where IFI = and intersection is defined 
as minimum. Kosko [13] has pointed out the anal-
ogy between I(F, G) and a conditional probability 
P(A |B) where B and F play the same role. In 
practical application, fuzzy conditional probability 
relations may be used as a basis of representing de-
gree of similarity relationships between two fuzzy 
sets. In the definition of fuzzy conditional proba-
bility relations, the probability values may be esti-
mated based on.the semantic relationships between 
fuzzy sets by using the epistemological or subjective 
view of probability theory. 

Example 2 Recalling Example 1, degree of simi-
larity between Wann(W) and Rather Hot(RH) is 
calculated by (2) as follows: 

R(W,RH) = min{0.5, 0.5) + min(0.2, 1) 0.7 
0.5 + 1 + 1 + 0.5 = 3.0' 

R(RH,W) = min(0.5, 0.5) + min(0.2, 1) 0.7 
0.2 + 0.5 + 1 + 1 + 0.5 + 0.2 = 3.4. 

Furthermore, some properties of (fuzzy) condi-
tional probability relations are given in [5, 6]: for 
X,Y,ZE U, 

1. R(X, Y) = R(Y,X) = 1 Y, 

2. [R(Y,X) = 1,R(X,Y) < 1] c Y, 

3. R(X, Y) = R(Y, X) > 0 |X| = |Y|, 

4. R(X, Y) < R(Y, |X| < |Y|, 

5. R(X, Y) > 0 R(Y, X) > 0, 

6. [R(X, Y) R(Y, X) > 0, R(Y, Z) > 
R(Z, Y) > 0} R(X, Z) R(Z, X). 
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3 Degree of Similarity in 
Fuzzy Partition 

A kind of fuzzy partition, called fuzzy pseudoparti-
tion or fuzzy c-partition proposed in [1, 12], where 
c designates the number of fuzzy classes in the par-
tition is defined as follows: 

Definition 5 Let D = { d1, ... , dn} be a given do-
main of data. A fuzzy c-partition of D is a family 
of fuzzy subsets or fuzzy classes of P, denoted by 
P = {P1,P2, ... ,Pc}, which satisfies 

c 

= 1 for all k E Nn, {3) 
i=l 

and 
n 

0 < < n for all i E Nc, {4) 
k=l 

where c is a positive integer and (dk) E [0, 1]. 

(3) shows that every crisp element of data must to-
tally belong to fuzzy classes in partition. All fuzzy 
classes in the partition must entirely cover all crisp 
elements of data. On the other hand, (4) tells that 
empty class (the class or subset that has no any el-
ement of data) and universal class (the class which 
perfectly covers all elements of data) are meaning-
less, where universal class is considered as total ig-
norance in terms of preciseness of data (see Section 
2). 

Example 3 A fuzzy 9-partition of a given domain 
D={d1,d2,d3,d4,d5,d6} might be arbitrarily given 
by: 

= {1/d1,0.8/d2,0.2/d3}, 
= {0.2/d2,0.8/d3,0.4/d4}, 
= {0.6/d4, 1/ds, 1 / d 6 } .  

Similarity table concerning these three fuzzy 
classes calculated by {2) shows in Table 1 (Note: 
R(P1,P2) = 0.28, but R(P2,P1) = 0.20). On the 

Table 1: Similarity R(X Y) of Partitions 
X\Y P1 p2 P3 

pl 1.00 0.28 0 
p2 0.20 1.00 0.15 
P3 0 0.28 1.00 

other hand, every crisp element of data in D can 
also be represented as fuzzy sets in terms of their 
fuzzy classes by 

( ) (di) 
Pj = (d) . (5) 
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For instance, 

We may consider (P1) as true value of preposi-
tion "if P1 then d1 " or true value of d1 given P1. 
All results are given by: 

= {0.5/P1}, 
= {0.4/ P1, 0.14/ P2}, 
= {0.1/ P1, 0.57 /P2}, 
= {0.29/ P2, 0.23/ P3}, 
= {0.385/ P3}, 
= {0.385/ P3}, 

where the results are also satisfying {9} and {4). 
Finally, similarity table concerning the elements of 
data in domain D is represented in Table 2. 

Table 2: Similarity R(X, Y) of Elements 
X\Y d1 d2 d3 d4 d5 d6 

d1 1.0 0.69 0.15 0.0 0.0 0.0 
d2 0.8 1.0 0.36 0.27 0.0 0.0 
d3 0.2 0.41 1.0 0.56 0.0 0.0 
d4 0.0 0.24 0.43 1.0 0.60 0.60 
d5 0.0 0.0 0.0 0.44 1.0 1.0 
d 6 0.0 0.0 0.0 0.44 1.0 1.0 

Naturally, this may show an interesting concept 
that every element or object will have relation (sim-
ilarity) to the others if they are involved in the 
same groups (classes). They will have stronger re-
lationship (similarity) if they are involved in more 
the same groups (classes). On the other hand, an 
increasing number of elements in a class will re-
duce the degree of relationship (similarity) among 
the element involved in the class. Obviously Ta-
ble 1 and 2 show that degree of similarity between 
two fuzzy and degree of similarity. between two el-
ements of data are not symmetric that is a conse-
quence of membership functions arbitrarily given 
in P1, P2, and P3 where IP2I < |P1| < |P3|, so that 
| d 6 |  = |d5| < ld1l < |d4| < ld2l < |d3|. However, 
it depends on the type of data and application in 
which we may provide the same cardinality of fuzzy 
classes in partition by applying the following equar 
tion (6) instead of (4) in Definition 3. 

n 

LJLP;(dk) =M, Nc, (6) 
k= l 

where 0 < M < n . 
Here, (6) is stronger than (4), or (4) is a generaliza-
tion of (6). In order to distinguish this concept of 
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partition from fuzzy c-partition as defined in Def-
inition 3, the concept may be called fuzzy sym-
metric c-partition, because it provides symmet-
ric property in similarity table. Moreover, fuzzy 
symmetric c-partition may be considered as a basis 
of constructing {fuzzy) proximity relation [2, 6, 17]. 
Clearly, Example 3 is r e c a l l e d  in terms of fuzzy 
symmetric c-partition as follows. 

Example 4 A fuzzy symmetric 3-partition of D 
might be arbitrarily given by: 

= 

Similarity table concerning these three fuzzy classes 
shows in Table 9. Similarly, elements of data in D 

Table 3: Similarity R(X, Y) of Partitions 
X\Y P1 p2 P3 
pl 1.0 0.2 0 
p2 0.2 1.0 0.2 
P3 0 0.2 1.0 

can also be represented as fuzzy sets in terms of 
their partitions as follows: 

= 

= 

= 

Clearly, they are also satisfied {3} and {6}. Finally, 
similarity table concerning elements of data is rep-
resented in Table 4-

Table 4: Similarity R(X, Y) of Elements 
X\Y d1 d2 d3 d4 d5 d6 

dl 1.0 0.8 0.2 0.0 0.0 0.0 
d2 0.8 1.0 0.4 0.2 0.2 0.0 
d3 0.2 0.4 1.0 0.8 0.2 0.0 
d4 0.0 0.2 0.8 1.0 0.4 0.2 
d5 0.0 0.2 0.2 0.4 1.0 0.8 
d 6  0.0 0.0 o:o 0.2 0.8 1.0 

Again, considering the process of partition as shown 
in Definition 5, restriction in (3) shows that fuzzy 
classes in the partition seem to be 'disjoint' in deal-
ing a single element of data. In other words, if 
equality in (3) is changed to be inequality as shown 
in the following_ equation (7) it allows the fuzzy 
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fuzzy c-covering 

fuzzy symmetric c-covering 
fuzzy symmetric c-partition 

fuzzy c-partition 

Figure 2: Fuzzy Partitions and Coverings 

classes to overlap one another in dealing the ele-
ments of data. 

c 

(dk) 1 for all k E Nn. {7) 
i=l 

A single element of data may totally (with the de-
gree of 1} belong to more than one fuzzy class. 
Here, the construction might be called fuzzy cov-
ering instead of fuzzy partition, if we assume that 
fuzzy classes in partition must be disjoint in deal-
ing a single element. Similarly, there are two fuzzy 
covering; fuzzy c-covering is restricted by (4) 
and (7} and fuzzy symmetric c-covering is re-
stricted by {6) and (7). We summarize relation of 
all fuzzy partitions and fuzzy coverings in Figure 2. 
Fuzzy as well as crisp covering play important roles 
in generalization of rough set theory [5, 18). 

4 Fuzzy Thesaurus 
Thesaurus serves to associated entry terms with 
related terms in order to provide associative in-
formation in information retrieval [15]. Gener-
ally, related terms are divided into three categories: 
Broader Terms (BT), Narrower Terms (NT} and 
Related Terms (RT). Terms categorized under BT 
have broader meanings than the entry term. Con-
trary to BT, terms categorized under NT have nar-
rower meanings than the entry term. Terms cate-
gorized under RT have similar meanings that are 
related to the entry term. Some methods have 
been developed and studied for generating the-
saurus such as done by Salton (1971) [16), Larsen 
and Yager (1993) [14], Choi et al. (1998) [4], and 
Tikk et al. (2003) [19). 

Related to fuzzy covering as discussed in the pre-
vious section, we propose an alternative method 
in generating a fuzzy thesaurus based on a crisp 
and fuzzy granularity. The method shows that a 
term has a semantic connection to the other terms 
when they together occur, for example, in the same 
documents as keyword or subject. They will have 
stronger relatioilship if they occur more frequently 
in the same documents. Let P = {P1, ... , Pn} de-
note a finite and non-empty set of documents (i.e., 
papers, articles, etc) and D = {d1, ... , dm} be a 
set of terms (i.e., subjects or keywords). Pi E P 
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regarded as a fuzzy class on D is defined as a map-
ping from D to the closed interval [0,1] character-
ized by a membership function : D [0, 1], 
where P may represent a fuzzy c-covering over D 
as discussed in the previous section. On the other 
hand, by (5}, dj E D could be defined as a fuzzy 
class on P characterized by a membership function 

: P [0, 1) , where D, on the contrary, repre-
sents a fuzzy c-covering over P. Degree of similarity 
between two terms can be calculated by using fuzzy 
conditional probability relation as defined in Def-
inition 4. We then define two kinds of similarity 
classes of a given term d i  in the presence of crisp 
granularity. 

Definition 6 Let D be a non-empty universe of 
terms, and R be a fuzzy conditional probability re-
lation. For any term di E D, and 
are defined as a set of terms that supports d i and a 
set of terms supported by di , respectively by: 

where E [0, 1] . 

{d E D|R(di,d) 
{d E D|R(d, d i )

(8) 
(9) 

( d i )  can also be interpreted as a set of terms that 
is similar to di. On the other hand, can be 
considered as a set of terms to which di is similar. 
Here, and are regarded as two dif-
ferent semantic interpretations of similarity classes 
in providing a crisp granularity of terms. For two 
similarity classes of terms, and the 
complement, intersection and union are defined by: 

{d E D|d 
n = {d E D|d E and dE 
U ={d E Did E or d E 

Similarly, the complement, intersection and union 
can be defined for two similarity classes, P ( di) and 

Obviously, the similarity classes of terms 
satisfy properties of Boolean lattice, for the subsets 
are crisp sets. 

Then, a measure, denoted by ( d i , di), is de-
fined to calculate degree of association between two 
terms, di and dj as follows: 

where | · |  denotes the cardinality of set. Degree of 
association is used to define a fuzzy thesaurus; E 
D, 

= { di ), ,(11) 0, otherwise, 

= { d) , d) ,(12) 0, otherwise. 
) n 

= = (13) 
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By definitions we can obtain some conclusions such 
as: If = and > 
0 then di and have the same range of mean-
ing. If di and dj are not semantically related, then 
.8(di ,dj) = 8(dj,di) = 0. Hence, there are no rela-
tion between d i and dj in· BT, NT and RT. RT 
satisfies symmetric property such as: = 

E D. If = 1, then 
d i  and dj are regarded as synonymous. Similarly, if 

= = 1 then = 
1. If > then di is more 
similar to dj than to dk. If = 1, then 
the concept of di is completely included in the con-
cept of dj. On the other hand, if = 1, 
then the concept of dj is completely included in the 
concept of d i . If > then 
degree of inclusion of the concept of d i in the con-
cept of dj is greater than degree of inclusion of the 
concept of t:4 in the concept of dk . 

Similar to Definition 6, we might define two kinds 
of similarity \classes of a given term di in the pres-
ence of fuzzy granularity. 

Definition 7 Let D be a non-empty universe of 
terms, and R be a fuzzy conditional probability re-
lation. For any term d i E D, S(di) and P(di ) are 
defined as a set of terms that supports d i and a set 
of terms supported by d i , respectively by: 

(d) = R(di, d), Vd E D, (14) 
= R(d,di), Vd E D . (15) 

S( di) can also be interpreted as set of terms that is 
similar to di- On the other hand, ( di) can be con-
sidered as set of terms to which di is similar. Here, 
S(d) and P(d) are regarded as two different seman-
tic interpretations of similarity classes in providing 
a fuzzy granularity of terms. For two similarity 
classes of terms, S(di) and S(dj}, the complement, 
intersection and union are defined by: 

(d) = 1 - (d), (16) 
= (17) , 
= 

Similarly, the complement, intersection and union 
can be defined for two similarity classes, P(di) and 
P(dj). Since in the fuzzy granularity, similarity 
classes of terms are fuzzy sets, obviously some prop-
erties of Boolean lattice are not satisfied such as 
Law of Contradiction and Law of Excluded Mid-
dle. 

Then, in the presence of fuzzy granularity, a mea-
sure that shows degree of a s s o c i a t i o n  between two 
terms, d i and dj, is defined as follows: 

= (19) 

Also, definition ofBT in (11) and NT in (12) might 
be defined by using (19). RT in (13), 
is obtained from (19) by repl.a.cing its denominator, 

l 8 
with 
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5 An Illustrative Example 

Let P = {Pl, P2, ... , P6} be a set of documents (pa-
pers or articles) and D = { d1, d2, ... , ds} be a set of 
terms {keywords or subjects). Also, P is regarded 
as a set of fuzzy classes performing a fuzzy covering 
on D as restricted by (1), such as arbitrarily given 
by: 

P1 = {0.3/d2,0.7/d5, 1/d7, 1/ds}, 
P2 - {1/d2, 0.8/d5, 0.8/d7, 1/ds}, 
P3 = {0.9/dl, 0.9/d3, 1/d4,0.8/d6}, 
P4 {1/dl, 0.5/d3, 0.8/d4, 0.8/d6}, 
P5 = {0.1/d2,0.7/d5, 1/d4, 1/ds}, 
P6 {0.9/d2, 1/ds, 0.8/d4, 1/d8}, 

where i.e., { d 2 )  = 0.3. Degrees of similarity 
relationship between fuzzy classes in P are calcu-
lated using fuzzy conditional probability relation 
in (2) as represented by Table 5. Table 5 shows 

Table 5: Degree of Similarity, R(x, y), for x, y E P 
X \y P1 P2 P3 P4 P5 P6 
Pl 1.00 0.78 0 0 0.64 0.54 
P2 0.93 1.00 0 0 0.64 0.73 
P3 0 0 1.00 0.97 0.36 0.22 
P4 0 0 0.83 1.00 0.29 0.22 
Ps 0.60 0.50 0.28 0.26 1.00 0.70 
P6 0.67 0.75 0.22 0.26 0.93 1.00 

an asymmetric property, for R(p1,p2) = 0.78, but 
R(p2,p1) = 0.93. Also, R(p1,P2) < R(p2,p1) 
means that P2 takes a wider meaning in D than 
P1. 

On the other hand, by using (5), every term in D 
can be represented as a fuzzy class on P as follows. 

dl {0.25/p3, 0.32/p4}, 
d2 = {0.1/pl, 0.28/p2, 0.06/p5, 0.24/p6}, 
d3 = {0.25/p3, 0.16/p4}, 
d4 = {0.28/p3, 0.26/p4, 0.36/p5, 0.27 /P6}, 
d5 = {0.23/p1, 0.22/p2, 0.25/p5, 0.27 /P6}, 
d6 = {0.22/p3 , 0.26/P4}, 
d7 = { 0 . 3 3 / P 1 ,  0.22/P2}, 
ds = {0.33/pl, 0.28/P2, 0.36/p5, 0.27 /P6}-

It can be proved that the above results also sat-
isfy (3) and (4) performing a fuzzy covering on P. 
Similarly, degrees of similarity relationship between 
terms in D can be calculated by (2) as given in Ta-
ble 6. From Table 6, we can construct two asym-
metric similarity classes for every term in the pres-
ence of crisp granularity with 0.5, by us ing  (8) 
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Table 6: Degree of Similarity, R(x, y), for x, y E D 
X \y d1 d2 d3 d4 ds d6 d7 ds 
d1 1.00 0 1.00 0.44 0 1.00 0 0 
d2 0 1.00 0 0.26 0.64 0 0.58 0.53 
d3 0.72 0 1.00 0.35 0 0.79 0 0 
d4 0.89 0.44 1.00 1.00 0.54 1.00 0 0.51 
ds 0 0.91 0 0.44 1.00 0 0.82 0.86 
dt; 0.84 0 0.93 0.41 0 1.00 0 0 
d7 0 0.47 0 0 0.46 0 1.00 0.49 
ds 0 1.00 0 0.54 1.00 0 1.00 1.00 

and (9): 

So.5(d1) = {dt,d3,d6}, 
Po.5(d1) = { dt, d3, d4, d6}, 
S0.5(d2) {d2,d5,d7,ds}, 
P0.5(d2) = { d 2 , d 5 , d 8 } ,  

S0.5(d3) = {d1,d3,d6}, 
P0.5(d3) = { d1, d3, d4, d6}, 
S0.5(d4) = {d1,d3,d4,d5,d6,d8}, 
P0.5(d4) = {d4,ds}, 
S0.5(d5) = { d2, ds, d1, ds}, 
P0.5(d5) = { d2, d4, d5, ds}, 
S0.5(d6) = {d1, d3, d6}, 
P0.5(d6) = {d1,d3,d4,d6}, 
S0.5(d7) = {d7}, 
P0.5(d7) = { d2, ds, d1, ds}, 
S0.5(ds) = {d2,d4,d5,d7,d8}, 
P0.5(d8) = { d 2 , d 4 , d 5 , d 8 } .  

The associated function in (10) is used to calculate 
degree of association between two terms as shown 
in Table 7. Finally, from Table 7, BT and NT can 

Table7: Degree of Association, forx,y E D 
X \y d1 d2 d3 d4 ds d6 d7 
dl 1.00 0 1.00 0.50 0 1.00 0 
d2 0 1.00 0 0.33 1.00 0 1.00 
d3 1.00 0 1.00 0.50 0 1.00 0 
d4 1.00 0.50 1.00 1.00 0.50 1.00 0 
ds 0 1.00 0 0.33 1.00 0 1.00 
d6 1.00 0 1.00 0.50 0 1.00 0 
d7 0 0.25 0 0 0.25 0 1.00 
ds 0 1.00 0 0.50 1.00 0 1.00 

be generated by using (11) and {12): 

BT(dt) = {1/d1, 1/d3, 1/d4, 1/d6}, 
NT(d1) = {1/dl, 1/d3, 1/d6}, 
B T ( d 2 )  = {1/d2,0.5/d4, 1/d5 , 1/ds}, 
NT(d2) = {1/d2,1/d5,1/d7}, 
BT(d3) = {1/dt, 1/d3, 1/d4, 1/d6}, 
NT(d3) = {1/dt, 1/d3, 1/d6}, 

ds 
0 

0.80 
0 

0.60 
0.80 

0 
0.20 
1.00 

We leave further calculation of BT, NT and RT for 
other relations dE D to the reader. 
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6 Conclusion 
Fuzzy partition as an altemative of constructing 
fuzzy granularity and mostly used in quantization 
and clustering was examined in order to deter-
mine similarity of fuzzy classes (subsets) as re-
sults of the fuzzy partition. Every element, ob-
ject, or whatever will have a relation (similarity) to 
the others because of their association in the same 
groups (classes). In this case, degree of similar-
ity can be approximately calculated corresponding 
to their association in the same groups (classes) 
by using a fuzzy conditional probability relation. 
Related to the symmetric property, we introduced 
fuzzy symmetric c-partition which was considered 
as a special case of fuzzy c-partition as proposed 
in [1, 12]. Fuzzy symmetric c-partition is also re-
garded as a basis of constructing (fuzzy) proximity 
relation [2, 6, 17]. Moreover we also introduced a 
fuzzy covering as a generalization of the fuzzy parti-
tion. Similarly, there are two fuzzy covering; fuzzy 
c-covering and fuzzy symmetric c-covering corre-
sponding to fuzzy c-partition and fuzzy symmetric 
c-partition, respectively. In addition, we then ap-
plied the concept of similarity classes in fuzzy c-
covering for generating a fuzzy thesaurus. Broader 
Terms (BT), Narrower Terms (NT) and Related 
Terms (RT) as usually used in categories of the-
saurus can be defined by a degree of association of 
terms (keywords or subjects). 
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Abstract: Various concepts of similarity relations used in clustering have been proposed until 
now dealing with number of coincided attributes, Euclid distance, etc. Generally, their degree 
of similarity between two objects is calculated by using only attribute values of the objects. 
However, as usually happen in human perception, degree of similarity between two objects may 
be different depending on by whom the perception is performed. For example, two blond hair 
persons may have different degrees of similarity depending on the perceptions performed by, 
for instance, a Northern European and a Japanese. In this paper, we propose a new concept 
of similarity, which is closer to human perception than traditional concepts of similarity. The 
concept of similarity is based on rarity of attribute values in a subset of objects regarded as 
human knowledge. That is, we use not only attribute values of two objects, but also a subset 
of objects. Then, we clarify mathematical properties of the concept of similarity and show its 
differences from a traditional concept of similarity. 
Keywords: Similarity Relation, Probability, Uniqueness Measure 

1 Introduction 

Various concepts of similarity relations have been 
proposed until now. Mostly those concepts of sim-
ilarity are dealing with number of coincided at-
tributes, Euclid distance, etc. Generally, degree of 
similarity between two objects is calculated only 
by using attribute values of the objects. However, 
as usually happen in human perception, degree of 
similarity between two objects may be subjectively 
different depending on by whom the perception is 
performed. For example, a Northern European and 
a Japanese may have different perceptions in de-
termining degree of similarity between two blond 
hair persons in which two blond hair person may 
be looked more similar by Japanese than by North-
ern European. 

Here, in this paper, we need to propose a new 
concept of similarity that is closer to human per-
ception. The concept of similarity is not only based 
on similar value of attributes between two objects, 
but also based on rarity of information (value of at-
tributes) by introducing a uniqueness measure. In 
the concept of similarity,_ a rarity is obtained from 
entropy of attribute value. Basically, our proposed 
concept of similarity has the same idea with a con-
cept of similarity proposed in(7]. However, the pro-
posed concept differs from [7] in that our proposed 
concept is based on human's perception by using 
rarity of attribute value in a subset of all objects 
regarded as knowledge. The structure of paper is 
the following. In Section 2, we discuss and explain 
the proposed concept of the similarity by giving 

some examples. Based on discussion in Section 2, 
Section 3 formally defines the concept of similar-
ity based on uniqueness measure. Then, we clarify 
mathematical properties of the similarity based on 
uniqueness measure in Section 4. Finally, a conclu-
sion is given in Section 5. 

2 Human Perception 
The concept of uniqueness-based similarity pro-
posed in this paper is based on human perception. 
In this section, first, we show an illustrative exam-
ple, and discuss how human perception works in 
a process of recognition. Then, based on human 
perception, we propose a new concept of similarity, 
called uniqueness-based similarity. 

2.1 Monkey and Human 
Let us suppose that there are two photographs, a 
photograph of two different monkeys and a photo-
graph of two different humans. As human, obvi-
ously we cannot recognize differences between two 
monkeys in the photograph well, but we can recog-
nize differences between two humans in their pho-
tograph {if they are not identical twin). This is 
because we have much knowledge related to the at-
tributes of humans by having many opportunities· 
(experiences) to see them, but we have few knowl-
edge related to the monkeys. Hence, it can be said 
that it is difficult for a human to recognize a mon-
key as a particular monkey compared with another 
monkey, because of our limited knowledge about 
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the monkeys. In other words, we do not know any 
important features or attributes of monkey to be 
recognized. It could be said that it may be difficult 
for monkeys to recognize a human as a particular 
human compared to the other human. In our point 
of view, humans and monkeys have different knowl-
edge. 

2 . 2  Human and Their Features 
Let us suppose that we have two pictures, a pic-
ture of two Japanese men (Fig.1) and a picture of 
the same persons with mustache (Fig.2). First, we 
consider a case when Japanese look at the pictures. 
Generally, Japanese could understand some impor-
tant features needed to recognize men without mus-
tache. So it is easy for Japanese to distinguish men 
without mustache. Furthermore, in many cases, 
Japanese have a rare opportunity to see men with 
mustache, so they tend to have a strong impression 
for a mustacb.ed image. Consequently, their atten-
tion will gather for the mustacb.e. As a result, men 
with mustache are looked more similar for Japanese 
than men without mustache. 

Next, we consider another case when Arabs look 
at a picture of two different Arabs with a mustache 
and a picture of the same persons without mus-
tache. Since Arabs have plenty of knowledge and 
experience to see men (Arabs) with mustacb.e, they 
could easily recognize the persons with mustache 
without being confused by the mustacb.e. More-
over, it is well known that almost all men of Arabs 
have musta.che. As a result, Arabs without mus-
tache may be looked more similar for Arabs than 
Arabs with a mustache. 

Finally, we consider Arabs look at the pictures of 
Japanese in Fig.1 and Fig.2. It seems that Arabs 
will do the same evaluation as Japanese. We can 
guess that Arabs' knowledge has a concept that 
mostly Japanese do not have mustacb.e. 

2.3 Summary of Discussion 
From the discussion above, it can be summarized 
that human can recognize anything if he has enough 
knowledge or experience about it, where knowledge 
plays important role in human perception. Here, 
knowledge is constituted based on subjectivity for 
every human, and the subjectivity is made from 
what it has been experienced until now. When an 
element. and its combination (feature) are unique in 
knowledge, human has a tendency to react to the 
unique thing sensitively. For instance, it is applied 
to the features such as, monkeys are covered with 
red hair, humans (Japanese) have mustache, etc. 
Therefore, in this paper, we propose a new con-
cept of similarity based on uniqueness (measure) in 
which the concept of similarity naturally represents 
human perception. That is, human will pay much 
attention to a rare (unique) case in the whole data. 
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Figure 1: The case ofhaving no musta.che 

Figure 2: The case of having a musta.che 

3 Similarity based on Unique-
ness Measure 

This section formally defines the concept of simi-
larity based on the uniqueness measure. Also, we 
define a simple concept of traditional similarities 
in order to make a comparison with the proposed 
concept of similarity. 

First, we need to define a. data table ca.lled infor-
mation system as usually used in knowledge rep-
resentation. Simply, we use a binary information 
system as the following definition. 

Definition 1 Information system contains data 
about objects of interest characterized by some at-
tributes. A binary information system is defined 
as a quadruple I= (U, A, V, p), where U is a non-
empty finite set of objects called the universe, A is 
a non-empty finite set of attributes, V is a set of 
{0, 1} and p: (U x V. 

Example 1 Given a binary information system in 
Table 1 consists of ten objects, {ut,u2,···,u10}, 
and five attributes, {a1,a2, ···,a5}. For example 
in Table 1, an attribute value of object u3 in at-
tribute as is given by p(u3, a5) = 1. Also, an at-
tribute value of object U7 in attribute at is given by 
p(u7,a1) = 0. 

Next, we define a degree of coincidence by com-
paring attribute values between two objects in a 
given attribute. 
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Table 1: An example of information system 

u1 0 1 0 0 0 
u 2 1 0 0 1 0 
u3 0 1 0 0 1 
u4 0 1 0 1 0 
u5 1 1 0 0 1 
u 6 0 1 1 1 1 
u7 0 1 1 0 0 
u8 0 1 1 1 0 
u 9 0 0 1 0 0 
u10 0 1 1 1 0 

Definition 2 Degree of coincidence between two 
objects ui, uj E U in attribute ak E A is denoted 
by M(ui, uj, ak), and defined as follows. 

Next, we define a simple concept of traditional 
similarities by using degree of coincidence as the 
following definition. 

Definition 3 Traditional similarity between two 
objects u i , u j  E U is denoted by Stra(ui,uj), and 
defined by: 

(2) 

where ak EA, and |A| is cardinality (number of 
elements) of set of attributes A. 

The above similarity is obtained by dividing a 
number of coincided attributes of two objects by a 
number of all attributes. 

Example 2 Using Definition 3, similarity between 
u2 and u5, and similarity between u8 and u10 in 
Table 1 are calculated by: 

2 
Stra( u2, u5) = = 0.4, 

5 
Stra( u8, u10) = = 1. 

In Section 2, we discuss that degree of similarity 
may be changed by knowledge in which knowledge 
is regarded as a subset of U. Next, we need to define 
some functions based on the knowledge in order to 
define the concept of uniqueness-based similarity. 

Definition 4 Let ui E U is an object, X U is 
knowledge, and ak E A is an attribute. P( ui, ak, X) 
is defined as probability of an attribute value in X 
as given by: 
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M(ui,uj,ak) 

P(ui ,ak,X) = (3) 

Example 3 Let X= {u1, u2, u3, u4, u5} be knowl-
edge X. P(u2,a1,U), P(u5,a3,U), P(u2,a1,X) 
and P( u5, a3, X) are calculated as follows. 

2 . 
P( u2 , a1, U) = 

10 
= 0.2, 

5 
P(u5, a3, U) = 

10 
= 0.5, 

2 
P(u2, a1, X)= = 0.4, 

5 
P(u5, a3, X)= = 1. 

Using the probability of an attribute value in a 
given subset of objects as defined in Definitiou4, a 
concept of uniqueness measure is characterized by 
a function to calculate uniqueness of relationship 
between attribute values of two objects in a certain 
attribute. 

Definition 5 Given X U, uniqueness measure 
relationship between two objects ui, uj E U in an 
attribute ak E A is characterized by a function 
C(ui, uj, ak, X) . 

C(ui, uj, ak, X) 

{ 

1- P(ui,ak,X)2 
if M(ui, uj, ak) = 1 (4) 

1- 2 x P(u i,ak,X) x P(uj,ak,X) 
if M{ui, uj, ak) = 0. 

= 

Generally, this function calculates subtraction a 
probability, which attribute values of two objects 
occur at once from one. Since all attribute values 
take 0 or 1, occurrences of attribute values of two 
objects are divided into four cases. They are a case 
of 0 and 0, a case of 0 and 1, a case of 1 and 0, and 
a case of 1 and 1. The case, which attribute values 
are different is two cases (0 and 1, and 1 and 0). 
Hence, probability is twice when M(ui, uj, ak) = 0. 

Example 4 We show two examples of a case when 
two attribute values are different, C(u2, u5, a2, X), 
and a case when two attribute values are the same, 
C( u2, u5, a3, X). 

Let knowledge be X= {u1,u2,u3,u4,u5}. 

C( u2, u5, a2, X) 
= 1-2 x P(u2,a2,X) x P(u5,a2,X), 

1 - 2 X 0.2 X 0.8, 
1-0.32, 
0.68. 
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C(u2, u5, a3, X) 
= 1-P(u2,aa,X)2, 

1-12 , 

= 0 .. 

In the second example, attribute values of a3 in 
X are all 0's. Consequently, attribute values in a3 
are not rare. Therefore, C( u2, u5, a3, X) = 0. 

Now, by using uniqueness measure as defined in 
Definition 5, we define a concept of similarity be-
tween two objects as follows. 

Definition 6 Degree of sim-
ilarity based on uniqueness measure between two 
objects u i ,  uj E U for U is calculated by the 
following equation. 

|A| ( C( u i , uj, ak, X) x M( ui, uj, ak)) 

Suni(ui, uj, X)= ---------

C( u i ,  uj, ak, X) 
k=l 

(5) 
Example 5 Given the information system in Ta-
ble 1 and let X be {u1, u2, u3, u4, us}. By using Eq. 
5, we calculate degree of similarity between u2 and 
u5 as follow. 

= 

Suni(u2, u5, U) 
0.96 +0.75 
0.96 + 0.68 + 0. 75 + 0.5 + 0.58' 
1.71 

= 3.47' 
0.493. 

Suni(u2, us, X) 
0.84 +0 
0.84 + 0.68 + 0 + 0.52 + 0.52' 
0.84 

= 2.56' 
= 0.328. 

Similarly, degree of similarity between us and u10 
is given by: 
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Suni.(u8, U10, U) 
0.36 + 0.36 + 0. 75 + 0. 75 + 0.51 

= 0.36 + 0.36 + 0.75 + 0.75 + 0.51' 
2.73 

= 2.73' 
1. 

Suni(u8, u10, X) 
0.64 + 0.36 + 1 + 0 . 8 4  + 0.64 

= 0.64 + 0.36 + 1 + 0.84 + 0.64' 
3.48 

= 3.48' 
1. 

143 

In knowledge X, all attribute values of a3 are 
equal to 0. Consequently, uniqueness of 0 in at-
tribute a3 disappeared. Hence, it can be verified 
that 

Suni(u2, u5, U) Suni(u2, U5, X}. 
Also, in the case of Suni(u8, u10, U) and 
Suni(u8, u10, X), since attribute values of two ob-
jects in all attributes are the same, their similarity 
is equal to 1 for any subsets. 

In these two cases, when a subset of objects con-
sists of only one object and when all objects in the 
subset have exactly the same attribute values for 
all attributes, results of calculation by using Eq.5 
are equal to Here, we consider as 1 in this 
research. 

4 Mathematical Properties of 
Similarity Based on Unique-
ness Measure 

As a primary goal in this paper, this section dis-
cusses mathematical properties of similarity based 
on the uniqueness measure. There are several well 
lmown mathematical properties of binary relations 
such as equivalence relation, fuzzy similarity rela-
tion [8], weak fuzzy similarity relation [5], resem-
blance (proximity) relation [1] and etc. Equivalence 
relation is considered as the strongest binary rela-
tion, and it can be verified that similarity between 
crisp data satisfies the equivalence relation as given 
by the following definition. 

Definition 7 It is called equivalence relation, if bi-
nary relation satisfies the following properties. 

Reflexivity: 
R(x, x) = 1, 

Symmetry: 
y R(x, y) = R(y, x), 

Transitivity: 

R(x, y) = R(y, z) = 1 R(x, z) = 1. 

Fuzzy similarity relation has a weaker transitive 
property than equivalence relation for dealing with 
fuzzy data. 

Definition 8 It is called fuzzy similarity relation, 
if binary relation satisfies the following properties. 

Reflexivity: 
R(x, x) = 1, 

Symmetry: 
R(x,y)=R(y,x), 

Max-min Transitivity: 

R(x, z) maxyeumin[R(x, y),R(y, z)]. 
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The weak fuzzy similarity relation is proposed 
based on conditional probability relation [6). In 
conditional probability relation, similarity relation-
ship between two data is assumed similar to the re-
lationship between two events in conditional prob-
ability. 

Definition 9 It is called weak fuzzy similarity re-
lation, if binary relation satisfies the following prop-
erties. 

Reflexivity: 
R(x, x) = 1, 

Conditional Symmetry: 
y if R(x, y) > 0 then R(y, x) > 0, 

Conditional Transitivity: 
z 

if R(x, y) R(y, x) > 0 and 
R(y, z) R(z, y) > 0 then R(x, z) R(z,x). 

Definition 10 The binary relation that satisfies 
only reflexivity and symmetry properties is called 
resemblance (proximity) relation. 

Theorem 1 Similarity based on uniqueness mea-
sure satisfies resemblance relation. 

It can be verified easily. 
In order to explore more properties, it is neces-

sary to define number of coincidence attributes. 

Definition 11 Number of coincidence attributes 
is given by the following equation: 

|A|
N(ui,uj) = (6) 

k=l 

Theorem 2 In the traditional similarity, all 
Ui, Uj, Uk, ul E U satisfy the following property. 

N(ui, uj) N(uk, ul) 
if and only if (7) 

Btra(ui,uj) Stra(Uk,ul)· 

However, in the similarity based on uniqueness 
measure, the property is not always satisfied. 

Proof: 
In the traditional similarity, it is clear to satisfy 

the above property from Definition 3. 
In the similarity based on uniqueness measure, 

we show a counter example. In the binary in-
formation system in Table 1, let knowledge be 
X= {u1,u2,u3,u4,u5}. Then we show degrees of 
similarity based on uniqueness measure between u2 
and u6, u4 and u5 as follows. 
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0.84 
0.52 + 0.68 + 1 + 0.84 + 0.52' 
0.84 
3.56' 

= 0.236. 

Buni { U4, Us, X) 
0.36+0 

0.52 + 0.36 + 0 + 0.52 + 0.52, 
0.36 
1.92; 
0.188. 

N(u2, u6) is 1 and N(u4, us) is 2. How-
ever, Suni ( u2, u6, X) is 0.236 and Suni ( u4, u5, X) 
is 0.188. 
Q.E.D. 

Definition 12 Related to the next theorem, let 
u E U has p(u, a) for a E A . We define that ~  u 
has 1- p(u,a) for a E A. 

Theorem 3 In the traditional similarity, all 
Ui, Uj E U satisfy the following property. 

However, in the similarity based on uniqueness 
measure, all ui, uj E U do not always satisfy that 
Suni(ui,uj,X) + S u n i ( u i , ~ u j , X )  is equal to 1. 

Proof: 
First, we prove that Eq.9 is satisfied in the tradi-
tional similarity. 

Btra(ui, Uj) + Btra(Ui, ~  Uj) 
|A| |A|

Uj,ak) 
k=l + 

|A| |A| 
IAI |A|

k=l + 
|A| |A| 

|A| 
M(ui, Uj, ak) + 1 - M(ui, Uj, ak) 

k=l 

|A| 

In the similarity based on uniqueness measure, 
we show a counter example, which does not satisfy 
Suni ( ui1  Uj, X) + Suni ( Ui, ~  Uj, X) = 1. We use the 
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information system in Table 1. Let knowledge be 
X= {u1,u2,u3,u4,u5}. We consider a similarity 
of u2 and u5. 

= 
Suni(u2, u5, X) 
0.84 +0 
0.84 + 0.68 + 0 + 0.52 + 0.52' 
0.84 

= 2 .. 56' 
0.328. 

S u n i ( u 2 , ~  u5, X) 
0.96 + 0.84 + 0.64 

= 0.52 + 0.96 + 1 + 0.84 + 0.64 ' 
2.44 

= 3.96' 
= 0 .. 616. 

From Suni(u2,u5,X) + Suni(u2, ~  us, X) = 
0.944 1, it can be proved that the similar-
ity based on uniqueness measure does not satisfy 
Suni(ui, uj, X)+ Suni(u i ,~uj, X)= 1. 
Q.E.D. 

Theorem 4 In the traditional similarity, all 
ui, u; E U satisfy the following property. 

However, in the similarity based on uniqueness 
measure, the above property is not always satisfied. 

Proof: 
First, we prove that Eq.lO is satisfied in the tradi-
tional similarity. 

= 

= 

= 

= 

Stra(~ ui, ~ uj) 
|A|

u i ,~  u;,ak) 
k=l 

|A| 
|A|

1 -M(~ ui, uj, ak) 
k=l 

|A| 
|A|

1 - (1- M(ui, uj, ak)) 
k=l 

|A| 
|A| 

M(ui, uj, ak) 
k=l 

|A| 
Stra(ui, uj). 

In the similarity based on uniqueness measure, 
we show a counter example which does not satisfy 
Eq.10. 
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Again, we use the information system in Table 
1. Let knowledge be X = {u1, u2, u3, u4, u5}. We 
consider a similarity of u2 and u5. 

Suni{u2, u5, X) 
0.84 +0 
0.84 + 0.68 + 0 + 0.52 + 0.52' 
0.84 

= 2.56' 
= 0.328. 

Suni(~ u2, ~ u 5 ,  X) 
0.64 +1 

= 0.64 + 0.68 + 1 + 0.52 + 0.52' 
1.64 

= 3.36' 
= 0.488. 

From Suni(u2,u5,X) = 0.328 and Suni("' U2,~
u5, X) = 0.488, it can be proved that the similar-
ity based on uniqueness measure does not satisfy 
Suni(ui, uj, X)= Suni(~ u i ,~  uj, X). 
Q.E.D. 

Theorem 5 For any knowledge, X1, X2 U, 
similarities among objects, ui, uj, uk, u1 E U, do 
not satisfy: Suni(ui, uj, Xt) Suni(uk, ul, Xt) if 
and only if Suni(ui, uj, X2) Suni(uk, ul, X2). 

Proof: 
We show a counter example. In the information 
system of Table 1, let be X1 = {u1,u2,u3,u4,u5} 
and x2 = {u6, u7, u8, u9 ,  u10}. Then, 

Suni(u1, u6, Xt) 
Suni(u4, u5, X2) 
Suni(u1, u6, X2) 

Therefore, 

0.329, 
0.382, 

= 0.140. 

Suni(u4, u5, Xt) 
Suni(u4, u5, X2) 

< Suni(u1,u6,X1), 
Suni(u1,u6,X2)· 

The similarity based on uniqueness measure does 
not satisfy that Suni(ui,uj,X1) Suni(uk,ul,X1) 
if and only if Suni(ui,uj,X2) Suni(uk,u1,X2)· 
Q.E.D. 

Example 6 Theorem 5 proved that order of sim-
ilarity could be changed. We explain by using the 
following example. 

In the information sys-
tem of Table 1, let be X= {u1,u2,u3,u4,u5} and 
U ={ut, u2, u3,u4, u5, u6, u7, us, ug, u10}. Then, 
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Suni ( U2, U3, X) 0, 
Buni(u2,u7,X) = 0.190, 
Buni ( U2, U3, U) 0.235, 
Buni(u2, U7, U) 0.177, 

Bu.ni(u2, u3,  X) < Bu.ni(u2, u7, X), 
Suni(u2, U3, U) > Suni(u2, u7,  U). 

In knowledge X, u7 is more similar to u2 than 
u3.  Also, in knowledge U, u3 is more similar to u 2 
than u7. In knowledge X and U, order of similarity 
is changed. 

5 Conclusion 
In this paper, we discussed and introduced a new 
concept of similarity dealing with uniqueness mea-
sure, called uniqueness-based similarity. We com-
pared the concept of uniqueness-based similarity 
with a concept of traditional similarity by which 
the concept of uniqueness-based similarity is closer 
to human perception than the concept of tradi-
tional similarity. We then showed mathematical 
properties of uniqueness-based similarity. In the 
future, we would like to clarify more properties of 
the uniqueness-based similarity, and apply the con-
cept to the real world application. 
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Abstract: Memetic algorithms (MA) are essentially variants of Evolutionary Algorithms that incorporate local learning 
procedure or m e m e s  in the evolutionary search as a fonn of improving the search control accuracy and efficiency. In this 
paper, we constder two methods in which MA can be used to assist in constructing a fuzzy modelling system. The main 
purpose o f  t h i s  paper is to explore possibilities of using MA for constructing a sparse fuzzy rule base system . . The first 
approach i s usmg MA to extract sparse fuzzy rules, which is conceptually similar to the Sugeno and Yasukawa's (SY) 
quahtattve fuzzy model. B a s e d  on the output partition determined by using the fuzzy c-means (FCM) clustering, w e  use 
MA to search for the optunum fuzzy rules that correspond to the respective fuzzy output partition. The results of this fust 
approach are used to c o m p a r e  w i t h  a variant of the original SY fuzzy modelling, in which we termed it as Improved SY 
fuzzy modellmg m thts paper. As m the Improved SY modelling, parameter identification can be viewed as an optimising 
problem. Subsequently for the parameter identification problem, MA is utilized as an optimiser to perform search 
exploitation in the neighbourhood of the prior knowledge extracted by the Improved SY fuzzy modelling approach. The 
empmcal results of these three approaches are presented and discussed in this paper. 

Keywords: fuzzy modelling, genetic algorithms, memetic algorithms, fuzzy rule extraction, parameter identification. 

1. Introduction 
Computational intelligence especially with the 

combination of fuzzy rule based systems and genetic 
algorithms (GAs), has become a popular technology used 
to solve many problems of high complexity [1,2,3]. 
Hwand. et al. [1] used fuzzy c-,means clustering together 
with GA hybrid scheme for identifying the structure and 
the parameters of a fuzzy model. Onisawa et al. [2] also 
used an interactive GA for fuzzy rule acquisition and the 
determination of the number of fuzzy rules. The use of 
interactive GA allows human experts to evaluate the 
results and intelligibility of the linguistic expressions of 
the acquired fuzzy rules. The current frameworks and 
latest trends of genetic fuzzy systems can be found in [3]. 
In this paper, we consider a recent breed of hybrid GAs, 
known also as m emetic algorithms (MAs) for fuzzy 
modelling. 

In the area of optimization, there are generally two 
forms of search methods: global and local searches. Global 
optimizers are useful when the search space is likely to 
have many minima, making it hard to locate the true global 
minimum [4, 5]. An example ofmodem stochastic global 
search methods is the genetic algorithm (GA). GAs are 
search algorithms that use operators found in natural 
genetics to guide through a search space. They are 
empirically shown to provide robust search capabilities in 
complex spaces, however they usually take a relatively 
long time to convergence to the exact optinmm. On the 
other hand, local search methods or memes are designed to 
quickly locate the .exact local optimum within a smaller 
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region of the search space, but are typically poor global 
searchers. Local procedures do not guarantee global 
optimality. In practice, several random starting points may 
be generated and used as inputs to the local search 
technique and the best solution is recorded. Such 
optimization technique, commonly known as a multi-start 
algorithm has been used extensively [6]. Nevertheless it is 
a blind search technique since it does not take into account 
past information. Genetic algorithms, unlike multi-start, 
utilize past information in the search process. Recently, 
local improvement procedures have been incorporated into 
GAs to improve their performance through what could be 
termed as "learning". Such hybrid GAs, which utilize local 
learning heavily, are commonly known also as memetic 
algorithms (MAs). These techniques have been used 
successfully to solve a wide variety of realistic problems 
and will be considered here in this paper [7]. 

Fuzzy modelling on the other hand has the ability to 
assign meaningful linguistic labels to the fuzzy sets in the 
rule base [8]. Sugeno and Yasukawa's qualitative 
modelling (SY) method [9] has gained much attention in 
the fuzzy research field mainly due to its advantage of 
building a sparse fuzzy rule base automatically from 
sample input-output data by putting focus on the output 
space instead of the input space. The usual fuzzy controller 
identification methods generate dense fuzzy rule bases, so 
that the rule premises form a fuzzy partition of the input 
space. In a dense fuzzy rule base, the number of rules is 
very high, as it depends on the number of inputs and the 
number of partitions per variable in an exponential way. In 
order to avoid this exponential number of rules, the SY 
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method puts emphasis on the rule consequents, i.e., the 
output space, and first fmds a partition in output space. 
The determination of premises in the input space .is done 
by splitting appropriately the inverse images of the output 
clusters. In the original SY modelling, there are a few 
issues that remain to be unaddressed. This has lead to the 
development of the Improved SY modelling [10]. 

Since both fuzzy modelling and MAs have their unique 
strengths, it makes good sense to combine these two 
techniques. In this paper, we present the use of MAs as an 
alternative for building fuzzy modelling system. The main 
purpose is to explore . possibilities of using MAs for 
constructing a sparse fuzzy rule base system, which is 
conceptually similar to the Sugeno and Y asukawa's (SY) 
qualitative fuzzy model. Here, we consider two methods in 
which MAs are compared with GAs in constructing a 
fuzzy modelling system. First, based on the output 
partition determined by using the fuzzy c-means (FCM) 
clustering, we use GAs and MAs respectively to search for 
the optimum fuzzy rules that correspond to the respective 
fuzzy output partition. Subsequently, the results obtained 
by the MAs are compared with those using GAs, and the 
Improved SY fuzzy modelling. In the Improved SY 
modelling, the parameter identification process can be 
formulated as an optimising problem. In this aspect, both 
MAs and GAs are used to perform search exploitation in 
the neighbourhood of the prior knowledge provided by the 
Improved SY fuzzy modelling approach. The results found 
by MAs are compared with those of GAs too. 

This paper is organized as follows: Section 2 briefly 
describes the canonical MAs. Section 3 describes the SY 
fuzzy modelling and the Improved SY fuzzy modelling. 
Section 4 describes the use of GAs and MAs for extracting 
fuzzy rules directly from the input-output data. Section 5 
presents the use of GAs and MAs just for parameter 
identification using prior knowledge . extracted from the 
Improved fuzzy modelling. The empirical results using 
synthetic data are presented in section 6 while section 7 
summarizes the main conclusions. 

2. Memetic Algorithms 
Two competing goals govern the design of global 

search methods: exploration is necessary to ensure global 
reliability; exploitation concentrates the search efforts 
around the best solutions found so far by searching their 
neighborhoods to produce better solutions. Many search 
algorithms achieve these two goals using a combination of 
dedicated global and local searches. These are commonly 
known as hybrid methods. MAs, which incorporate local 
improvement procedures or memes with traditional 
evolutionary algorithms (EAs), may thus be used to 
improve the performance of EAs in search. One main 
feature of M emetic algorithms is that they make use of the 
local improvement procedures heavily in the evolutionary 
search. MAs have been used successfully to solve a wide 
variety of engineering design problems and experimental 
studies show that MAs not only often fmd better solutions 
than simple EAs, for example the simple GAs, but also 
that they may search more efficiently [11, 12, 13]. 
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2.1. Genetic Algorithms 

GAs based on the Darwinian survival-of-the-fittest 
theory, are efficient and broadly applicable global 
optimization algorithms [14]. In contrast to conventional 
search techniques, canonical GAs starts from a group of 
points coded as finite length alphabet strings instead of a 
real parameter set. Furthermore, GAs are not hill-climbing 
algorithms hence derivative information and step size 
calculation are not required in the search. The three basic 
operators of GAs are: selection, crossover and mutation. 
GAs decides on the chromosomes or individuals that 
survives in subsequent generation based on its fitness, and 
the selection mechanism. For example, linear ranking 
selection or tournament selection is some of the selection 
mechanism that is commonly used. It then exchanges and 
recombines a pair of chromosomes through crossover. 
Finally, mutation is conducted to change certain point state 
probabilistically to facilitate search diversity. 

2.2. Local Search Methods 

Local search method generally concentrates its search 
process around a given start point to adopt a better solution. 
A typical local search method is outlined in figure 1. The 
local search begins with choosing a direction of movement 
prescribed according to some heuristic algorithm. 
Subsequently, a line search or trust region approach is then 
performed to determine the next appropriate step. The 
process is repeated at the new point and the algorithm 
continues until a local minimum is found. 

Procedure A Typical Local Search Method 
Begin 

1. 
2. 
3. 

4. 

End 

Start from some given point X i 

Assign count i= 1; 
Calculate a search direction Di 
Determine an appropriate step length 
Replace x i+ 1 = xi + * Di 
Converged? 

• Yes: stop and output results 
• No: goto step 3. 

Figure 1: A typical Local Search Method 

Local search methods are often distinguished according 
to their choice of search direction. In general, according to 
the algorithm that uses derivative information or not, 
continuous parametric local search methods may be 
categorized as second, first or zeroth order methods [15]. 
Here we consider all three kinds of local methods in the 
MA search for fuzzy modelling. 

2.2.1. Second order method 

This method makes use of the function values, its first 
(partial) and second i.e., the Hessian, derivatives, to guide 
search directions. Newton-Raphson method [15] is an 
example of the second order method. It is based on the 
idea of approximating partial derivative with its linear 
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Taylor series expansion about a value. This method is 
powerful and simple to implement. It will converge to a 
fixed point from any sufficiently close starting value [15]. 

2.2.2. First order method 

When the second derivative is unavailable, it is possible 
for such methods to use only the function values and its 
first (partial) derivatives. Examples of first order methods 
include the Steepest Descent, Conjugate Gradients and 
Quasi-Newtonian Methods. The steeping descent uses the 
first-order Taylor polynomial to construct local linear 
approximation ofthe function [15]. 

2.2.3. Zeroth order method 

Zeroth order methods, such as direct search techniques, 
are often very useful when the derivative information, both 
Hessians and gradients of the function, are either 
unavailable or unreliable. Hence,. the main feature of 
zeroth order method is that they only need the object 
function values or in some cases just the relative ranks of 
the objective v a l u e s .  The direct search only needs this 
information to guarantee the sufficient information about 
the local behaviour of the function. Pattern search, simplex 
search and methods with adaptive sets of search directions 
constitute the three main categories of direct search [ 15]. 

2.3.Pseudo- code of Canonical Memetic 
Algorithms: 

The pseudo code of the canonical MAs is outlined in 
figure 2. In the first step, the GA population is initialized 
randomly. Subsequently, for each chromosome o r  
individual in the population, a local s e a r c h  or meme is  

used to improve it locally in the spirit of Lamarckian or 
Baldwinian Learning. Standard GA operators are then used 
to generate the next population until the stopping 
conditions are satisfied. 

·Procedure Canonical Memetic Algorithms 
Begin 
Initialize: Generate an initial GA population; 

While (Stopping conditions are not satisfied) 
Evaluate all individuals in the population 

For each individual or chromosome in the population 
• Perform local search on it 
• Replace its fitness with the new value 
• Replace individual with locally 

improved solution for Lamarckian 
Learning. Do not proceed to do so if 
Baldwinian Learning is considered. 

End For 
Apply standard genetic algorithm operators to create a new 
population. 

End while 
End 

Figure 2: Pseudo-code of Canonical Memetic 
Algorithms 
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3. SY Fuzzy Modelling 
In this section, we discuss briefly the SY fuzzy 

modelling. The fuzzy modelling is . a system description 
with fuzzy quantities that are expressed in terms of fuzzy 
numbers of fuzzy sets in the rules associated with 
linguistic labels where a fuzzy rule usually does not have a 
tight relation with a linguistic label [9]. The construction 
of the rule base is performed in two main steps: the 
identification and the build-up of the qualitative model. 
The former can be further divided into two tasks: the 
structure identification and parameter identification. 
Linguistic labels can be assigned to the fmalized fuzzy sets 
in the rules in the qualitative modelling phase after an 
identified model. The identification task is summarized in 
Table I. Structure identification may be classified into two 
categories, where each category is further divided into two 
subtypes. [9,10]. 

Structure identification a: input candidates 
I b: input variables 

Structure identification a: number of rules 

n b: partition of the 
input space 

Parameter 
identification 

Table I: Classification of the identification 

Assuming a given data set, where x 1, .•• Xz are the input 
variables and y is the output variable. Further, Z sample 
data are given in the form of 
( i i i) i . 1 z X1,X2, .•• ,Xz y ,l = , ... , . 

3.1. Identification of input candidates and 
variables 

In type I structure identification, the main purpose is to 
fmd the input candidates of the system and the variables 
that affect the output effectively. It can be further divided 
into two parts. 

The structure identification type la consists of fmding 
possible input candidates for the input to a system. The 
goal of this type of identification is to fmd a certain 
number of input candidates from an infmite number of 
possible candidates. This kind of selection cannot be 
solved in general and one often does it -heuristically based 
on experience and/or common sense knowledge for this 
purpose. 

The structure identification of type Ib continues the 
process in type la. It concentrates on the selection of input 
variables that influence the output significantly. For this 
purpose one needs a criterion function to evaluate the 
various candidate sets of variables. This function assigns a 
value for a given set of variables and its task is to 
minimize or maximize .it. As this paper does not put focus 
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in this stage, the details of this identification stage 
mentioned in [9] and [I 0] will not be discussed here. 

3.2. Determination of the number of rules 
and the input partition 

In type 11 structure identification, it defines how the 
number of fuzzy rules is determined including the partition 
of the input space. It is divided into two stages. 

For most fuzzy controller identification methods, they 
normally generate dense fuzzy rule bases, so that the rule 
premises form a fuzzy partition of the input space. In a 
dense fuzzy rule base, the number of rules is high, as it 
depends on the number of inputs and the number of 
partitions per variable. In order to avoid this exponential 
number of rules, the SY method puts emphasis on the rule 
consequents, i.e., the output space. It first fmds a partition 
at output space, which is done by clustering the whole 
output data using fuzzy c-means clustering (FCMC)[16]. 
The optimal numbers of cluster are determined by means 
ofthe following criterion [17]: 

where N is the number of data to be clustered; c is the 

number of clusters, c 2; X k is the kth datum (usually 

vector), X is the mean data xk; V; is the center of the 

ith cluster (vector); is the membership degree of the 

kth datum with respect to the i t h  cluster; m is the fuzzy 
exponent, m > 1. 

From an output fuzzy cluster Bi. we can induce a fuzzy 
cluster A; in the multi-dimensional input space. This 
cluster can be projected onto the axes of the variables, 
hence defming the antecedent fuzzy sets in each input 
dimension. Starting from a cluster B;, and assuming that 
we have two input variables x1 and x2, we usually obtain a 
rule like 

Ifx1 is Ai and x2 is A;2 theny is B; 

Although this notation implies that the number of rules 
is identical with the number of output clusters, it can 
happen that this is not the case [10]. 

3.3. Parameter Identification 

The goal of parameter identification is to determine the 
values of parameters that are concerned with fuzzy 
membership functions in a system model. In essence, the 
parameter identification process may be regarded as an 
optimization search problem. The search parameters are 
those of the membership functions. In this work, we 
consider only trapezoidal membership functions . Hence 
this implies that there are 4 search parameters to be 
optimized for each antecedent P1 p2 P3 P4 . 
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In [9], it was proposed by the authors to repeat the 
search process for every input candidate evaluation step. 
At each stage, the performance of the rough fuzzy model is 
measured. For this purpose the performance index (PI) or 
objective/fitness function employed is given by Equation 
(3). 

(3) 

^

where m is data size, y is the ith actual output, and y is 

the ith model predicted output. Hence, the PI considered 
here is the mean square error of the dataset. Here we 
outlines the algorithm proposed in [9] for parameters 
identification. 

I) Define the f value of adjustment. 
2) A s s u m e  that the kth parameter of the jj

fuzzy set is given by 

3) Calculate + f and -f. If k=2,3,4,and 

- f is smaller than then 
k k 

k-1 k . 
=pj ;else Pj =pj -f.Also if k=1,2,3 

and + f is bigger than . then 

p j = ; else p j = + f . f is a 
constraint for adjusting parameters. 

4) Choose the parameter that shows the best 

^  k ^

performance PI in among P ,p j and { 
replace with it. 

5) Go to step 2 while unadjusted parameter exist. 
6) Repeat step 2 until we are satisfied with the 

result. 

A constant 5% of the width of the universe of discourse 
is employed for the value of f in [9]. Further, steps 1 to 6 
are repeated for 20 iterations. 

The accuracy of the SY fuzzy modelling was further 
improved in [10), which adapts/in the original parameter 
identification procedure proposed in [9] . The starting value_ 
off in each kth input-is defmed by Equation (4). 

f _ dom(k )  (4) - (4p * steps 

where dom(k) is the domain of the kth input, i.e., the 
difference between the smallest and the largest input in the 
given dimension; Psteps is some predefmed constant; 
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p start defmes the starting precision, and w is the iteration 
counter. 

The parameter identification is organized as a double-
nested loop. In the inner loop the four parameters are 
sequentially adjusted with the same actual adjusting value 
until no improvement can be achieved or the number of 
inner iteration attains a certain limit. Then w is increased if 
the equation (5) holds, that is, the value of w will increase 
if the amelioration -of the performance index is less than 
I 0%. the whole process then restarts again. 

PI =PIlast-PIactual 0.1 
speed < 

PI last 
(5) 

The outer loop stops when either the maximum time 
allowed is reached or the PIspeed falls below the pre-defmed 
threshold. 

Nevertheless, it is noticeable that the realization of the 
optimal set of fuzzy parameters clearly depends greatly on 
the assumption made on the constant parameters, i.e., 
Psteps and p start, defined in equations ( 4) and (5). As an 
improvement to this heuristic approach, we proposed the 
use ofMAs for optimum parameter identification. 

4. MAs for Fuzzy Rule Extraction 
Using the concept of SY modelling that was described 

in the previous section, we first presents a MAs fuzzy rule 
extraction technique by working from the output space to 
the input space. 

For each fuzzy rule i = 1, ... , c: 

R;: if x1 is Ai1 and x2 is Ai2 then y is B;. 

We first determine the partition of the output space 
B; , which is done by clustering the output data set using 
fuzzy c-means clustering (FCMC) [16]. The optimal 
number of cluster is computed by means of equation (2) as 
describe in section 3.2. GAs and MAs are then used to 
search for the partition of the input space Ai1 and A;2 . By 

using trapezoidal memberships, each Ai will consist of 

four parameters P 1 ,  P2 , P 3 ,  P4 , which are constrained to 

P1 < p2 < p3 < p4 . 

The pseudo-code of using MAs to pe_rform fuzzy rule 
extraction via optimizing the partition of the input space is 
given in Figure 3. 
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Procedure Memetic algorithms for fuzzy rule extraction 
BEGIN 

END 

Step 1: Initialize 
• Generate an initial GA population 

Step 2: For each individual in the population 
• Decompose it into C numbers of clusters, 

then each cluster are decoded into phenotype 
consisting of 4 parameters, 

• Sort the 4 parameters in ascending order and 
compute the fitness using PI in equation 3. 

• Perfonn local search. 
• Replace the genotype . in the population with 

the locally improved solution in the s p i r i t  of 
Lamarckian learning. 
End For 

Step 3: 
• Apply standard GA operators to create a 

new population; i.e., Selection, Mutation 
and Crossover. 

Step 4: Stopping condition satisfied? 
• Yes: stop and output results 
• No: goto step 2. 

Figure 3: MAs with Lamarckian learning for optimizing 
the input space partition in fuzzy rule extraction 

For the ease of our implementation, we consider it as a 
bound constrained optimization problem. In the search 
process, each genotype is first decoded. The decoded 
phenotype is then sorted in an ascending order. 
Subsequently, the PI in· equation 3 is employed to compute 
the fitness value of the individual based on the sorted 
phenotype. This process is illustrated graphically in Figure 
4. Here the length of each parameter Pi is defmed to be N 
bits. Hence the length of a chromosome becomes 4*N*C 
where C is the number of rules. For each rule, the length of 
the genotype is 4*N bits. Note that the pseudo-code ofGA 
search is similar to that in Figure 3 except that there is no 
local search conducted. 

5. Parameter Identification Using 
Memetic Algorithms 

Here our main purpose is to use GAs and MAs to exploit 
the prior knowledge obtained form the Improved SY 
modelling [10]. In particular, we consider our search in the 
direct neighbourhood of the fuzzy parameters provided by 
the improved SY modelling. 
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OriginaiGenotype: 4*N*C 

11 ... 01 

. .. 

Phenotype 
... . ....L.5 

Sorted 

Evaluate Sorted 

Figure 4: Process of evaluating a chromosome. 

Using this prior knowledge, the GAs and MA search 
has bounds of the forms: 

Low-bound 

;2 )/2 x2 (;2+ )/2 
(;2+ ;4)/2 
(;3+ ;4)/2 

^ ^ ^ ^

(6) 

Note that pl , p2 , p3 , p4 are the fuzzy parameters 
generated by the improved SY modelling. Low-bound and 
up-bound represent the extremes of the trapezoidal 
function. 

The process of parameter identification using MAs is 
outlined in Figure 5 and similarly, when using GAs, no 
local search will be performed during the search. 

6. Case Study and Discussion 
In this section, we present a case study to compare the 

performance of the three methods discussed earlier. In the 
first method, GAs or MAs are used to extract the fuzzy 
rules by first identifying the number of output clusters at 
the output. The second approach is the Improved SY 
modelling described in [10]. In the third approach, we use 
GAs or MAs to further optimize the fuzzy parameters 
generated from the Improved SY modelling. Sample data 
from (9] is employed in this work. 
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Procedure Parameter identification using memetic 
algorithms 
BEGIN 

END 

Step 1: Initialize 
• Generate an initial GA population according 

to the prior knowledge from improved SY 
modelling and parameter's own bounds in 
equation (6). 

Step 2: For each individual in the population 
• Perform local search on it according to 

corresponding bounds. 
• Replace the genotype in the population with 

the locally improved solution. 
End For 

Step3: 
• Apply standard GA operators to create a 

new population; i.e., Selection, Mutation 
and Crossover . 

Step 4: Stopping condition satisfied? 
• Yes: stop and output results 
• No: goto step 2. 

Figure 5: Parameter identification using memetic 
algorithms 

6.1.Test Data 

Here we consider the following nonlinear static system 
with two inputs: x1 and x2, and a single output y [9]: 

y = ( 1  +x21.5 )2 , 
5 (7) 

From this system, 50 input-output data were obtained 
and tabulated in table 2. 

6.2.Local Search Methods 

Four different local search methods or memes were 
considered in this empirical study. They are chosen from a 
variety of optimization methods in the Schwefel libraries 
(18] and a few others in the literature. These memes are 
representatives of the second, first and zeroth order 
methods. 

6.2.1.DP 

DP search uses the strategy of Davis, Swann and 
Compey with Palmer orthogonalization [19]. Small 
changes in all variables are tested one at a time to establish 
a suitable direction for a simple constant direction search, 
followed by an orthogonalization to establish a new set of 
rotated co-ordinates in which to carry out the small step 
tests. 
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Group A Group B 
No. X! x2 y No. x1 x2 y 

I 1.40 1.80 3.70 26 2.00 2.06 2.52 
2 4.28 4.96 1.31 27 2.71 4.13 1.58 
3 1.18 4.29 3.35 28 1.78 1.11 4.71 

4 1.96 1.90 2.70 29 3.61 2.27 1.87 

5 1.85 1.43 3.52 30 2.24 3.74 1.79 

6 3.66 1.60 2.46 31 1.81 3.18 2.20 

7 3.64 2.41 1.95 32 4.85 4.66 1.30 

8 4.51 1.52 2.51 33 3.41 3.88 1.48 
9 3.77 1.45 2.70 34 1.38 2.55 3.14 
10 4.84 4.32 1.33 35 2.46 2.12 2.22 
11 1.05 2.55 4.63 36 2.66 4.42 1.56 
12 4.51 1.37 2.80 37 4.44 4.71 1.32 
13 1.84 4.43 1.97 38 3.11 1.06 4.08 
14 1.67 2 .81 2.47 39 4.47 3.66 1.42 
15 2.03 1.88 2.66 40 1.35 1.76 3.91 

16 3.62 1.95 2.08 41 1.24 1.41 5.05 
17 1.67 2.23 2.75 42 2.81 1.35 1.97 

18 3.38 3.70 1.51 43 1.92 4.25 1.92 
19 2.83 1.77 2.40 44 4.61 2.68 1.63 
20 1.48 4.44 2.44 45 3.04 4.97 1.44 

21 3.37 2.13 1.99 46 4.82 3.80 1.39 
22 2.84 1.24 3.42 47 2.58 1.97 2.29 
23 1.19 1.53 4.99 48 4.14 4.76 1.33 

24 4 .41 1.71 2.27 49 4.35 3.90 1.40 

25 1.65 1.38 3.94 50 2.22 1.35 3.39 

Table IT: Input-Output data of non-linear system 

6.2.2. DC 

A dynamic hill-climbing algorithm is also considered 
[20]. This method uses a series of gradient descent local 
searches to fmd individual optimal solutions, and then they 
a r e used to fmd new starting points. It aims to locate as 
many individual optimal solutions as possible with each 
one being found using a rapid local search scheme. 

6.2.3. HO 

Hooke and Jeeves Direct Search [21]. This kind of 
method is characterized by a series of exploratory moves 
that consider the behavior of the objective function at a 
pattern of points, all of which lie on a rational lattice. The 
exploratory moves consist of a systematic strategy for 
visiting the points in the immediate vicinity of the current 
iterate. 

6.2.4. RN 

Rosenbrock's rotating c·o-ordinate search [22]. This 
method is similar to the Hooke and Jeeves search but it 
allows the directions of search to alter so as not be 
restricted to the co-ordinate system based on the individual 
variable directions. 

6.3. Empirical Study 

In this section, we p r e s e n t  the results of our empirical 
studies. Here we employ a standard binary coded GA for 
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the memetic search. Linear ranking selection method is 
used here. Mutation is done via randomly selecting a bit 
and flipping it. In the both GA and MA searches, the 
stopping criterion was fixed at a maximum of 100,000 
evaluations. The configurations of the GA and MA were 
set using the following default values: population size of 
50, 0.1% mutation rate, two-point crossover at a rate of 
60%, I 0 bit binary encoding for each parameter Pi , and a 
maximum local search length of 500 evaluations. We use 
the PI in equation (3) as the fitness function . 

First, GAs and MAs are used to extract fuzzy rules by 
searching for the optimum partition of the input space as 
described in section 4. The optimum set of fuzzy 
parameters obtained is used to generate results from the set 
of fuzzy rules extracted. Using mean square error (MSE), 
the predicted output is compared to the actual output. The 
minimum MSE obtained at the end of GA search is given 
by 0.094105. On the other hand, the accuracies based on 
each of the four local search methods in the MA for fuzzy 
rules extraction are tabulated in table 3. 

Memetic Algorithm Mean Square Error 
(MSE) 

GA-DP 0.039929 
GA-DC 0.023896 
GA-HO 0.033564 
GA-RN 0.032170 

Table m: Mean square error of fuzzy rules extraction 
using memetic algorithms 

Subsequently, in the parameter identification problem, 
we limit our search to the direct neighbourhood of the 
parameters provided by the improved SY fuzzy modelling. 
In this case, the Improved SY modelling was frrst 
conducted to extract the initial fuzzy sets. GAs and MAs 
using this prior information are then used to further 
optimise the fuzzy parameters. The mean square error 
obtained by the standard GA search is similar to the 
Improved SY fuzzy modelling. Using MAs, the mean 
square errors are also in Table 4. 

Memetic MSE based on MSEafter 
Algorithm Improved SY Optimization modelling 

GA-DP 0.044115 0.020864 
GA-DC 0.044115 0.015432 
GA-HO 0.044115 0.024392 
GA-RN 0.044115 0.017787 

Table IV: Comparison of PI before and after optimization 

From the investigation results presented in tables 3 and 
4, it is shown that all four variants of the MAs are capable 
of locating fuzzy rules and optimizing parameter 
identification with a lower MSE than the standard GA on 
the synthetic problem considered here. In the parameter 
identification problem, MAs generate better fuzzy models 
than the Improved SY fuzzy modelling through the use of 
the prior knowledge extracted from the Improve SY fuzzy 
modelling. Further it is worth noting that using the MAs to 
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extract fuzzy rules directly from input-output data also 
resulted in improved fuzzy models, i.e., lower MSE, than 
the Improved SY fuzzy modelling technique. We believe it 
is because the universe of discourse can still provide 
enough information for MA to construct fuzzy modelling. 
This further confirms the success of employing MAs for 
fuzzy modelling. Finally it appears that the GA-DC 
generates the lowest MSE in comparison to the rest of the 
MAs considered in the fuzzy rules extraction and 
parameter identification problems. 

7. Conclusion 

In this paper, we explore the possible use of memetic 
algorithms (MAs) and fuzzy system to construct a hybrid 
computational intelligence technique. The MAs considered 
in this work are hybrid genetic algorithm-local search 
methods that incorporate local improvement procedures 
heavily in the standard GAs. In particular, two forms of 
using MAs for fuzzy modelling have been investigated. In 
the first approach, we use MAs to extract sparse fuzzy 
rules directly from input-output data. By searching for the 
output partition determined by using the fuzzy c-means 
(FCM) clustering, we generate fuzzy rules for each output 
cluster identified. Subsequently in the parameter 
identification problem, the memetic algorithm is utilized as 
a parameter search optimiser to perform search 
exploitation in the direct neighbourhood of the prior 
knowledge extracted by the Improved SY fuzzy modelling 
approach. All the memetic algorithms considered were 
found to arrive in better fuzzy models than both the 
Improved SY fuzzy modelling and the standard genetic 
algorithms, hence indicating the great potential of combing 
fuzzy and memetic algorithms as an alternative to 
construct hybrid intelligent systems. 
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Abstract 
The tensor product (TP) based models have been applied 
widely in approximation theory, and approximation tech-
niques. Recently, a controller design framework working on 
dynamic systems has also been established based on TP 
model transformation combined with Linear Matrix Inequal-
ities (LMI) within Parallel Distributed Compensation (PDC) 
framework. The effectiveness of the control design frame-
work strongly depends on the approximation property of the 
TP model used. Therefore, the primary aim of this paper is 
to investigate the approximation capabilities of dynamic TP 
model. It is shown that the set of functions that can be approx-
imated arbitrarily well by TP forms with bounded number 
of components lies no-where dense, i.e. "almost discretely" 
in the set of continuous functions. Consequently, this paper 
points out that in a class of control problems this drawback 
necessitates the application of trade-off techniques between 
accuracy and complexity of TP form. Such requirements are 
very difficult to consider in the analytical framework, but TP 
model transformation offers an easy way to deal with them. 

1 Introduction 
The demand for the decomposition of multivariate functions 
to univariate ones goes back to the very end of the 19th cen-
tury. In 1900, in his memorable lecture at the Second In-
ternational Congress of Mathematicians in Paris, D. Hilbert, 
the famous German mathematician, listed 23 conjectures, hy-
potheses concerning unsolved problems which he considered 
would be the most important ones to solve by the mathemati-
cians of the 20th century [12, 9, 13]. In the 13th, he addressed 
the problem of multivariate continuous function decomposi-

*This research was partly done while D. Tikk: and P. Baranyi 
were visiting at the University of Hull. Research funded by the 
DAMADICS project and by the Hungarian Scientific Research 
Fund (OTKA) Grants No. T34212 and T34233. 
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tion to finite superposition of continuous functions of fewer 
variables. The motivation is straightforward: one dimensional 
functions are much easier to calculate with, handle and visu-
alize. 

Hilbert presumed that this problem cannot be solved in 
general, i.e. there exist multivariate continuous function that 
cannot be decomposed to univariate continuous functions. 
This was disproved by Kolmogorov in 1957 [15] in his gen-
eral representation theorem, when he provided a ·constructive 
proof. Unfortunately, univariate function components were 
often highly non-smooth, so this construction could not be 
directly applied in practice. 

Another. family of univariate function based methods use 
tensor products of continuous univariate basis functions. 
This technique has been applied widely and are used in, 
e.g. the following fields. Non-Uniform Rational B-Spline 
(NURBS) technique has become industry standard through-
out CAD/CAM/CAE systems for the representation, design, 
and data exchange of geometric information processing by 
computers. These systems use data-base assigned, with in a 
tensor product, to piecewise polynomial or rational curves 
and surfaces to represent complex geometry. Decomposition 
to primitive functions and d a t a - b a s e  also has important role 
in signal processing when wavelet functions are concerned. 
Many of recent signal processing approaches are based on 
the evaluation of parameter array assigned by tensor product 
to wavelet or other basis. 

TP based approximation has reached modelling ap-
proaches of non-linear dynamic systems, and furthermore, 
there are now controller design frameworks based on TP 
model [1, 5]. Generally, TP model, in broad sense, is an 
approximation technique where the approximating functions 
are in tensor product form, whereas a TP model form is a par-
ticular approximating function in a TP model. In this paper 
we consider TP model in a narrower sense, when a TP model 
is applied to dynamic system control (see details in Section 
2.1 ); as a consequence we prefer the TP model denomination 
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rather than TP approximation since the former reflects better 
our modelling point of view. 

A large variety of LMI based control design techniques 
have been developed in the last decade [6, 7, 17]. Powerful 
commercialized softwares have also been developed [8] for 
solving LMis and related control problems. Recently, anum-
ber of LMI based controller designs have been carried out 
for TP models (also termed as polytop or TS models in fuzzy 
theory) under PDC [20]. Further, a TP model transformation 
has been developed to transfer non-linear dynamic models to 
TP model whereupon PDC design frameworks can readily 
be executed [1, 5, 10, 11]. One can find a case study of TP 
model transformation in the control design of a prototypical 
aeroelastic wing section [2] that exhibits various control phe-
nomena such as limit cycle oscillation and chaotic vibration 
[14]. 

A crucial point of these control design frameworks is the 
modelling accuracy. If TP model does not appropriately de-
scribe the real system the resulting control may not ensure the 
required control performance. This paper is devoted to ana-
lyze the approximation capabilities ofTP model forms when 
applied to dynamic system control. 

The paper is organized as follows: Section 2 introduces 
the fundamentals ofTP modelling. Section 3 proves the main 
result of the paper. Section 4 introduces an example of state-
space model that can be exactly described in TP form, and 
such a one that only can be approximated. Section 5 derives 
some conclusions. 

2 Preliminaries 
2.1 TP model 
Consider parametrically varying state-space dynamic model: 

We can rewrite (3) in the concise tensor product form as: 

(
sx(t)) N (x(t)) 
y(t) = S u(t) · (4) 

Here, row vector wn(pn) E contains the basis func-
tions Wn,in (pn), the N + 2-dimensional coefficient tensor 
s E is constructed from the linear con-
stant system matrices E (Calligraphic 
typesetting is used for tensors.) The first N dimensions of 
S are assigned to the dimensions of The convexity of the 
basis functions is ensured by conditions: 

i,pn(t) : Wn,i(pn(t)) E [0, 1]; 
In 

Wn,i(pn(t)) = 1. 
(5) 

i=l 

The TP model transformation, described in details in [ 1, 5, 
4], that transforms a state-space model into TP forms has the 
following syntax 

(wn=l, ... ,N(pn(t)); S) = TP-transf(S(p(t)); options); 
(6) 

where S(p(t)) E from (2), and is the bounded 
parameters space the transformation is performed over, and 
"option" is to define some characteristics of the resulting ba-
sis function system Wn=l, ... ,N(pn(t): the transformation can 
generate "minimal", "convex" and "close-to-localized" basis. 
For further details see the referred papers [1, 5, 4]. 

sx(t) = A(p(t))x(t) + B(p(t))u(t) 
y(t) = C(p(t))x(t) + D{p(t))u(t), 

The system matrix 

S(p(t)) = (A(p(t)) B(p(t))) E 
G(p(t)) D(p(t)) 

Our goal in this paper is to characterize the approxima-
tion behavior of the transformation of the dynamic state-
space model form to TP form with respect to accuracy and 
feasibility. More precisely, we intend to show that there ex-
ists functions that cannot be approximated arbitrarily well 
by a bounded number of basis functions. As a consequence, 

(1) it will be shown that the set of functions that TP forms of 
bounded order can approximate arbitrarily well is no-where 
dense in the set of continuous functions. More precisely, there 
are two possible cases: 1. there exists an exact TP model of 

(2) the dynamic system, thus this model is ready to use in prac-
tice, and the stability of the controller can be easily obtained 
through LMI techniques. 2. When exact model does not exist, 
we need to approximate the systems behavior by TP forms 
with acceptable accuracy for the given problem. The price of 
the accuracy is paid by the complexity of the TP forms, i.e. 
the increasing number of basis functions in each dimension. 
This necessitates the use of trade-off techniques, which is an 
amenable way of solving practical problems when TP model 
transformation is applied. 

is a parametrically varying object, where p(t) E is time 
varying N -dimensional parameter vector, where c is 
a closed hypercube. p(t) can also include some elements of 
x(t). Further, for a continuous-time system sx(t) = x(t); or 
for a discrete-time system sx(t) = x(t + 1) holds. 

The TP model, to be studied in this paper, applies univari-
ate basis functions, which is described as: 

(
sx(t)) ( IN N ) (x(t)) 
y(t) = ... u(t) 2 . 2  Approximation theory framework 

(3) For the sake of simplicity, we restrict to bivariate control sur-
Function is the j-th univariate basis function de- faces and models with only two input variables (N = 2). All 
fined on the n-th dimension of and Pn(t) is the n-th el- definitions and statements can be carried over trivially to the 
ement of vector p(t). In (n = 1, ... , N) is the number of multivariate case. Therefore, all results presented in the sec-
univariate basis functions used in the n-th dimension of the tion are equally valid for any finite N E N value. Further, 
parameter vector. The multi-index (i1, i2, ... , iN) refers to without the loss of generality, we restrict the range of input 
the coefficient vertex system corresponding to the in-th basis to the unit interval, because any finite ranged interval can be 
function in the n-th dimension ( n = 1, ... , N). Hence, the mapped into another. 
number of vertex systems is obviously In. 
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Deanition 1 We refer to the matrix function of the following 
form as TP form of order ( I1, 12) 

TP(z1,z2) = S = (7) 

= (zl)w2,i2 ( 

where the number of the component is bounded by in the 
and by 12 in the second variable. Matrices contain 

the coeficients as deaned in (2). (z1} and w2,i2 (z2) are 
the normalized basis junctions that satisfy condition (5). 

As we noted above, all definitions and proofs can be gen-
eralized to multivariate case. Let us investigate now the cor-
respondence between the inputs zi and the vectors p and 
x in the general, multivariate case. The dimension of vec-
tor z can be considered as the union the diniensions of x 
and p. Since p can contain some elements of x, z is an 
extension of x with the elements of p that are not in x. 
Formally, ifx = (xl,---,XM)T and p = 
such that Pi = fori = 1, ... ,K, K M, then 
Z = (x1, · · · ,XM,PK+1, · ·. ,pN)T E assuming 
that the first K elements of x and p are ordered correspond-
ingly. If K < M, then for zi, K + 1 i M there is a sole 
basis function Wi that is identically 1 on the whole range of 
zi, i.e. these elements has no effect on the output of the TP 
model. If N = K then the size of z is M. 

Let us denote the set of TP forms (7) defined in Definition 
1 by 

(8) 

where the pair 12 ) is an upper bound for the number of 
components in the input space [0, 1]2 • For p E [1, oo] we 
introduce the set 
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well by the corresponding elements of bounded TP model 
forms, then this property can be carried over for the whole 
matrix function. Therefore in the next lemma, we investi-
gate only one element of matrix function TP, t(z1 , z2) = 
T P( z1,  Z2 )[i,j)· That element is a linear function of ( z1 , z2) 
according to (1), where the coefficients depend on the [i,j] 
elements of Si1 ,i2 matrices. For brevity, we refer tot as TP 
model form in the next, keeping in mind that it is an arbitrary 
element ofthe matrix function TP. 

Lemma 1 Let w : [0, 1] be a function of the form 
if Z2 z1, w(z1, z2) else, where E 

Then for each p E [1, oo] and 11 , !2 there holds 

inf tiiP t = E > (10) 

for arbitrary ( i, j) pair. 

Proof. The· proof proceeds indirectly. First, we suppose 
that opposing the assumption (10) there exist a sequence in, 
n E N of TP model forms, t E 1 , which en-

2 [i,j) 
sures norm-convergence to the function w: 

(11) 

where being TP model forms of order 12 } have the 
form 

where (z1}, (z2) are basis functions and 

are real numbers. If we modify properly 

which is the subset of (8) and L ([0, 1]2), as well. Therefore, 
the set (9) is equipped with the An elements 
ofsets (9) and (8) is a TP modelforms of order (11,!2). In 
general, TP model forms with finite bounds in each dimen-
sion are called TP model forms of bounded order. 

TP model forms then we obtain TP model forms tn, 
(9) according to the assumption (11) that approximate arbitrarily 

well functions having value 0 for y x and that differs from 
0 for y < x w.r.t Therefore we introduce a sequence 
ofTP model forms (tn) (n E as 

3 Main results 
Moser has proven the no-where denseness of Sugeno con-
trollers [18] in two steps [16]. Our proof to be presented here 
is an extension ofMoser's result and its deduction technique 
is analogous of Moser's one. First, we prove that a special 
function cannot be approximated arbitrary well by TP model 
forms of bounded order regardless of what L -norm is cho-
sen (cf. Lemma 1 ). Then it is presented (see Theorem 1) that 
for every TP model form, t, and for arbitrary > 0 there 
exists a function w in the of s, which_cannot 
be approximated with arbitrary accuracy by TP model forms 
of bounded order. This immediately implies that TP model 
forms of bounded order are no-where dense in the space of 
continuous functions. The construction of w in Theorem 1 is 
based on the special function of the lemma. 

Now, we point out that if there is one element of a ma-
trix function T P that cannot be approximated arbitrarily 
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h B . 1i w . (i,j) = ecause norm-convergence imp es 
pointwise convergence at almost everywhere from (11) and 
(12)we have 

n 

Let be the set where pointwise convergence holds. 

(13) 

Moser showed that there are points of the open four-
dimensional unit hypercube 1)4 

and (14) 

which satisfy the following inequalities (see also figure 1) 

(15) 

as well as lie in the set and do not fall only in the set 
[0, 1]2 that has Lesbegue measure zero. These points are 
essential in the last step of the proof. 
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Now, we apply diagonal construction due to Cantor on the 
basis of which is countable subset of lying dense in 
[0, 1]2, as well. Therefore, we can write that {(z1,q, E 

= c Note that also contains points in (14). 
For simplicity, let us denote = ... and = 

• • •· Now: we require that for the sequence of appropriate ele-
mentsofS 

(16) 

converge to a real number as n tends to infinity. By the 
upper index {q,n) we denote the subsequence of the se-
quence denoted by upper index ( n ), furthermore, we demand 
the sequence with upper index (q + 1, n) to be the sub-
sequence of the sequence with upper index (q, n). Finally, 
from the above we may suppose that sequences , 

'1 n 

, and similarly .. ) are convergent 
, 2 n 1, 2 n 

for all (z1,q, E and all indices 1 /1, 

It follows that the input-output functions of TP model 
forms tn,n converge to the input-output function ofTP model 
form 

1]2 , 1]2), for some 0 < < Then from the fact 
that the function z2) equals by assumption the function 
w - on the domain and the construction that the points 
(14) are elements n 1]2 a contradiction can imme-
diately be derived analogously as in [16]. 

Since w - on there must be an index io E 
{1, ... , J} for which on n (0, 

Without loss of generality let io = J. Thus, there is an 
element 

E n (18) 

such that 0. Consequently, for Z2 E n 1] 
we obtain 

J-1 ( ) 
( ) ( ) 
Z2 =- Z2 ( ) , 

i=l 

as the function vanishes on E z2 
Hence, for all pairs z2) E with z1, z2 we 
get 

showing that 

z2) E TenJ-1 n 1)2 , [0, 1]2
) • (19) 

In order to apply induction we set 

= (1 - (3/4)J-k)z2,1 

for 1 k J. Analogously as we have deduced (19) from 
(18), 

can be deduced from 

Z2) = (z2) ( si1,i2) (17) for (2 k 5 J). Applying induction we obtain 

where 

A s the matter of fact, {17) is a tensor product of univariate 
functions with bounded order J = /2 , hence we can 
introduce induction similarly as in [16]. 

Let us denote by TenJ(D, z1 X Z2) those functions I : 
z1 X z2 f-+ lR can be, whose restrictions /ID can be repre-
sented as tensor product of maximal J E N basis functions 
for each dimension, i.e. for an f E Te~~n(D, Z1 x Z2 ) iff 
/(z1, z2) = L,:=l </>i(zt)1/Ji(z2) holds for all (zt, z2) E D, 
where </>1 , ... , 4> J : Zt f-+ lR and 1/Jt, ... , 1/J J : Z2 f-+ JR. 

In order to deduce a contradiction from the assumption 
that w can be approximated arbitrarily well by TP model 
forms we proceed to show that in fact the limit input-output 
function ofTP model forms {17) is element ofTen1(n* n 
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- ( 2 2) t(zt. z2) E Ten1 Q* n [/1> lj , [0, 1) . (20) 

From formula (20) we conclude that there are functions 4> and 
1jJ : [0, 1] f-+ lR such that 

t(zt, z2) = w(z1, z2)- a= 4>(z1)1/J(z2) (21) 

for (zt, z2) E Q* n bt, 1]2. 
As rk < z2,1 for all 1 5 k 5 J, the points (14) are ele-

ments ofthe set Q* n {r1, 1]2 • 

This and equation (21) leads to a contradiction as on the 
one hand we have </>(zi 1)1jJ(z2 1) > 0 and </>(zi 2)1jJ(z2 2) > 
O,hence ' ' ' ' 

</>(zi,1) =f 0 and 1f;{z2,2) =f 0, 

while on the other hand, by the definition of w, we obtain 
<P(zi 1)1/J(z2 2) = 0. 0 

' ' 
Lemma 1 exemplifies a function that cannot be approxi-

mated arbitrarily well by TP model forms of order (/1 , / 2) 

w.r.t. the Lp norm. Thew that is approximated above, thus 
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not en element of cl (TP~~.I2) ([0, 1]2) ). that is the clo-

sure (w.r.t the Lp norm) of the subset TP~~~.12 ) ([0, 1]2) of 
Lp ([0, 1]2) 

While Lemma 1 only states the_ existence of 
such a function the next theorem states that 
LP ([0, 1]2) \cl ( TP~~~,I2 ) ([0, 1]2)) lies dense in 
Lp ([0, 1]2). Its idea is to show that in each neighbor-
hood of an arbitrary function one can find a function which 
cannot be approximated arbiti:arily well by TP forms of 
bounded order. These neighboring functions are constructed 
by means of Lemma 1. The proof basically exploits the 
special form of w, and it can be trivially obtained from the 
proof of the no-where denseness of Sugeno controllers [16], 
thus here it is omitted. 

Theorem 1 To each p E (1, oo], c: > 0 and t = TJti,j)• 
TP E TP~~~.J,) ([0, 1]2), I1,I2 E N there is a continuous 
function 

w E V([O, 1)2)\cl ( TP~~.I2) ((0, 1]2
)) 

fulalling llw - tllp < c:. 
As Theorem 1 guarantees that to each c > 0 and 

t = TP[i,iJ• TP E T~~,I2) ([0, 1}2) there is a func-

tion w E V((O, 1]2)\cl ( TP~~~.I2 ) ([0, 1]2)) with llw -
tiiP < c:, or equivalently, there is no inner point of the set 
TP~~~.12 ([o, 1]2), because every c:-environment of an ar-
bitrary element of the set contains functions not included 
in the closure of the set. Thus, we immediately obtain that 
TP~~,I2 ) is no-where dense in V([O, 1]2). 

4 Examples 
In this section we present two examples. The examples are 
introdUced by means of a mechanical system depicted on 
Figure 2. First, we show that the original non-linear state-
space model of the system can exactly be represented by a 
TP model. This TP model is actually obtained by TP model 
transformation [1, 5, 4], but can also be derived in an ana-
lytic way [19]. Here, the number of basis functions in each 
dimension is 2. Second, we point out that if a non-linear term 
of the mechanical system is changed to a function having the 
same properties as w in Lemmal then regardless how many 
basis functions are used the exact TP model representation 
can not be achieved. This is obviously a synthetical example 
created in order to show that in such cases TP approxima-
tion based controller design framework has the ability to deal 
with trade-off consideration, that is not feasible by the ana-
lytic way. We remark that the achievable accuracy of the TP 
model, and further control solutions, depends on the capac-
ity and speed of the computer used for modelling. It should 
be also noted that the computational complexity of the TP 
model transformation is strongly exponential,and further, the 
number of LMis created from the TP model, and especially 
the computational requirement of LMI solvers explode with 
the complexity of the TP model, except a few extreme cases. 
These facts significantly affect the maximum number of ba-
sis functions, hence, the maximal achievable accuracy both 
of modelling and control design. 
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Figure 2: Mass-spring-damper system 

4.1 The original mass-spring-damper 
mechanical system 

The dynamical equation of the mechanical system ofFigure 2 
is given as: 

m· x(t) + g(x(t), x(t)) + k(x(t)) = Q)(x(t)). u(t), (22) 

where m is the mass and u(t) represents the force. The func-
tion k(x) is the non-linear or uncertain stiffness coefficient of 
the spring, g(x, x) is the non-linear or uncertain term damp-
ing coefficient of the damper, and q)(x(t)) is the non-linear 
input term. Assume thatg(x(t), x(t)) = d(ctx(t)+l%!±3 (t)), 
k(x(t)) = c3x(t) + c4 x3 (t), and q)(x(t)) ,;, 1 + c5x3(t). 
Furthermore, assume that x E [-a, a], x(t) E [-b,b] and 
a, b > 0. The above parameters are set as follows [22]: 
m = 1, d = 1, c1 = 0.01, c2 = O.l, c3 = 0.01, C4 = 0.67, 
c5 = 0, a = 1.5, and b = 1.5. Equation (22) then becomes: 

x(t) = -O.lx3 (t) -.0.02x(t)- 0.67x3 (t) + u(t). (23) 

The non-linear terms are -O.IX3 (t) and -0.67x3 (t). The 
state-space model is: 

x(t) = A(xl(t),x2(t))x(t) +G) u(t) 

that is in the present case: 

:ic(t) = (-Oi1x~ -0.02~0.67x~) x(t)+ (~) u(t). (24) 

When TP model transformation is applied, we obtain the 
following TP model form as detailed in [1, 5, 4]: 

2 
:X{t) =A ® Wn(xn(t))x(t) + Bu(t). 

n=l 

As it is noted in the referred papers, if the density of sam-
pling grid is increased to infinity the limes of the rank of the 
sampled tensor remains 2 on the first two dimensions. This 
experimental observation is actually proved by the analytic 
derivation presented in [19]. Thus, (24) can exactly be repre-
sented by a TP model form as: 

2 2 

:ic(t) = L L wt,(xl(t))w2)x2(t))A~ix(t) + Bu(t) 
i=l j=l 

2 
=A a ® w:(xn(t))x(t) + Bu(t). 

n=l 
(25) 
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Figure 3: The basis functions obtained by TP model transfor-
mation; 2 functions in each dimension assure exact approxi-
mation 

Here, superscript "a" denotes that this result was obtained via 
analytic derivations. For further details see [19]. 

The basis functions of the model obtained by TP model 
transformation are . depicted on Figure 3. These functions 
were calculated with the "close-to-localiZed" options of TP 
model transformation (see (6)). Note that the functions coin-
cide with the ones obtained analytically [19]. 

4.2 The mass-spring-damper system 
with modified non-linear term 

Let us consider the dynamic system (22) when an extra term 
f(x, x)x is added to the non-linear term g(x, x) as 

where 

g(x,x) = d(ctx + f(x,x)x +c2:t3) 

ifx2 ~ Xt 

ifx2 < Xt 

is a continuous function constructed based upon the w in 
Lemma 1 (see also Figure 4). 

The parameters eo ( i = 0, ... , 5) are set as follows: c1 = 
0.01, ~ = 0, c3 = 0.01, c4 = 0, c5 = 0. All other parameters 
remain unchanged. Then from (22) we obtain 

x =- f(x,x)x- 0.02x + u 

so the state-space model is 

Let us make now a short detour to recall the modelling 
characteristics of TP model transformation in terms of accu-
racy and complexity. TP model transformation is a numer-
ical method that has a maximum achievable accuracy for 
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x, 

Figure 4: The graph of function f(xt, x2) over the region 
[-1.5, 1.5] X [-1.5, 1.5) 

each setting. This accuracy depends on the number of the 
measurement points the modelled system (or the approxi-
mated function) is sampled at. A1i a consequence of the in-
ternal operation of the TP model transformation (see details 
in [1, 5, 4, 3, 21]) the number of basis functions is limited by 
the number of measurement points in each variable. In such 
favorab1e cases like the previous example of Section 4.1 the 
number of required basis functions does not increase with the 
number of measurement points, or in other words, the "rank" 
of the system modelled (function approximated) is finite (in 
this case 2). However, when TP model transformation is ap-
plied to state-space model (26) the necessary number of basis 
functions tends to infinity with the increase of the number of 
measurement points, i.e. there is no limit of the "rank" of the 
system model (26). Figure 5 shows when 2 x 2 basis functions 
are used on the dimensions of the state vector. The maximum 
error of the model is 7.8. In order to improve the approxima-
tion accuracy we increase the number of the basis functions, 
see Figure 6. The maximum error is decreased to 4.0425. 
Along in the same line we can generate basis as depicted on 
Figure 7 that yields error 2.6152. Figure 8 presents the case 
when 50 basis functions are used for the approximating TP 
model form. These basis functions were obtained without the 
"close-to-localized" option of the TP model transformation, 
because this option would explode the computational need of 
transformation, since the determination of a tight convex hull 
consisting of N point of anN dimensional point set is an NP 
hard problem. 

Table 1: Maximum error vs. number of basis functions in 
each dimension 

number of 
basis functions 

2x2 
3x2 
3x3 

20 X 20 
30 X 30 
40 X 40 
50 X 50 

maximum 
error 

7.8 
4.0425 
2.6152 

0.02838 
0.01476 
0.00895 
0.00555 

number of 
Uvfls 

11 
22 
46 

80 201 
405 451 

1 280 801 
3 126 251 
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Table 1 shows the maximum error of the approximation 
when the function was sampled on a 100 x 100 equidistant 
grid on the parameter space. One can observe that the max-
imum error decreases. However, the table shows obviously, 
that we can apply trade-off consideration between accuracy 
and the number ofbasis. Such problems raise severe difficul-
ties when to be solved by analytical derivations. 

4.3 Control of the modified mass-spring-
damper system 

In this subsection we apply one of the simplest LMI theo-
rem under the PDC framework to the modified mass-spring-
damper system to yield a controller capable of ensuring 
global and asymptotic stabilization. Before dealing with LMI 
theorems, we introduce a simple indexing technique, in order 
to have direct link between TP model form and the typical 
LMI notations [1, 5, 4]): 

(Index transformation) Let 

~.~~=-~~~.-.u~~u~~~u~ 
x1 

0.1 •• : •• 

_, -2 _, 0 

"2 
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h d · g( · · ,; ) (r 1 R Figure 5: 2 basis functions in each dimension when (26) is were r = or erzn ~1,~2,--.,~N = , ... , = 
ITn In). The function "ordering'' results in the linear index approximated by TP model form 
equivalent of anN dimensional array's index it, i2, ... , iN, 
when the size of the array is It x I2 x · · · x IN. Let the basis 
functions be defined according to the sequence of r: 

Wr(p(t)) =IT Wn,i,.(pn(t)). 
n 

The controller design can be derived from the Lyapunov 
stability theorems for global and asymptotic stability as 
shown in [17, 20]: 

Theorem 2 ·(Global and asymptotic stabilization of the con-
vex TP model (4)) Assume a given state-space model in TP 
forJ'T!. (4) with conditions (5). 

Find X > 0 and Mr satisfying equ. 

(27) 

for all rand 

(28) 

+M;'B; + BrMs + M;B;' + BsMr 2': 0. 

... 

for r < s ::; R. except the pairs (r, s) such that 
wr(P(t))ws(p(t)) = 0, Vp(t). Figure 6: 3 x 2 basis functions when (26) is approximated by 

TP model form 

Since the above conditions (27) and (28) are LMI's with 
respect to variables X and Mr. we can find a positive def-
inite matrix X and a matrix Mr or determine that no such 
matrices exist. This is a convex feasibility problem. Numer-
ically, this problem can be solved very efficiently by means 
of the most powerful tools available in the mathematical pro-
gramming literature e.g. MATLAB-LMI toolbox [8]. The 
feedback gains can be obtained from the solutions X and Mr 
as 

(29) 
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Then, with the help of r = ordering( it, i2, ... , iN) one 
can define feedbacks Ki1 ,i2 , ••• ,iN from Kr obtained in (29) 
and store into tensor IC. The control value is computed as: 

u(t) =- ( 1C n~l Wn(pn(t))) x(t), (30) 

where the basis function Wn(pn(t)) are from (4). Figure 9 
shows the control results of three controllers. Controllers 1, 
2 and 3 are respectively determined by the basis functions 
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Figure 7: 2 basis functions in each dimension when (26) is 
approximated by TP model form 

"" . 

Figure 8: 50 basis functions in each dimension when (26) is 
approximated by TP model form 

depicted on Figures 5, 6 and 7. We can observe that the val-
ues of Controller 3 are significantly smaller than that of Con-
troller 1. We can also observe that Controller 3 is faster than 
Controller 1 and 2. In this regard we can conclude that the 
Controller 3 exhibits better performance than Controllers 1 
and 2. The reason is that Controller 3 is designed by TP 
model whose accuracy is significantly better than the accu-
racy of TP models applied in the cases of Controllers 1 and 
2. One may apply the above LMI technique to the TP model 
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. . . 
Time(aec.) 

. . . 
Tme(sec.) 

Figure 9: Control results of Controller 1, 2 and 3. 

consisting of 50 x 50 basis functions. Ann x m basis system 
yields R = nm components in the TP model. LMis in The-
orem 2 show that employing R components in the TP model 
results in R + 1 + 2:~,:-11 r LMI terms. Thus, 50 x 50 basis 
functions require the solution of 3 126 251 LMis. This is al-
most inlpossible using MATLAB on a regular PC. However, 
if we apply 3 x 3 basis functions the number ofLMis is only 
46 that can be evaluated online even in real-time applications. 
In this case, however we should keep in mind that the con-
trolled real system may exhibit different control performance 
from the controlled TP model. Table I shows the number of 
LMI terms to be evaluated in respect of the number of basis 
functions. Table 1 also helps in finding the trade-off between 
the calculation complexity of the control design and the ac-
curacy of the controller. Note again that the computational 
requirement of LMI solvers exponentially increases with the 
increase of LMI terms. 

5 Conclusion 
This paper investigated the approximation capability of TP 
model forms. TP model forms can be obtained by TP model 
approximation from dynamic system models, and are usually 
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used in combination with LMI methods within PDC frame-
work for system control. We showed that the pmctically im-
portant subset of TP model forms that uses bounded number 
of components has limited approximation capability: the set 
of such TP model forms lie no-where dense in the space of 
continuous functions. As a consequence, there exist simple 
functions that cannot be approximated arbitrarily well regard-
less how many basis function is applied. Such cases necessi-
tates the use of tmde-o:ff techniques between accuracy and 
complexity. The great advantage ofTP niodel tmnsformation 
over analytic tmnsformation is that the former enables the use 
of tmde-o:ff methods, which is hardly possible in the analyti-
cal frameworks. 
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Abstract: We propose ontology for an agent 
communication with human and other agents according to 
environmental information (situation). Recently, various 
types of robots and information tools are developed 
and used. But now, the system is still promoted 
and developed by human. The system is not able to 
build interaction between human. The agent process 
information led by a single robot, and is not able to utilize 
relationship with human or other agents. We consider the . 
informational aspects of intimacy recognition technology, 
and information transport and sharing. Therefore, we 
focus attention on ontology technology. Human can 
communicate with other, estimating the situation and the 
body language. This is because human has ontology. 
In this research, ontology is composed of Conceptual 
Fuzzy Sets. Conceptual Fuzzy Sets can combine separate 
concepts one by one, and form a whole concept The 
agent created the ontology from observed human motion 
and situation, communication by human or other agents 
using ontology. In this paper, we show the composition of 
ontology from the interaction between human and agent, 
and experiment of the communication with robot using 
ontology. 

Keywords: ontology, robot, intelligent agent 

1 Introduction 

Recently, Internet Electronic Superlrighway has become 
common in general homes. The new various types of 
information devices and systems, pet robots and so on, are 
created to cover up human life. Yet, the system is promoted 
and developed by human. However, the system cannot 
build interaction between human. The agent processes 
information by itself cannot utilize relationship with human 
or other agents .. We consider the informational aspects of 
intimacy (recognition technology, and information transport 
and sharing). Therefore, we focus attention on ontology 
technology. Ontology engineering is researched in Artificial 
Intelligence (5] to use knowledge interchange, knowledge 
reuse, knowledge sharing. Currently, ontology technology 
have been used and researched in the area of agent 
system [4]. We use ontology to construct intelligence 
of real robots. The agent created the ontology from 
observed human motion and situation, communication by 
human or other agents using ontology. Moreover, a smooth 
communication with other agents was enable by sharing 
environmental information, situation (Figure 1). 
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Figure 1: Ontology based Network Intelligent System 

2 Intelligent Agent 

2.1 Action Recognition of Human 

Robot recognizes human's command using human hand 
motion information from iSpace by Fuzzy Associative 
Memory. In order not to change the estimation of the 
motion length, we normalize the motion detection in tune 
with distance between human as shown in Figure 2 . In the 
symbiosis of human and robot, the robot should understand 
specific instruction as well as non-specific instructions given 
by human. In this research, Fuzzy Associative Memory [7] 
is used, which the robot can understand instructions that 
are conveyed directly by the human as well as those that 
come from the human's environment. Fuzzy Associative 
Memory is composed of a front layer of fuzzy rule (If 
layer) and a back layer (Then layer). The rule layer is set 
by one node, which represents one rule. The fuzzy rule 
can be expressed by using the composition of the BAM 
(Bi-directional Associative Memory) between the If layer 
and the Then layer (Figure 3). 
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Figure 2: Motion detection 
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Figure 3: Fuzzy Associative Memory 

In this study, intelligent Space software (iSpace) [2]was 
used to recognize the position of the human's hand and head. 
iSpace calculates user's head and hand pOsition by detecting 
its colors from information of the camera (Figure 4). Those 
objects, head and hand, have two data that is X direction and 
Y direction as the coordinates of the center of gravity[x, y]. 
The human's head and hand position obtained by iSpace is 
treated as time series data. The movement of the hand is 
able to detect the from the relative p<>sitional relationship of 
the face position. The value of the inflection is processed by 
Fuzzy Associ~tive Memory, and it is then inferred what the 
operation has observed. 

Figure 4: iSpace 
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2.2 Composition of agent 
Figure 5 shows the composition of an agent, in the system 
we constructed. This is based on the intellectual hierarchical 
model of Rasmussen [3]. To approach human, we use 
multi-agent robots as examples of robot cooperation. A 
robot needs the hierarchical knowledge to process a macro 
level and a micro level in parallel. Estimating of the 
situation and the plan of operation perform the macro level 
processes. The micro level processes perform the feature 
calculation from sensor information, and concrete action 
generation. Therefore we use Rasmussen model in this 
research. Rasmussen groups divide human actions into three 
hierarchical categories: first for knowledge-based actions, 
second for rule-based actions, third for skill-based actions. 
In this model, an agent is composed of three layers: a 
group intelligence layer, a high layer, and a low layer. The 
group intelligence layer includes ontology. In this layer, 
ontology recognize human intention by which considerate 
the user's command from the high layer's and situation 
of other agent's condition, and decide action of the high 
layer's (instance). The high layer contains the knowledge 
of commands from the user and corresponds with a lot of 
attributes by the Fuzzy Association Memory as shown in 
section 2.1, and the knowledge of robot action as "instance". 
We did not study on the lower _layer. However, the lower 
layer contains the knowledge needed to decide on the right 
action by the agent based on the information from the group 
intelligence and high layers, because this agent is the one 
that recognizes the human intention. 

R~mti.sseit' s Mod~ Agent model 

Figure 5: Intellectual hierarchical model of Rasmussen 

3 Ontology 

3.1 About Ontology 
The term "ontology" means a "systematic theory of 
existence" which show human common basis in the study 
of philosophy. . In the field of artificial intelligence, the 
research for ontology has been performed to study the 
problem of "Share of knowledge" and "Construction of 
the knowledge base" as shown in left side of Figure 6. 
The knowledge proCessing system constructs the knowledge 
base of the targeted field by using ontology. By studying 
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the targeted concept, a contribution to knowledge sharing 
can be expected as a result. On the other hand, human has 
common basis, such as mirror neuron, which 'own' action 
neuron was activated by observing other human motion like 
a mirror. Although human can communicate by gesture and 
so on, even with different cultures and languages as shown 
in Figure 7. We propose new type ontology which is on 
the extension line as shown in Figure 6. Our purpose -is to 
establish human communication system between different 
cultures and languages. This ontology is able to get the 
relation from communication between human and agent. 
We call this ontology bottom up ontology. We construct 
agent's common basis by the bottom up ontology. The 
ontology is composed of Conceptual Fuzzy Sets (CFS) [6] 
that has the dispersive expression of concept. 

· • Sh.artng ofkn~?wiel,l.ge is easy 
•Reuse ofknowladge is easy. 
• Mainttn;in~e is JD:gh . 

Figure 6: Ontology and proposed model 

Figure 7: Ontology for human's communication 

3.2 Conceptual Fuzzy Sets 
'The label of a fuzzy set' represents the name of a concept. 
'The fuzzy set' represents the meaning of the concept. 
According to the theory of meaning representation from 
the proposal by Wittgenstein [8], the various meanings 
for a label (word) may be represented by other labels 
(words). Thus grades of activations, which show the degree 
of compatibility between different labels, can be assigned. 
The distributed knowledge called Conceptual Fuzzy Sets 
(CFS) is shown in Figure 8. Since the distribution changes 
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depends on the activated labels indicating the conditions, 
the activation result from the CFS, displays a context-
dependent meaning. The CFS can represent not only logical 
knowledge, but also illogical knowledge. 

Naule of concept (explained label) 

CFS representing the meailing 
oflabel (name of concept) 

Figure 8: Image of conceptual fuzzy sets in associative 
memories 

In this article we constructed CFS using BAM 
(Bidirectional Associative Memories) [1] because of the 
clarity of constraints for their utilization. The associations 
in BAM reverberations are carried out according to 
equation (1). 

yt = 4J(M · Xt) 

Xt+l = <f;(kfl' · Yi) 
(1) 

where, Xt = [x1, X2, ... , xm]T ;yt = [Yt. Y2 1 ••• , Yn]T are 
activation vectors on x and y layers at the reverberation 
step t, and <PC·) is a sigmoid function of each neuron. The 
correlation matrices M and MT are given by equation (2). 
{3 is an association parameter. 

N N 

M=f3LYixf MT =f3LXiYT 
i=l i=l 

The association matrices Me are given by eq(3)-eq(6). 

Me =a(M +B) 

2[max{mij}- min{mij}] a = _._ _ __,_........::.~--->-~~ 

3 _ (~c ~c) B- . . . . 
-c -c 

1 
c= -:Lmij 

mn .. •,J 

(2) 

(3) 

(4) 

(5) 

(6) 

A Complex CFS is realized _by composing several 
pieces of associative memory structured individually 
.Further composition of pieces of knowledge makes the 
representation of the concept context dependent. In this 
procedure the constraints of associative memories are very 
important. 

If 0 1 , C2, ... , Cn denote individual CFSs and 
M1, M2, ... , Mn are their corresponding correlation 
matrices then we can combine them to obtain a CFS C, 
whose correlation matrix M is given by equation (7). 

M= norm[M1 + M2 + ... + Mn] (7) 

Volume 8, No. 3 



Where norm[ ... ) stands for normalizing process for the 
maximum and minimum value in M1 + M2 + ... + Mn. 
When the human recollects abstraction concept, the human 
depends on context. As shown in Figure 9, when you 
hear the word "guppy'', "cat'', you may imagine that they 
are talking about pet So you recollect pet in your brain. 
When cat and guppy are stimulated in this CFS, upper 
class concept, "pet'', ignites. 1\ma is less realize. It is 
disregarded, because it is nonexistent in great activity value. 
Similarly, for example, in the lower part, when "tuna" 
and "guppy" are stimulated, the upper class concept "fish" 
ignites. CFS can form general concept by combination of 
the other words at all times. 

- e){cltern~t 

:et------..: r:e;;tr a_itlt 

Figure 9: Recollection of the Abstraction concept from 
the instance 

Depending on a situation, human motion has different 
meanings. In order to recognize human motion's command 
by considering situation, ontology is constructed by CFS. 
CFS is able to express a motion with many different 
meanings. 

3.3 Construction of Ontology 

The ontology of constructing an interface for human-robot 
interaction is shown in Figure 10, Figure 11 and Figure 12. 
<Step 1 > 
Observation of human and experiment is based on agent's 
ontology composed by CFS (Figure 10, Figure 12-Stepl). 
This ontology is the easiest prototype. Sharing informaion 
and synthesis composes intelligent agent. Many operations 
can be stored in one "instance". 
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Figure 10: Stepl 

< Step2 > 
Using input ontology by human, and by corresponding 
agent, we compose the ontology for human (Figure 11, 
Figure 12- Step2). 

Figure 11: Step2 

< Step3 > 
Construct a new ontology by using a new "instance". If 
other agents have ontologies with the same patterns, a new 
ontology is constructed by synthesizing ontologies with the 
same pattern (Figure i2-Step 3). Now we are researching 
on a robot autonomously developed into a new ontology, 
using reinforcement learning or chaotic evolution. So in this 
paper, we experimented using basic ontology up to step2 
(Figure 11) 
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Figure 12: Ontology 

4 Ontology for Information 
Sharing 

Ontology systematizes the concept of the object. Therefore, 
a common structure is expected to be formed between the 
human and some agents. In a word, technological ontology 
enables some agents to cooperate naturally with human 
(Figure 13). And on a common abstract base, the agents 
of different mechanism can share information. 

Figure 13: Ontology for information sharing 

Figure 14 shows the ontology used by this research. This 
ontology is composed of the ontology from the human to 
the agent and the ontology from the agent to human. The 
agent has the "instance" corresponds to the instruction of 
human and the situation. This "instance" is acquired by 
the symbiotic learning. Each agent learns symbiotically 
according to each situation. The knowledge acquiied by a 
certain situation is shared with other agents that are in the 
same situation [9]. We think that this sharing method is 
important for some agents and humans to interact smoothly. 
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Figure 14: Ontology used by this research 

Two robots, ROB 1 and ROB 2, study different instances in 
different environments (situations). If ROB 2 is in the same 
situation as ROB 1, ROB 2 doesn't have the instance for 
this situation. Then, ROB 1, which has this instance, shares 
it with ROB 2. In this way, ROB 2 can easily obtain the 
necessary instance without studying. (Figure 15) 

Figure 15: Information sharing 

If ontology of intelligent agent is used between human, 
it studies the instance of situation, human operation and 
sharing of information. A multi-agent system can be 
constructed in which agents need not to spend a lot of time 
learning, and to communicate easily with user. 

5 Experiment and result 

In this paper, the robot use mobile robot 'LAB0-3 ', in 
Figure 16, made in AAI, which put on note PC, camera, 
and wireless modem. Note PC takes change in robot 
intelligence, camera get state of human and wireless modem 
is used for conversation between robots. We experiment 
three situations. All situations, we use two robots, ROB 1 
andROB2. 
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Figure 16: Robot 

< Situation - 1 > Both robots can watch human face and 
hand. The information ftom face position, robots detect 
distance of human. Robot decides its the own behavior 
using human's command and information ofhuman distance 
by ontology. So nearest robot will follow human order, and 
approach human (Figure 17). 
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Figure 17: Situation 1 

< Situation- 2 > ROB2 is nearer to human than ROB 1. 
But there is a block in ftont of ROB2. Therefore ROB2 
cannot seek human, so it cannot read human distance and 
understand the command. ROB2 knows not to move. ROB 1 
on the other side can see human face and hand. ROB 1 
knows ROB2's situation through the ontology. ROBl follow 
human order (Figure 18). 
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Figure 18: Situation 2 
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< Situation - 3 > ROB 1 is nearer to human than ROB2. 
ROB2 can see human's face. and hand. ROBI can see 
human's face, but cannot see his hand. Therefore ROB1 
can find out the distance to human, but carinot find out the 
human's command. ROB1 and ROB2 share information 
of human's command through the ontology. So ROB 1 
receives order of common information between robots. 
ROBl approaches human, based on the rule that nearer 
robot approaches human (Figure 19). 

Figure 19: Situation 3 
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6 Conclusion 
We proposed the ontology as the system for human 
recognition purposes, and showed the effectiveness of the 
agent system. It is constructed in order to become more 
intelligent by the ontology and that automatically recognizes 
the purpose of humans by the intuitive interface such as 
movements of hands or faces. The action pattern for 
the symbiosis of a human and a robot was shown in a 
real machine experiment. To promote sharing acquisition 
knowledge among agents in different situation, ontology 
was composed. A!! a result, this system showed its 
suitability to be used as a multi-agent system that can 
correspond to many situations smoothly. We are now 
researching the ontological sharing between the robots and 
each different mechanism. 
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