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Abstract. How to construct Web ontologies that meet applications’ needs has 
become a key technology to enable the Semantic Web. Manual development of 
ontologies remains a cumbersome and time-consuming task. In real-world 
applications, however, information is often vague or ambiguous. Thus, 
developing approaches and tools for constructing fuzzy ontologies by extracting 
domain knowledge from huge amounts of existing fuzzy databases can facilitate 
fuzzy ontology development. In this paper, we propose a formal approach and 
an automated tool for constructing fuzzy ontologies from fuzzy Object-Oriented 
database (FOOD) models. Firstly, we introduce the fuzzy ontology, which 
consists of the fuzzy ontology structure and instances. Then, the FOOD models 
are investigated, and we propose a kind of formal definition of FOOD models. 
On this basis, we develop a formal approach that can translate the FOOD model 
and its corresponding database instances into the fuzzy ontology structure and 
the fuzzy ontology instances, respectively. Furthermore, following the proposed 
approach, we implement an automated learning tool, which can automatically 
construct fuzzy ontologies from FOOD models. Case studies show that the 
approach is feasible and the automated learning tool is efficient. 

Keywords: Fuzzy database; Fuzzy Object-Oriented database (FOOD) model; 
Fuzzy ontology; Ontology learning; Automated learning tool. 

1   Introduction 

How to construct Web ontologies that meet applications’ needs has become a key 
technology to enable the Semantic Web [2]. Ontology can be generated from various 
data resources such as textual data, dictionary, knowledge-based, semi-structured 
schemata, and database models [15]. Compared to the other types of data resources, 
ontology construction from database models has increasingly attracted the most 
attention because most formatted data on the Web are still stored in databases and are 
not published as an open Web of inter-referring resources [2], [15].  

On this basis, constructing Web ontologies by extracting domain knowledge from 
database models has been extensively investigated. The mappings from relational 
models to ontologies were established in [12], [23], [29]. The approach for translating 
ER models into ontologies was developed in [27]. The ontology development tools 
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[15] such as Protégé-2000 and OntoEdit can be used to build or reuse ontologies. For 
a comprehensive review of constructing Web ontologies, ones can refer to [15]. 

However, information is often vague or ambiguous. Thus, the problems that 
emerge are how to represent these uncertain data within the ontology definitions and 
database models. To fill this gap, the fuzziness has been extensively introduced into 
ontologies [4], [5], [14], [20], [21], [25], [26]. Also, many researches have already 
been made to represent and manipulate fuzzy data in various database models such as 
relational database models [11], [14], Object-Oriented database models [7], [8], [9], 
[18]. For the comprehensive reviews about fuzzy ontologies and fuzzy database 
models, please refer to [20], [13], respectively. 

In recent years, how to construct fuzzy ontologies from fuzzy database models has 
increasingly received the attention. In [21], Quan proposed a fuzzy ontology 
framework (FOGA) that can generate a fuzzy ontology from uncertainty data based 
on Formal Concept Analysis (FCA) theory. Zhang [30] developed an approach for 
constructing fuzzy ontologies from fuzzy ER models. Ma [14] presented a fuzzy 
ontology generation framework from fuzzy relational databases. Zhang [29] 
investigated how to construct fuzzy ontologies from fuzzy UML models. And the 
automated learning tools were missed in [14], [29], [30]. Blanco [4] realized the 
translation from fuzzy relational databases to fuzzy ontologies. 

In particular, it has been found that the classical database models (such as ER 
model, relational model, and UML) and their extensions of fuzziness do not satisfy 
the need of handling complex objects with imprecision and uncertainty [7], [11]. 
Fuzzy Object-Oriented database (FOOD) models are hereby developed. The FOOD 
model, which can model uncertain data and complex-valued attributes as well as 
complex relationships among objects, has been extensively applied in the data and 
knowledge intensive applications such as CAD/CAM, office automation systems, and 
so on [7], [8], [9], [11], [13], [18]. Currently, many data sources are modeled in fuzzy 
Object-Oriented databases, and abundant domain knowledge is contained in FOOD 
models [9]. Hence, it is possible and meaningful to use the FOOD models as the base 
knowledge for domain ontology constructing, which will facilitate the development of 
fuzzy ontology.  

Moreover, as mentioned in [23], to support several Semantic Web applications 
(e.g., Semantic Web sites), the existing Web data and documents must be “upgraded” 
to Semantic Web content that is semantically annotated with Web ontologies. It is 
well known that the Web-accessible databases are the main content sources on the 
current Web [27]. However, a precondition here is that ones have a Web ontology at 
hand that can capture the domain knowledge of the database. As lots of fuzzy 
databases today are modeled in FOOD models (see [7], [9], [18], etc.), it is necessary 
to develop approaches and tools for constructing fuzzy ontologies from FOOD 
models, which can also act as a gap-bridge between lots of existing database 
applications and the Semantic Web.  

To our best knowledge, there are no reports on fuzzy ontology construction from 
FOOD models. In this paper, we develop a formal approach and an automated tool for 
constructing fuzzy ontologies from FOOD models. The paper includes the details: 

 How to represent the constructed fuzzy ontology? Since the paper aims at 
constructing fuzzy ontologies from FOOD models, it is necessary for us to give 
the formal definition of target fuzzy ontologies. In Section 3, we report the fuzzy 
ontology definition presented in [30]. 
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 How to formalize the FOOD model? In Section 4, FOOD models are studied, 
and we propose a kind of formal definition of FOOD models. 

 How to construct fuzzy ontologies from FOOD models? The answer is (see 
Section 5): (i) translating the FOOD model into the fuzzy ontology structure at 
conceptual level; (ii) translating the database instances w.r.t. the FOOD model 
into the fuzzy ontology instances at instance level; (iii) proving that the 
translations are “semantics-preserving” and giving the translation examples. 

 How to develop the automated learning tool? Following the proposed approach, 
in Section 6, we implement an automated learning tool called FOOD2FOWL, 
which can automatically construct fuzzy ontologies from FOOD models. Case 
studies show that the proposed approach is feasible and the tool is efficient. 

The remainder of this paper is organized as follows. Section II introduces related 
work. Section III introduces the fuzzy ontology. Section IV proposes the formal 
definition of FOOD models. Section V proposes the learning approach. Section VI 
implements the automated learning tool. Section VII shows conclusions. 

2   Related Work 

The importance of ontologies to the Semantic Web has prompted the development of 
kinds of methods and tools to help people construct ontologies. Besides the 
approaches introduced in Section 1, the following researches are related to our work. 

There are several approaches for establishing the relationships between Description 
Logics and Object-Oriented database models. The approaches presented in [3], [6], 
[22] investigated how to reason on the Object-Oriented database model by translating 
it into a Description Logic knowledge base, whereas our work aims at constructing 
fuzzy ontologies.  

Moreover, several works investigated the relationships between Object-Oriented 
languages and ontologies, but they did not focus on constructing ontologies from 
Object-Oriented database models. Meditskos [16] used the Object-Oriented language 
COOL to model and handle ontology concepts and RDF resources. Mota [17] 
developed an Object-Oriented framework for representing ontologies. Oren [19] 
presented an Object-Oriented API for managing RDF data. Koide [10] demonstrated 
the possibility of the integration of OWL and Object-Oriented Programming. 

As mentioned in Section 1, there have been several approaches for constructing 
fuzzy ontologies from fuzzy database models. However, considering that the classical 
database models (e.g., ER model, relational model, and UML) and their extensions of 
fuzziness do not satisfy the need of modeling complex objects with imprecision and 
uncertainty, and many data sources are modeled in FOOD models in real-world 
applications [7], [8], [9], [11], [13], [18], thus the paper aims at investigating how to 
construct fuzzy ontologies from FOOD models.  

In addition, the fuzzy ontology instances presented in [14], [29] were represented 
by the fuzzy RDF models, in this paper, as with the representation form of the fuzzy 
ontology structure, the fuzzy ontology instances were also represented by the form of 
axioms, which are facilitate access to and evaluation of the fuzzy ontologies [5], [26]. 
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3   Fuzzy OWL DL Ontology 

A fuzzy ontology formulated in fuzzy OWL DL language is called fuzzy OWL DL 
ontology [30]. In this section, we first introduce the fuzzy OWL DL language based 
on the works [24], [25], [26], [30], and then report the fuzzy OWL DL ontology 
definition presented in [30]. 

3.1   Fuzzy OWL DL Language 

OWL has three increasingly expressive sublanguages OWL Lite, OWL DL, and OWL 
Full [26]. OWL DL is the language chosen by the major ontology editors because it 
supports those users who want the maximum expressiveness without losing 
computational completeness and decidability of reasoning systems [26]. In addition, 
OWL DL has two types of syntactic form [27]: the exchange syntax, i.e., the RDF/XML 
syntax, and the frame-like style abstract syntax. The abstract syntax facilitates access to 
and evaluation of the ontologies [5], [26], [27]. However, OWL DL cannot handle the 
information represented with a not precise definition.  

The fuzzy OWL DL [5], [26] is the fuzzy extension of OWL DL, which can be 
approximately viewed as the expressive fuzzy Description Logic f-SHOIN(D) [24]. 
Based on [26], Table 1 gives the fuzzy OWL DL abstract syntax, Description Logic 
syntax, and semantics. Here, parts of OWL constructors are omitted in Table 1. 

The semantics for fuzzy OWL DL is based on the interpretation of f-SHOIN(D) 
(details refer to [24]). The interpretation is given by a pair <ΔFI, •FI> where ΔFI is the 
individual domain, •FI is a fuzzy interpretation function. In Table 1, FI

DΔ  is the data-
value domain, ∀dFI, cFI, oFI ∈ ΔFI, vFI ∈ FI

DΔ , C denotes class description, D denotes 
fuzzy data range, fuzzy ObjectProperty and DatatypeProperty identifiers are denoted 
by R and U, respectively, #S denotes the cardinality of a set S, ⋈∈{≥, >, ≤, <}.  

3.2   Fuzzy OWL DL Ontology 

A fuzzy OWL DL ontology is a couple FO = (FOS, FOI) where FOS is the fuzzy 
ontology structure and FOI is the fuzzy ontology instances associated with the  
fuzzy ontology structure. The following Definition 1 gives the formal definition of 
fuzzy OWL DL ontology [30], and we further add fuzzy individual axioms to the 
definition. 

Definition 1 (Fuzzy OWL DL Ontology). A fuzzy OWL DL ontology is a couple 
FO = (FOS, FOI) = (FID0, FAxiom0), where: 

(1) FID0 = FCID0 ∪ FIID0 ∪ FDRID0 ∪ FOPID0 ∪ FDPID0 is a fuzzy OWL DL 
identifier set (see Table 1) partitioned into:  

 a subset FCID0 of fuzzy class identifiers, include user-defined identifiers 
plus two predefined fuzzy classes owl: Thing and owl: Nothing. 

 a subset FIID0 of individual identifiers. 
 a subset FDRID0 of fuzzy data range identifiers; each fuzzy data range 

identifier is a predefined XML Schema fuzzy datatype [13], [25].  
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 a subset FOPID0 of fuzzy object property identifiers.  
 a subset FDPID0 of fuzzy datatype property identifiers. 

(2) FAxiom0 is a fuzzy OWL DL axiom set (see Table 1) partitioned into: 
 a subset of fuzzy class/property axioms.  
 a subset of fuzzy individual axioms.   

From a semantics point of view, a fuzzy OWL DL ontology FO is a set of fuzzy 
OWL DL axioms in Table 1. An interpretation FI is a model of FO iff it satisfies all 
axioms in FO. Furthermore, an FO is satisfiable iff there is a model of it.  

Table 1. Fuzzy OWL DL Abstract Syntax, Description Logic (DL) Syntax, and Semantics 

Fuzzy OWL DL Syntax DL Syntax Model-Theoretic Semantics 

Fuzzy class description (C) 

A is a URIref of a fuzzy class 
owl:Thing
owl:Nothing
unionOf ( C1…Cn ) 

restriction (R allValuesFrom(C)) 

restriction (R minCardinality(n)) 

restriction (R maxCardinality(n)) 

restriction (R cardinality(n)) 

restriction (U allValuesFrom(D)) 

A
T

C1 ...  Cn

R.C

 n R 

 n R 

= n R 

U.D 

AFI: FI  [0, 1] 
TFI(d) = 1 

FI(d) = 0 
(C1 ... Cn)FI(d) = max{C1

FI(d),…, Cn
FI(d)}

)().( dCR FI )}}'(),',(1{max{
'

dCddRfin FIFI

d FI

),()()( 1,...,1
i

FIn
icc

FI cdRpsudnR FI
n

)()( dnR FI )),(1(1
1,..., 11

i
FIn

icc
cdRfin FI

n

)()()()( dnRnRdnR FIFI

)().( dDU FI )}}(),,(1{max{ vDvdUfin FIFI

v FI
D

Fuzzy class axioms 

Class ( A partial C1…Cn ) 
SubClassOf ( C1 C2 ) 
EquivalentClasses ( C1…Cn ) 
DisjointClasses ( C1…Cn ) 

A C1 .. Cn

C1  C2
C1 ... Cn
Ci  Cj

AFI(d)  min{C1
FI(d),…, Cn

FI(d)} 
C1

FI(d)  C2
FI(d)

C1
FI(d) =…= Cn

FI(d)
min{Ci

FI(d), Cj
FI(d)} = 0  1 i < j n

Fuzzy property axioms 

DatatypeProperty ( U 
domain(C1)…domain(Cm)
range(D1)…range(Dk)
[Functional]  ) 

ObjectProperty ( R 
domain(C1)…domain(Cm)
range(C1)… range(Ck)
[inverseOf (R0)]  ) 

1U  Ci
T U.Di
T 1U

1R  Ci
T R.Ci
R = (R0)

UFI(d, v)  Ci
FI(d)        i = 1,..., m

UFI(d, v)  Di
FI(v)        i = 1,..., k

d FI #{v FI
D : UFI(d, v)  0}  1 

RFI(d1, d2)  Ci
FI(d1)      i = 1,..., m

RFI(d1, d2)  Ci
FI(d2)      i = 1,..., k

RFI(d1, d2) = R0
FI(d2, d1)

Fuzzy individual axioms 

Individual ( o type(C1) [ m1]…
value(R1, o1) [ k1]…
value(U1, v1) [ l1]… ) 

SameIndividual (o1 … on)
DifferentIndividuals (o1 …on)

o : Ci mi

(o,oi):Ri ki

(o,vi):Ui li

o1 =…= on

oi oj

Ci
FI(o) mi,      mi  [0, 1],   1 i n

Ri
FI(o, oi) ki, ki  [0, 1],    1 i n

Ui
FI(o, vi) li, li  [0, 1],    1 i n

o1
FI =…= on

FI

oi
FI oj

FI                    1 i < j n
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4   The Fuzzy Object-Oriented Database (FOOD) Model  

The fuzzy Object-Oriented database (FOOD) model is the fuzzy extension of traditional 
Object-Oriented database model (OODM) [3], [6], i.e., some major notions in OODMs 
such as objects, classes, object-class relationships, and inheritance relationship are 
extended under fuzzy information environment. In addition, similarly for the references 
[1], [3], [6], [8], [9], [13], we restrict our attention to the structural components of 
FOOD models.   

The FOOD models are based on the notions of fuzzy objects, fuzzy classes, fuzzy 
attributes, and fuzzy inheritances [9]. In the following, we propose a kind of formal 
definition of FOOD models, which is the fuzzy extension of OODM definition in [6]. 

Definition 2 (FOOD Model). A FOOD model is a finite set of class declarations, 
which is a tuple FS = (FCFS, FAFS, FDFS), where: 

 FCFS is a finite set of fuzzy class names, denoted by the letter FC; 
 FAFS is a finite set of fuzzy attribute names, denoted by the letter FA; 
 FDFS is a finite set of fuzzy class declarations. For each fuzzy class FC ∈ 

FCFS, FDFS contains exactly one such declaration: 

Class FC is-a FC1 ,…, FCn type-is FT, 

where is-a denotes the inheritance relationship between classes, type-is 
specifies the structure of class FC through a type expressive FT, which is built 
according to the following syntax: 

FT → FC | 
Union  FT1 ,…, FTk  End | 
Set-of  FT  | 
Record  FA1:FT1 ,…, FAk:FTk  End. 

Fig. 1 shows a simple FOOD model FS1 modeling part of the reality at a company.   

Class Computer type-is
Union HP-Computer, Dell-Computer  
End

Class Old-Computer is-a Computer type-is
Record  

ComID: String 
Brand: String 
UseYear: Integer 

End
Class Young-Employee is-a Employee type-is 

Record 
EmpID: String
Name: String 
FUZZY Age: Integer 
FUZZY Use: Set-of  Old-Computer 

End
 

Fig. 1. A FOOD model FS1 modeling part of the reality at a company 
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The detailed instructions about Fig. 1 are as follows: 

(1) Computer is a generalization of HP-Computer and Dell-Computer. 

(2) Inverse of attributes: in order to distinguish the subject and the object of 
attribute Use, the roles Useby and Useof are introduced (see Fig. 2). 
Therefore, the inverse of attribute Use is introduced, which will be discussed 
in Section 5.1 in detail. 

Use   Old-Computer UsebyYoung-Employee 
Useof

 

Fig. 2. The graphical representation of the inverse of attribute Use 

(3) The attributes FAi (such as Name, Age in Fig. 1), called datatype attributes, 
which associate with the basic domains such as Integer, Real, etc. 

(4) The attributes FA (such as Use in Fig. 1), called object attributes, which 
denote the relationship between two participant classes. 

The semantics of a FOOD model can be given by the fuzzy database states FJ, i.e., 
the fuzzy database instances. Fig. 3 shows the database instances w.r.t. the FOOD 
model FS1 (only part of data): 

(1) u = 0.9 denotes that the possibility which an object O1 belongs to the class 
Young-Employee is 0.9.  

(2) The value of attribute Use is a possibility distribution {0.8/O2, 0.7/O3}, where 
0.8/O2 denotes that the possibility which object O1 uses object O2 is 0.8. 

(3) The values of the other fuzzy attributes (e.g., Age) are represented by the 
possibility distributions [31], [32]. 

 

Fig. 3. The database instances w.r.t. the FOOD model FS1 in Fig. 1 
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5   Fuzzy OWL DL Ontology Learning from FOOD Model 

This section proposes a formal approach for constructing fuzzy OWL DL ontologies 
from FOOD models, including: (i) translating the FOOD model into the fuzzy 
ontology structure (see Definition 3). (ii) translating the database instances w.r.t. the 
FOOD model into the fuzzy ontology instances (see Definition 4). (iii) proving that 
the translations are “semantics-preserving” and giving the translation examples. 

5.1   Translating FOOD Model into Fuzzy OWL DL Ontology Structure 

The Definition 3 gives a formal approach for translating the FOOD model into the 
fuzzy OWL DL ontology structure. Starting with the construction of the atomic 
identifiers FID0, the approach induces a set of fuzzy class/property axioms FAxiom0 
from the FOOD model. 

Definition 3 (Structure Translation). Given a FOOD model FS = (FCFS, FAFS, 
FDFS) in Definition 2. The fuzzy OWL DL ontology structure FOS = ϕ(FS) = (FID0, 
FAxiom0) can be derived by function ϕ as shown in Table 2. 

Table 2. Translating rules from a FOOD model to a fuzzy OWL DL ontology structure 

FOOD model FS = (FCFS, FAFS, FDFS) Fuzzy ontology structure FOS = ϕ(FS) = 
(FID0, FAxiom0)  

fuzzy class FCFS, fuzzy attribute FAFS identifier set FID0 
Each fuzzy class symbol FC A fuzzy class identifier ϕ(FC) ∈ FCID0 
Each type expression  

Record  FA : Set-of  FT  End 
 

Each object attribute symbol FA A fuzzy class identifier ϕ(FA) ∈ FCID0 

Each object attribute symbol FA 
Add two additional roles FU1 and FU2 ; 
FU1 and FU2 are mapped into two fuzzy object 
property identifiers ϕ(FU1) and ϕ(FU2):  

ϕ(FU1) ∈ FOPID0   ϕ(FU2) ∈ FOPID0 ; 
In addition, we use symbols FV1 and FV2 
denote the inverse properties of ϕ(FU1) and 
ϕ(FU2), respectively: 

FV1 = invof_ϕ(FU1) ∈ FOPID0  
FV2 = invof_ϕ(FU2) ∈ FOPID0 

Each type expression  
Record FA1:FD1 ,…, FAk:FDk End 

 

Each datatype attribute symbol FAi 
A fuzzy datatype property identifier ϕ(FAi)  
∈ FDPID0 

Each domain symbol FDi 
A fuzzy XML Schema datatype identifier  
ϕ(FDi) ∈ FDRID0  

fuzzy class declarations FDFS fuzzy class/property axiom set FAxiom0 

Each fuzzy class declaration:  
Class FC is-a FC1 ,…, FCn 

Create a fuzzy class axiom: 
Class ( ϕ(FC) partial ϕ(FC1), …, ϕ(FCn) ). 
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Tabel 2. (continued) 

Each fuzzy class declaration:  
Class FC type-is  
Union FT1 ,…, FTk  End 

Create fuzzy class axioms: 
Class ( ϕ(FC) partial unionOf(ϕ(FT1),…, 

ϕ(FTk)) ); 
SubClassOf ( ϕ(FTi) ϕ(FC) ). 

Each fuzzy class declaration:  
Class FC1 type-is  
Record FA: Set-of FC2  End 

Create a fuzzy class axiom: 
Class ( ϕ(FA) partial restriction (ϕ(FU1) 

allValuesFrom (ϕ(FC1)) 
cardinality(1)) restriction (ϕ(FU2) 
allValuesFrom (ϕ(FC2)) 
cardinality(1)) ); 

FOR i = 1, 2 DO: 
The fuzzy property axioms: 
ObjectProperty ( ϕ(FUi) domain (ϕ(FA)) 

range (ϕ(FCi)) ); 
ObjectProperty ( FVi domain (ϕ(FCi))  

range (ϕ(FA)) inverseOf ϕ(FUi) ); 
The fuzzy class axioms:   
Class ( ϕ(FCi) partial restriction (FVi  

allValuesFrom (ϕ(FA))) ). 

Each fuzzy class declaration:  
Class FC type-is  
Record FA1:FD1,…, FAk:FDk End 

Create fuzzy class/property axioms: 
Class ( ϕ(FC) partial restriction (ϕ(FA1) 

allValuesFrom (ϕ(FD1)) 
cardinality(1)) … restriction 
(ϕ(FAk) allValuesFrom (ϕ(FDk)) 
cardinality(1)) ) ;  

DatatypeProperty ( ϕ(FAi) domain (ϕ(FC)) 
range (ϕ(FDi)) [Functional] ) 
where i = 1, 2,…,k . 

 
Below we discuss the effectiveness of the translation, which can be sanctioned by 

the following Theorem 1.  

Theorem 1. For every FOOD model FS = (FCFS, FAFS, FDFS), FJ is a fuzzy database 
state w.r.t. FS, and ϕ(FS) is the fuzzy OWL DL ontology structure derived from FS 
by Definition 3. There exist mappings: 

 αFS from fuzzy database state FJ to model of ϕ(FS) such that: For each legal 
fuzzy database state FJ for FS, there is αFS(FJ) which is a model of ϕ(FS); 

 βFS from model of ϕ(FS) to fuzzy database state such that: For each model FI 
of ϕ(FS), there is βFS(FI) which is a legal fuzzy database state for FS. 

Proof: The following briefly gives the proof of the first part of Theorem 1. Given a 
fuzzy database state FJ, and •FJ is a fuzzy interpretation function that can map each 
element in Fig. 1 to its corresponding value in Fig. 3, we can define a fuzzy 
interpretation αFS(FJ) of ϕ(FS) as follows: 
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 The domain elements )(FJFSαΔ  of interpretation αFS(FJ) of ϕ(FS) are constituted 
by values of FJ (e.g., Fig. 3). Since each object of FS is assigned a structured 
value, in order to explicitly represent in fuzzy ontology the type structure of 
the object, we denote with fidΔ , frecΔ , fsetΔ  the domain elements of )(FJFSαΔ  

corresponding to object identifiers, fuzzy record values, and fuzzy set values in 
FVFJ, respectively. 

 The fuzzy OWL DL identifier set FID0 of ϕ(FS) in Definition 3 are defined: 
)())(( FJFSX αϕ = XFJ, where X ∈ FT;   

)())(( FJ
i

FSFD αϕ = FDi
FJ; 

For each class declaration Class FC type-is Record FA1:FD1,…, FAk:FDk End, 
we have )())(( FJ

i
FSFA αϕ = { <c, di> ∈ )(FJFSαΔ × )(FJFSαΔ | c ∈ FCFJ ∧ di ∈ FDi

FJ }, 

where i = 1, 2,..., k; 
For class declaration Class FC1 type-is Record FA: Set-of FC2 End, we have 

)())(( FJ
j

FSFU αϕ = {<r, cj> ∈ )(FJFSαΔ × )(FJFSαΔ | r ∈ FAFJ ∧ cj ∈ FCj
FJ }, j = 1, 2. 

 

FOS = (FID0, FAxiom0). For reasons of space, FID0 and parts of axioms are omitted. 
FAxiom0 = {  
SubClassOf ( Old-Computer  Computer ) ;   
SubClassOf ( Young-Employee  Employee ) ;   
Class ( Computer  partial  unionOf ( Hp-Computer, Dell-Computer) ) ; 
SubClassOf ( Hp-Computer  Computer ) ; 
SubClassOf ( Dell-Computer  Computer ) ; 
Class ( Old-Computer partial restriction ( ComID allValuesFrom (xsd:String)  

cardinality (1) ) restriction ( Brand allValuesFrom (xsd:String)  
cardinality (1) ) restriction ( UseYear allValuesFrom (xsd:Integer)  
cardinality (1) ) ); 

Class ( Young-Employee partial restriction ( EmpID allValuesFrom (xsd:String)  
cardinality (1) ) restriction ( Name allValuesFrom (xsd:String) cardinality (1) ) 
restriction ( Age allValuesFrom (xsd:fuzzy Integer) cardinality (1) ) );  

Class ( Use partial restriction ( Useby allValuesFrom (Young-Employee) cardinality(1) )  
restriction ( Useof allValuesFrom (Old-Computer) cardinality(1) ) ) ; 

Class ( Young-Employee partial restriction ( invof_Useby allValuesFrom (Use) ) ) ; 
Class ( Old-Computer partial restriction ( invof_Useof allValuesFrom (Use) ) ) ; 
ObjectProperty ( invof_Useby domain (Young-Employee) range (Use) inverseOf 

Useby ) ; 
ObjectProperty (invof_Useof domain (Old-Computer) range (Use) inverseOf Useof) ; 
ObjectProperty ( Useby domain (Use) range (Young-Employee) ) ; 
ObjectProperty ( Useof domain (Use) range (Old-Computer) ) ;  
DatatypeProperty ( EmpID domain (Young-Employee) range (xsd:String) [Functional]) ; 
DatatypeProperty ( Name domain (Young-Employee) range (xsd:String) [Functional] ) ; 
DatatypeProperty ( Age domain (Young-Employee) range (xsd:Integer) [Functional] ) ; 
DatatypeProperty ( ComID domain (Old-Computer) range (xsd:Integer) [Functional] ); 
DatatypeProperty ( Brand domain (Old-Computer) range (xsd:String) [Functional] ) ; 
… } 

 

Fig. 4. The fuzzy OWL DL ontology structure ϕ(FS1) derived from the FOOD model FS1 
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Here, we omit the complete proof of Theorem 1 for reasons of space, and the proof of 
the second part can be done similarly, they are a mutually inverse process. 

Example 1. Given a FOOD model FS1 in Fig. 1, by Definition 3, we can obtain the 
corresponding fuzzy OWL DL ontology structure FOS = ϕ(FS1) in Fig. 4.  

5.2   Mapping Database Instances to Fuzzy OWL DL Ontology Instances 

In the previous section, we realize the translation from the FOOD model to the fuzzy 
OWL DL ontology structure. In order to build fuzzy ontologies of high completeness, 
in the following, we propose an approach for mapping the database instances w.r.t. a 
FOOD model (e.g., Fig. 3) to the fuzzy OWL DL ontology instances (i.e., a set of fuzzy 
individual axioms in Table 1).  

Firstly, let us briefly sketch the assertional formalisms used in the fuzzy Object-
Oriented databases and fuzzy OWL DL ontologies. 

The assertional formalisms of fuzzy OWL DL ontologies are represented by the 
fuzzy individual axioms, which contain the axioms (see Table 1): Individual (o 

type(C1) [⋈ m1] … value(R1, o1) [⋈ k1] … value(U1, v1) [⋈ l1]…); 
DifferentIndividuals (o1…on); SameIndividual (o1…on). 

From Section 4, a fuzzy Object-Oriented database, which describes the real world 
by means of objects, values, and their mutual relationships, can be considered as a 
finite set of assertions [1], [9], [18]. Based on [1], the assertional formalisms of the 
database instances with respect to a FOOD model specify that: A fuzzy object fo is an 
instance of fuzzy class FC with membership degree of n by means of fuzzy assertion 
fo: FC: n, where n ∈ [0, 1]; The fuzzy structured value associated with fo by means of 
fuzzy assertion fo : [FA1:FV1:n1,…,FAk:FVk:nk], where FVi is the value of attribute 
FAi, ni ∈ [0, 1] denotes the membership degree, FAi may be a fuzzy datatype attribute 
or a fuzzy object attribute, and i ∈ {1…k}. Here, since the value of an attribute FAi 
may be a possibility distribution, for simplicity, FVi : ni only denotes one element of 
the possibility distribution; In addition, since the fuzzy subclass/superclass 
relationships in FOOD models can be assessed by utilizing the inclusion membership 
degree of objects to the class [8], [13], the assertional formalism of fuzzy 
subclass/superclass relationships can be re-expressed by the above assertional 
formalism of objects to the class. 

Based on the discussion above, the mappings from the database instances w.r.t. a 
FOOD model to the fuzzy OWL DL ontology instances can be established by Definition 4. 

Definition 4 (Instance Translation). Given the database instances with respect to a 
FOOD model (i.e., a finite set of assertions), the corresponding fuzzy OWL DL 
ontology instances (i.e., a set of fuzzy individual axioms) can be derived as the 
mapping rules shown in Table 3.   

In Table 3, notice that: 
(i) In order to represent that the membership degree of an object to a class is 

equal to n (i.e., fo: FC: n), the symbol ⋈' denotes ≥ and ≤.  
For example, the axiom Individual (fo type(FC) [⋈' n]) denotes two 

axioms Individual (fo type(FC) [≥n]) and Individual (fo type(FC) [≤n]). 
(ii) When the membership degree n = 1.0, the [⋈' n] part is omitted in a fuzzy 

individual axiom. 
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Table 3. Mapping rules from database instances to fuzzy OWL DL ontology instances 

Database instances  Fuzzy OWL DL ontology instances FOI   

Each fuzzy object symbol fo A fuzzy individual identifier ϕ(fo) ∈ FIID0  

Each fuzzy class symbol FC A fuzzy class identifier ϕ(FC) ∈ FCID0 

Each fuzzy datatype attribute 
FAi 

A fuzzy datatype property identifier ϕ(FAi) 
∈ FDPID0, denoted by Ui  

Each fuzzy object attribute FA A fuzzy class identifier ϕ(FA) ∈ FCID0 ; 
In addition, adding the additional fuzzy 
object property identifiers, denoted by Ri  

See 
Table 
2 

The fuzzy assertion fo: FC: n 
The fuzzy individual axiom: 

Individual ( ϕ(fo) type(ϕ(FC)) [⋈' n] ) 

The fuzzy assertion: 

fo:[FA1:FV1:n1,…,FAk:FVk:nk] 

The fuzzy individual axiom: 

Individual ( ϕ(fo) value(Ri, oi) [⋈' ni]… 
value(Ui, vi) [⋈' ni]… ) 

where oi, vi ∈ FJ, i ∈ {1…k} 

See 

Fig. 5 

Example 2. Given the database instances in Fig. 3 (w.r.t. the FOOD model FS1 in 
Fig. 1), by Definition 4, we can obtain the corresponding fuzzy OWL DL ontology 
instances FOI in Fig. 5 (w.r.t. the fuzzy OWL DL ontology structure FOS in Fig. 4). 

Given the database instances in Fig. 3, the fuzzy OWL DL ontology instances FOI can 
be derived as follows:  
Notice that, since each object attribute FA is mapped to a fuzzy class identifier (FA)
FCID0, we need to add an additional object symbol o' such that o' belongs to class 

(FA). FIID0 = { o1, o2, o3, o' } ;  
FAxiom0 = { 
DifferentIndividuals (o1, o2, o3, o') ; 
Individual ( o1  type(Young-Employee) [ ' 0.9] ) ;  
Individual ( o2  type(Old-Computer) [ ' 0.85] ) ; 
Individual ( o3  type(Old-Computer) [ ' 0.8] ) ; 
Individual ( o'  type(Use) ) ; 
Individual ( o'  value(Useby, o1)  value(Useof, o2) [ ' 0.8]   

value(Useof, o3) [ ' 0.7] ) ; 
Individual ( o1  value(EmpID, o1)  value(Name, Chris)  value(Age, 27) [ ' 0.8]  

value(Age, 30) [ ' 0.9]  value(invof_Useby, o') ) ;    
Individual ( o2  value(ComID, o2)  value(Brand, Dell)  value(UseYear, 4)  

value(invof_Useof, o') [ ' 0.8] ) ; 
Individual ( o3  value(ComID, o3)  value(Brand, Hp)  value(UseYear, 3) 

value(invof_Useof, o') [ ' 0.7] ) . 
}

 
Fig. 5. The fuzzy OWL DL ontology instances derived from database instances in Fig. 3 
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6   Automated Learning Tool and Case Study 

Based on the proposed approach in Section 5, we developed an automated learning 
tool called FOOD2FOWL, which can automatically construct fuzzy OWL DL 
ontologies from FOOD models and the corresponding database instances. For reasons 
of space, the following briefly introduces the implementation of FOOD2FOWL. 

6.1   Design and Implementation of FOOD2FOWL 

The tool FOOD2FOWL includes three main modules: parsing module that parses the 
FOOD model file, translation module that translates the parsed file into the fuzzy 
OWL DL ontology, and output module that produces the constructed fuzzy OWL DL 
ontology as a text file. 

The implementation of FOOD2FOWL is based on Java 2 JDK 1.5 platform. The 
parsing module uses the regular expression to parse the FOOD model file and stores 
the parsed results as Java ArrayList classes; translation module uses Java class 
methods to translate the FOOD model and database instances into the fuzzy OWL DL 
ontology structure and instances based on the proposed approach in Section 5; output 
module produces the resulting fuzzy OWL DL ontology which is saved as a text file 
and displayed on the tool screen (see Fig. 6). 

6.2   Case Study 

We have carried out lots of case studies using FOOD2FOWL. For saving space, here 
we give an example which can show that the proposed approach is feasible and the 
implemented tool is efficient. Fig. 6 shows the screen snapshot of FOOD2FOWL, 
which displays the translations from the FOOD model (Fig. 1) and the corresponding 
database instances (Fig. 3) to the fuzzy OWL DL ontology structure (Fig. 4) and the 
fuzzy OWL DL ontology instances (Fig. 5).       

 

Fig. 6. Screen snapshot of FOOD2FOWL 
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7   Conclusions and Future Work 

The real power of the Semantic Web will be realized only when people create much 
machine-readable content, and ontologies play a key role in this effort. In this paper, 
we developed a formal approach and an automated tool for constructing fuzzy 
Semantic Web ontologies from fuzzy Object-Oriented database (FOOD) models. The 
fuzzy ontology was introduced. A kind of formal definition of FOOD models were 
proposed. Furthermore, we realized the translations from the FOOD model and its 
corresponding database instances to the fuzzy ontology structure and fuzzy ontology 
instances. Following the proposed approach, an automated learning tool called 
FOOD2FOWL was implemented, which can automatically construct fuzzy ontologies 
from FOOD models. All of these will facilitate the development of Web ontologies 
and the realization of semantic interoperations between lots of existing database 
applications and the Semantic Web. 

In the future, we aim at developing the other approaches of constructing (fuzzy) 
ontology. Moreover, it should be noted that many databases have not been designed 
following the disciplined methodologies, thus we will experiment with other FOOD 
models to enrich our construction approach.   
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