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ABSTRACT: In the last decade, ontologies became very relevant tools for knowledge management and engineering because
of their potential power to embed semantic modelling. They explicitly specify the concepts of a domain and their semantic
relationships. However, ontologies are designed and developed by several designers and developers according to their
special needs and requirements. Hence, we may always find that the same domain or even related domains are modelled by
different ontologies. We may also find that some ontologies model overlapping domains, resulting sometimes in redundancies
and/or inconsistencies between them. So, to create a common knowledge base and to avoid overlapping between existing
ontologies, we have opted for ontology merging. The contribution presented in this paper provides a new algorithm for fully
automated ontology merging that provides complete, consistent and coherent global merged ontology. This automation is
handled by the semantic integration during the similarity identification stage. This characteristic features the main difference
of our contribution with regards to most of the existing algorithms for ontology merging, such as CHIMAERA, PROMPT,
ONION, FCA-Merge, GLUE, etc. Our algorithm combines lexical and semantic measures for identifying similar concepts that
have to be merged into a single one in the resulting ontology. In this stage, it combines two different sub-modules, the first one
analyses the concepts’ names, the second one their properties. If the first sub-module fails to find mappings the second one will
accomplish the task. Hence the performances of the algorithm will be better.
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1. Introduction

With the emergence of semantic web, we have witnessed a great development and successful use of ontologies as a key
technology to integrate semantics into the current web. In fact, ontologies play a vital role to annotate data and describe their
semantics on the web, and to share them between different organizations or groups in open environments. According to T.
Gruber [6], ontology is “an explicit specification of a conceptualization”. This structure can be cognitively semantic (ontology
intended to be exploited by the user) or computationally semantic (ontology intended to be exploited by the machine), [1].
Therefore, and because of their explicit specification of the domain conceptualization, ontologies are becoming the best means
to represent the semantics and to exhibit the context of knowledge embedded in the modelled domain. Since the emergence of
ontologies, a lot of ontology representation languages have been created. The very first ontology languages, namely RDF and
RDFS1 provided rather limited constructs for knowledge representation and thus integration of ontologies was difficult and
suffered various dilemmas. There have been improvements regarding these aspects, leading to more expressive languages such
as: DAML, DAML+OIL2 and ultimately OWL3, with its enhanced expressive power and decidability which gave the opportunity
1 http://www.w3.org/TR/rdf-schema/
2 http://www.damL.org/2001/03/model-theoretic-semantics.htmL
3 www.w3.org/TR/owl-ref/
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to reason about the concepts, properties and individuals to the degree permitted by the formal semantics of the OWL language
[17]. However, ontologies are designed and developed differently by different people, according to their special needs and
requirements. As a result, the same domain or even related domains can be modelled by different ontologies. Ontologies are
generally designed and developed to be shared among various organizations and information systems. The exploitation of such
shared ontologies requires necessarily a certain degree of interoperability between them. Therefore, to create a common
vocabulary and to avoid overlapping between existing ontologies, ontology mapping, alignment and merging play a prominent
role. These processes have a significant effect on promoting automatic interoperability. They also play significant roles for
development of ontologies by reusing existing open ontologies and integrating ontology based web data sources, which
reduces the costs of ontology engineering and promotes the use of standard tested ontology modules [3].

According to Ghidini et al [4], ontology merging is seen as the process of creating a new single and coherent ontology from two
or more existing source ontologies. Herein, different forms of mismatches may occur [10]:

(i)language level mismatches or syntactic mismatches, caused by using different ontology representation language and
(ii)ontology level mismatches or semantic mismatches such as synonyms, homonyms, hyponyms, etc. Ontology merging
systems have to identify these types of mismatches in order to resolve them during the similarity identification stage. This later
is very hard and costly to achieve manually, especially in the case of huge and complex ontologies. Several tools and algorithms
for ontology merging based on different criteria exist in the literature, such as CHIMAERA, PROMPT, ONION, FCA-Merge,
GLUE, etc. All of these tools are semi-automatic, and require a lot of human intervention to resolve the different types of
mismatches because their algorithms do not use the semantics embedded within ontologies. To avoid these insufficiencies, we
have integrated semantics to propose a new algorithm for fully automated ontology merging. This work presents in details how
linguistic analysis is applied on the names and/or properties of concepts to scale out the similar concepts that have to be merged
in the resulting merged ontology. This paper is organised as follows: section 2 briefly describes the state of the art of an
ontology merging process and surveys the related existing tools. Section 3 details the different components of the proposed
algorithm. Then a benchmark study is provided in section 4 by stating the main features of our approach and comparing its
performance with that of existing systems. We conclude by some important remarks and prospects in section 5.

2. State of the art on ontology merging

According to Graul et al [5], ontology merging is seen as a complex process composed of three sub-processes: Firstly, ontology
mapping and alignment. Secondly, ontology normalization [9]. Thirdly ontology building, by performing the union of the source
ontologies. The second sub-process aims to reconcile the different choices of conceptual models and representation languages
of the ontologies to be merged. Once these ontologies are sufficiently homogeneous, the final sub-process builds the union of
the controlled ontologies. This task can be potentially hard to achieve because of the possible complexity of interactions
between the axioms of the input ontologies.

2.1 Ontology merging process
Ontology merging is seen as the process that creates a new and unique ontology that represents the union of two source
ontologies and gathers all the knowledge contained in the two ontologies. In other words, all the similarities and dissimilarities
presented by the two source ontologies must be reflected by the ontology resulting from this process. The merging process
used has three main stages:
- Importation of the source ontologies (assumed sufficiently homogenous)  
- Similarity identification stage that aims to identify similar concepts that will be merged into a single one in the last step of the
ontology merging process.
- Merging similar concepts and copying dissimilar ones into the resulting ontology. 

Figure 1 depicts the three main stages of ontology merging process:

2.2 Ontology merging tools/algorithms
Several Algorithms and tools for ontology Merging (and even ontology Mapping or Alignment) exist in the literature. Most of
these tools are semi-automatic and the design of fully automatic tools is usually a delicate issue. In this section, we outline the
main and most recent ones:
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Figure 1. Ontology Merging Process

1. FCA-Merge [19]. It’s a method for semi-automatic ontology merging. Its process is summarized as follows: First, from a set of
input documents, popular ontologies (ontologies equipped with their instances) are extracted. Once the instances are extracted
and the concept lattice is constructed, FCA-techniques are used to generate the formal context of each ontology. Using lexical
analysis, FCA-techniques retrieve specific information that combines a word or an expression to a concept if it has a similar
concept in the other ontology. Then the two formal contexts are merged to generate the pruned concept lattice. Herein, the
knowledge engineer may eventually intervene to resolve conflicts and eliminate duplications using his background about the
domain. It should be mentioned that the major drawback of FCA-Merge is that it is based on instances to identify similar
concepts, however, in most applications, there are no objects that are simultaneously instances in both source ontologies.

2. PROMPT [15]. It is a plugin under Protégé 2000, and an interactive ontology merging tool, it proposes a list of all possible
merging actions (to-do list). Then the knowledge engineer selects the appropriate proposals that go with his needs. Subsequently,
PROMPT automatically merges the selected pairs of concepts, provides the conflicts generated after merging (conflict-list) if
any, and proposes their appropriate solutions. Finally, the knowledge engineer selects the most suitable solutions. The major
drawback of this algorithm is that it requires a lot of human intervention, because every step of the algorithm is based on the
user’s decisions. Hence, when the ontologies are huge the merging will be very tedious and laborious task.

1. Chimaera [13]. Is an interactive ontology merging tool, where the knowledge engineer is in charge of making decisions that
will affect the merging process. Chimaera analyzes the source ontologies and if it finds linguistic matches the Merging is
performed automatically, otherwise, the user is prompted for further action. Like PROMPT, Chimaera is an ontology editor
plugin, namely Ontolingua, but they differ in the suggestions they make to their users with regard to the merging steps. The
major drawback of this algorithm is that everything requires human intervention. It is very similar to PROMPT.

2. Glue [2].   To find mappings between two source ontologies O’ and O’’, Glue uses machine learning techniques. So, for each
concept of ontology O’, Glue finds its most similar concept in ontology O” based on different practical similarity measures and
several machine learning strategies. The authors also used a technique called “relaxation labeling” to map the two hierarchies of
the two ontologies. This technique assigns a label to each node of a graph and uses a set of domain independent constraints,
such as, two nodes of concepts c’ and c” match if the nodes of their neighbourhood4 v(c’) and v(c”) also match, and a set of
domain dependent constraints, such as, if X is an ascendent of Y and Y matches “direction” then X does not match “sub-
direction”. The major drawback of this algorithm is that it is based on instances to identify similar concepts, where, in most
applications there are no objects that are instances in both ontologies.

3. ONION [14]. According to the authors, ontology Merging is inefficient because it is costly and not scalable. So, Ontology
composition system provides an articulation generator for resolving mismatches between different ontologies. The rules in the
articulation generator express the relationship between two (or more) concepts belonging to the ontologies. Manual establishment
of these rules is a very expensive and laborious task. And full automation is not feasible due to the inadequacy of natural
language processing technology. The authors also elaborate on a generic relation for heuristic matches: a match gives a coarse
relatedness measure and it is up to the human expert to refine it to something more significant if such refinement is required by
the application. In their system, and after validating the suggested matches by a human domain expert, a learning component is
included in the system which relies on the user’s feedback to generate better articulation in the future when articulating similar
ontologies. The major drawback of this algorithm is that the way of identifying similar concepts is not specific. Also, the manual
generation of articulation rules between them is tedious.

4neighbourhood is defined to be the children, the parents or both
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3. Proposed Approach

The aim of our work is to design and develop a new algorithm for automatic ontology merging. As depicted in figure 1, our
process is composed of three main stages, namely, ontology importation, similarity identification and ontology merging:

3.1 Ontology importation
The two source ontologies are simply imported as two OWL files. We notify that these two ontologies have to cover the same
application domain or related domains.

3.2 Similarity identification
This is the most important step in the ontology merging process. It identifies similar concepts that have to be merged into a
single one in the last step of the ontology merging process. The resulting single concept includes all characteristics of the input
concepts. In [16], N. Noy scaled out two main approaches to identify the mappings between similar concepts. The first approach
is based on the idea that the ontologies are designed and constructed to support future semantic integration. In other words,
ontology is built to be shared by different systems. After that, knowledge engineers perform several extensions of this ontology
with concepts and properties specific to their applications. The more these extensions are consistent with the definitions in the
shared ontology, the easier will be the similar concepts identification. The second approach is based on heuristics or machine
learning techniques that use various ontology features, such as taxonomies, concept definitions, class instances, etc, to
discover similar concepts. In this work we will opt for the second approach. We will base our method on linguistic analysis of
concepts’ names to compute the lexical and semantic similarities between them. But, sometimes, we may find two similar
concepts that are described by the same or similar properties but which are labelled with different strings, for example, one concept can
be labelled with the abbreviation of its name or even by a code, in such case, it is impossible to identify its synonyms from the used
dictionaries. To resolve this problem, all the couples of concepts that are judged dissimilar by linguistic analyses of their names are
passed through a module based on linguistic analysis of properties of both concepts. To perform these comparisons, we will opt for
an Information Retrieval technique, where each concept of the first ontology is compared with all the concepts of the second ontology.
Herein, the comparisons start from the top of the first ontology and from the bottom of the second one. According to R. Robin et al [18],
this way can eliminate a lot of unnecessary comparisons.

The two modules of the similarity identification stage are based on the combination of two different similarity measure techniques, the
former is lexical and the later is semantic:

• Lexical similarity: This technique is based on the computation of a distance between two strings describing the names of two
concepts. Several measures of similarity or distances exist in the literature such as Levenstein distance [11], Hamming distance
[7], Jaro distance [8], Jaro-winker distance [20], etc. All of these measures are based on the same assumption described by
Maedche et al [12] which states that two strings are similar if they share enough important elements. We have chosen to use the
Jaro distance as a similarity measure because it yields a value which is consistent with the value given by the semantic similarity
measure that we have proposed (a value between 0 and 1), so any normalization process is not required and the combination is
easier. The lexical similarity between the two concepts c1 and c2 is given by:

SIMlex (c1, c2) = Dj(s1, s2)

where Dj(s1, s2) is the Jaro distance between the two strings s1 and s2 labelling the two concepts c1 and c2 respectively, and
which is defined by the equation:

(1)

( ) 11, 2
3 1 2

m m m tDj s s
s s m
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⎝ ⎠
(2)

Where: m: The number of matched characters. t = N / 2: the number of transpositions.

N: The number of pairs of matched characters that are not in the same order in their respective chains. Two identical characters
of s1 and s2 (describing the concepts c1 and c2 respectively) are considered matched if their distance (i.e. the difference between
their positions in their respective chains) does not exceed a certain value given by:
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The two concepts c1 and c2 are considered lexically similar if the distance between them exceeds a critical threshold to be
determined empirically.

Example: Computation of lexical similarity between ‘auto’ and ‘automobile’ and between ‘auto’ and ‘car’:
SIMlex (auto, automobile) = Dj(auto, automobile)= ?

a u t o m o b i l e

a 1 0 0 0 0 0 0 0 0 0
u 0 1 0 0 0 0 0 0 0 0
t 0 0 1 0 0 0 0 0 0 0
o 0 0 0 1 0 1 0 0 0 0

m =5 (number of 1 in the table), |s1|=10, |s2|=4, N=1, t=1/ 2,

a u t o
c 0 0 0 0
a 1 0 0 0
r 0 0 0 0

SIMlex(auto, car) = 0.36 <0.5, then auto and car are lexically dissimilar.
SIMlex(car, plane)=0.34 <0.5, then plane and car are lexically dissimilar.

The part of the algorithm that is in charge of computing the lexical similarity between two strings is described by the following
pseudo code:
Function lexical-sim (string s1, s2): float l;
{
s1= stemming (s1);
s2= stemming (s2);
l= JaroDistance (s1,s2);
}

• Semantic similarity: When the concepts are semantically similar but their names are different (synonyms) the null lexical
similarity does not reflect the reality. To solve this problem, the integration of semantic similarity measure is crucial. To do this,
we have begun with a semantic enrichment of the two source ontologies from wordNet 5. It involves building a synonymy
vector containing the synset elements for each concept.

(3)

5http://www.wordNet.princeton.edu/wordNet

Assuming that the threshold = 0.5, SIMlex = 0.883 > 0.5 then auto and automobile are lexically similar.

Now, let’s compare “car” and “auto”, SIMlex (car, auto) = Dj(car, auto)= ?

m=1, |s1|=4, |s2|=3, N=1, t=1/2,

SIMlex(auto, automobile) = [        ]1
3

5
10

+
5
4

+
10

5 - 0.5
= 0.883

SIMlex(auto, automobile) = [        ]1
3

1
4

+
1
3

+
1

1 - 0.5
= 0.36.
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We recall that WordNet is a computerized english dictionary where the basic unit is the concept. It uses two different means to
define the meaning of a word, the synsets and the lexical relations. A word is then defined by a set of synonyms (synset) and a
definition.

Example: Board: synset = {board, blank} Definition: A piece of wood.

For the computation of semantic similarity, we have used an information retrieval technique, which involves comparing each
concept in the first ontology with all concepts of the second one to find out the most similar concept. We defined the semantic
similarity between two concepts c1 and c2 as follows:

( )
( ) ( )( )

( ) ( )( )
1 2

1, 2 2*
1) ( 2

card synset c synset c
SIMsem c c

card synset c card synset c
=

+

∩

SIMsem (c1, c2)  [0,1].
The two concepts c1 and c2 are judged similar if SIMsem (c1, c2) is greater than a critical threshold which will be determined
empirically. If the two concepts are exactly similar

SIMsem (c1, c2) =1, in the opposite case SIMsem (c1, c2) = 0.
Example : Computation of semantic similarity between ‘auto and car’ and between ‘car and plane’:
Synset (auto)={car, auto, automobile, machine, motocar}, synset (car)={car, auto, automobile, machine, motocar}, synset
(plane)={airplane, aeroplane, plane}

5 0SIMsem(auto, car)  2 1. SIMsem(car, plane) 2  0.
10 8

and= ∗ = = ∗ =

(5)

Then ‘auto’ and ‘car’ are semantically similar but ‘plane’ and ‘car’ are semantically dissimilar.

The part of the algorithm that is in charge of computing the semantic similarity between two strings is described by the following
pseudo code:
Function semantic-sim (string s1, s2): float s;
{
string w1[], w2[],w3[];
w1= synset (s1),
w2= synset (s2);
w3= synset (s1) )  synset (s2):
s= 2* w3.length /(w1.length + w2.length)
}

Once the two similarity measures are computed, we compute the lexico-semantic similarity that combines the two results
through the formula:

SIMlexSem (c1, c2) =
SIMlex+ 2 * SIMSem

3
(6)

The two concepts are considered similar if SIMlexSem (c1, c2) reaches a critical threshold which will be determined empirically.

Example: SIMlexSem (auto, car) =
0.36 + 2 * 1

3
= 0.75 > 0.5

Then the two concepts auto and car are similar and then will be merged into a single concept.

SIMlexSem (plan, car) =
0.34 + 2 * 0

3
= 0.113 < 0.5 then, the two concepts plane and car are dissimilar so they will be passed

to the second module to check the similarities between their properties. We notify that this module is based on the same
linguistic analysis (of properties) that is also based on the lexico-semantic similarity measure discussed above.

The part of the algorithm that is in charge of computing the lexico-semantic similarity between two strings is described by the
following pseudo code:
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Function lexico-semantic-sim (float l, s): float ls;
{
l = lexical-sim (s1,s2);
s = semantic-sim (s1,s2);
ls = ( l+2*s)/3;
}

3.2.1 Similarity identification between concept’s names
In the first module of our system, the lexico-semantic similarity is simply and directly computed on the strings naming or
labelling the discussed concepts. If this module fails to find similarities between them, the second module of similarity identification
between their vectors of properties is launched:

3.2.2 Similarity identification between concept’s properties
In this module, each one of the two concepts is identified by its array of properties. Then each property of the first array is
compared with all the properties of the second array, using usually the lexico-semantic similarity measure presented previously.
Each time two properties are found similar, a counter c is augmented by one. Finally, the ratio R of similarity between the two
concepts (described by theses properties) is computed through the following formula:

R =
p1. length + p2. length

2 * c
(7)

Where p1 and p2 are the arrays of properties of c1 and c2 respectively.

If R reaches a certain threshold (which will be determined empirically) the two concepts c1 and c2 are judged similar, else, they
are dissimilar.

The part of the algorithm that is in charge of computing the similarity between the properties of the two concepts is described
by the following pseudo code:
Function property-sim (class c1, c2; string p3[]): float R;
{
string p1[], p2[], p3[];
int c= 0; float p, t = 0.5;
p1= c1.properties;
p2= c2.propertes;
p3= p1;
l= p3.length;
increment l;  /*we increment l to reach the last empty position of the property vector*/
for each string s2 in p2
{
for each string s1 in p1
{
ls= lexico-semantic-sim (s2, s1)
if ls < t      {
                  p3[l] = s2;
                 increment l;
                 }
increment c;
}
}
R= 2*c /( p1.length + p2.length);
Return R;
}
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3.3 Ontology Merging
This is the final stage of ontology merging process. It consists of two main operations. The former is merging the judged similar
concepts and the later is copying the judged dissimilar ones. Both of them use the same function of computing the similarity
between the properties of the input concepts, but in two different ways. Firstly, the output file of the resulting merged ontology
O3 is initialized by the first ontology O1, i.e. each concept c3 of o3 and its array of properties p3[] are respectively initialized by
the concept c1 of the ontology O1 and its array of properties p1[]. After that, if the two concepts c1 (which is in c3) and c2 are
similar then the property similarity function is called, where each string s2 labelling a property in p2[] which is not similar to any
string s1 labelling a property in p1[] is copied at the end of the array p3[] which is initialized by p1[]. Hence, a unique concept
c3 which is described by all the properties of c1 and c2 without duplication is derived from the merging of the two concepts c1
and c2. Herein, two main problems are solved:

a. Information omission: All the informations contained in the two source ontologies are preserved in the resulting merged
ontology.

b. Information duplication or overlapping information: For example, if a property is contained in both c1 and in c2, it will be
saved only once in c3.

In the opposite case, where c2 from O2 is different from all the concepts of O1, the property similarity function is called to
identify the position where c2, with its array of properties have to be copied in the resulting merged ontology. To do that, the
property similarity function computes R, the ratio of similarity between p2[] and all the property arrays of all the concepts of
O1. These R values are stored in a matrix M[2,n], where n is the number of concepts in O1. The first line of the matrix contains
the names of the concepts, whereas, the second line contains respectively the R values (The ratio of similarity between the array
properties of each concept in the first ontology with the concept under discussion c2 of O2). The highest value of R, identifies
the most related concept c1 from O1 (which is the concept in the same or corresponding column of R) to the current concept c2
of O2.

Now, to identify which one of the two related concepts c1 and c2 has to be the sub (or super) concept of the other, we have
considered the number of properties of each concept. In fact, in ontology all the sub-concepts inherit the properties of the
super-concept, hence, all the sub-concepts have the properties of their super-concepts. From here, the concept with the highest
number of properties is the more specific, and then will be the sub-concept of the other.

The part of the algorithm that is in charge of performing the construction of the resulting merged ontology is given by the
following pseudo code:

Function ontology-merging (float ls, R; class c1, c2; string p3[]; float M[n, 2]): owl-file: O3;
{
string p1[], p2[];
class c, d;
if (ls e > t) or (R > u)
{
property-sim (c1, c2, p3[]);
Add the properties of p2[] that are not found in p1[] to p3[];
}
{
property-sim (c1, c2, p3[]);
Read M[n, 2];
c= the concept in the column with the highest R value;
d= the concept in the corresponding row;
search c in the owlfile O3;
if c.number-of-properties > d.number-of-properties then write d in owlfile O3 as c’s sub-class
else write d in owlfile O3 as c’s super-class;
}
}
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3.4.1 Description of the whole proposed algorithm
Our algorithm begins from two owl ontologies and produces a unique owl ontology that represents their union. Herein, the
algorithm begins from the top of one ontology and from the bottom of the other. First, the output ontology O3 is initialized by
O1. Then, it begins by identifying the similar concepts that have to be merged into a single one in the resulting merged ontology.
Herein, if the module of similarity identification between the concepts’ names fails to find similarities, the module of similarity
identification between the properties of the concepts is called. Finally, for each concept c2 from O2, if its similar concept c1 from
O1 is found then, the properties of c2 that are not found as properties of c3 (which is initialized by c1) are added to the properties
of c3. Else, (if any concept in O1 is similar to c2) the similarity ratio between the property vector of c2 and the property vector
of each concept c1 in O1 is computed to scale out which class c1 from O1 is the most related to c2 from O2. Hence, the class c1
or c2 which has the highest number of properties will be the sub-class of the other.

This procedure is repeated for each class c2 in O2, and hence, a unique ontology that gathers all the knowledge represented in
the two source ontologies is also represented in the resulting merged ontology. The whole proposed algorithm is given by the
following pseudo code:

Algorithm Construct- Merged- ontology (owl O1, O2): owlfile O3;
{
string c1, c2, p3[];
float ls, t, R, u;
O3= O1;             /* each concept c3 of O3 is intialized by the concept c1 of O1and each
                            property vector  p3[] of O3 is initialized by the property vector p1[] of O1 */
c1= FirstClass (O1);
c2= LastClass (O2);
for each class c2 in O2
{
for each class c1 in O1
{
If (ls > t) or (R > u) call function property-sim (c1, c2, p3[])
Else
{
for each class c1 in O1
{
call function property-sim (c1, c2, p3[]);
create a matrix M[n, 2] containing the similarity ratio values, R, between the property array of c2 and all the property arrays
of all the concepts of O1;
c1= class with the highest R value;
c1= c1.NextClass,
if c1 is null
Break;
}
}
call function ontology-merging(ls, R, c1, c2, p3[], O3, M[n, 2]);
}
c2= c2.PreviousClass;
Return owlfile O3;
}

4. Performance discussion and comparison with existing tools/algorithms

Several tools and algorithms for ontology merging exist in the literature. Most of them are semi automatic and the design of fully
automated algorithms is usually a delicate issue. Despite the hard difficulties found while designing automatic algorithms, we
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have proposed a new automatic algorithm for ontology merging, where human intervention is not required. The fully automatic
characteristic constitutes the power of our algorithm when compared to the existing ones. In this section, we compare the
proposed algorithm to a set of prominent ontology merging approaches.

The proposed algorithm is composed of two parallel modules; the first one checks the similarity between the names of the
concepts, while the other checks the similarities between the properties of the concepts. If the first module fails to acknowledge
similarities the second one will accomplish the task. This ameliorates its performances.

Another important feature of the proposed algorithm is that in addition to similar concepts merging their properties are also
merged, which is not the case with the majority of existing algorithms such as Smart, Prompt and PromptDiff.

Finally, we compare the whole proposed algorithm with some of the most outstanding ones, namely: CHIMAERA, ONION,
PROMPT, FCA-MERGE and GLUE, with respect to a set of critical properties. See Table1:

1 Automation
2 Operation
3 Framework
4-Representation
languages

5 Mapping languages

6 External resources
7 Lexical matching
8 Semantic matching
9 Instance matching
10 Name matching
11 property matching
12 Structure matching
13 User role

Semi-automatic
Merge
Ontolingua
Ontologua

Linguistic
similarity measures
None
No
Yes
No
No
No
No
Takes decisions
affecting the
merging process

Semi-automatic
Composition
Independent
Labeled and
oriented graphs +
Horn rules

Articulation rules

WordNet
No
Yes
No
Yes
No
No
Validates the
proposed mappings

Semi-automatic
Mapping+merging
Protégé 2000
Rdfs – owl

Not applicable

None
Yes
Yes
No
Yes
No
Yes
Selects appropriate
mappings from
to-do list

Semi-automatic
Merging
Independent
Concepts
taxonomies of
populated
ontologies
Lexical similarity
measure
None
Yes
Yes
Yes
No
No
Yes
Corrects conflicts
and eliminates
duplications

Semi-automatic
Mapping
Independent
Taxonomies

Lexical similarity
measure
None
Yes
Yes
Yes
Yes
Yes
Yes
Selects the
similarity
computation
function

Fully-automatic
Merging
Independent
Owl

Linguistic similarity
measure
WordNet
Yes
Yes
No
Yes
Yes
Yes
Validates computed
similarities

   Properties                    CHIMAERA               ONION                  PROMPT               FCA-MERGE             GLUE                   PROPOSED

Table 1. Comparaison with existing algorithms/tools

5. Conclusion

Ontology merging has emerged as a key alternative to bridge the gaps between different ontologies modelling same or similar
domains. It plays a prominent role in creating a common knowledge base and eliminating overlaps  between existing ontologies.
In this paper, we have proposed a new algorithm for automatic ontology merging. To identify similar concepts, our algorithm is
based on two parallel modules that are both based on linguistic analysis. The former deals with concepts’ names, while the later
deals with their properties . Hence, if the first module fails to find mappings, the second one will accomplish the task. The
linguistic analysis is based on the combination of a lexico-semantic similarity measure.

In future works, we aim to test more Information Retrieval techniques to enhance the performances of the similarity identification
stage.  Subsequently, we intend to use another domain specific dictionary for the linguistic analysis, after choosing and
studying an application domain requiring merging of different knowledge sources, to apply our algorithm.
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