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Abstract—The Semantic Web presents new opportunities for 
enabling modeling, sharing and reasoning with knowledge 
available on the web. These are made possible through the 
formal representation of the knowledge domain with 
ontologies. Ontology is also seen as a key factor for enabling 
interoperability across heterogeneous systems. Ontology 
mapping  is required for combining distributed and 
heterogeneous ontologies. This paper introduces you to the 
problem of heterogeneity, and need for ontologies and 
mapping. Also gives an overview of some such ontology 
mapping systems together with a new system using neural 
network.  
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I. INTRODUCTION 
The current web WWW has billions of pages, most of 

which are in human readable format only. As a  
consequence,  software agents cannot understand and 
process this information and much of the potential of the 
web has so far remained untapped. Some problems of this 
web are non availability of collective information, search 
based on keyword, irrelevant and excessive information, 
Semi-structured information representation etc.  In 
response, researchers have created the vision of the 
Semantic Web[1], where data has structure and semantics. 
Ontologies describe the semantics of the data. The term 
ontology is borrowed from philosophy, where it refers to a 
systematic account of what can exist or ‘be’ in the world. 
In the fields of artificial intelligence and knowledge 
representation, the term refers to the construction of  
knowledge models that specify a set of concepts, their 
attributes and the relationships between them. An ontology 
allows to explicitly specify a domain of knowledge, which 
permits to access and reason about agent knowledge , 
incorporating semantics into data, and promote its 
exchange in an explicit and understandable form. 
Collectively defined as “formal explicit specification of a 
conceptualization”.  

 
  When data is marked up using ontologies, software 

agents can better understand the semantics and therefore 
more intelligently locate and integrate data for a wide 
variety of tasks. Semantic web is an evolution of the 
current web that provides the new information 

representation features. It accomplishes the vision of Tim 
Berners Lee for shareable data on the web that is both 
human and computer understandable and will support 
variety of applications. Although Semantic Web offers a 
compelling vision, but it also raises many difficult 
challenges. Most important of it is finding semantic 
mapping of ontologies. Semantic web do not have fair 
ontology. Rather it will be a complex Web of semantics 
ruled by the same sort of anarchy that rules the rest of the 
Web. Instead of a few large, complex, consistent ontologies 
that large numbers of users share; there is expected to be a 
large number of small ontological components consisting 
largely of pointers to each other. Web users will develop 
these components in much the same way that Web contents 
are created today. Software agents will find great difficult 
in making an alignment in two different ontologies from 
two different domains while surfing the semantic web and 
trying to comprehend the semantic contents over it. 

 Ontology will be considered more powerful, useful, 
beneficial and result oriented when more people will be 
using it . Let’s consider a scenario: Abhinav, a 30 year old 
native of the city Bombay runs a shop to sell both old and 
new bicycles. He has developed (or has got it developed 
from some one) an ontology that describes, conditions, 
qualities and pricing information about his bicycles. Now 
the personal agents of his potential buyers could only 
comprehend his ontologies and make some business 
agreements if either they are using ontologies of some 
same standard or they mutually commit to an ontology 
standard. In both cases Abhinav needs to reveal and share 
his ontology and ontology standards with other people, but 
the ontology depends on the subject of the communication. 
The number of possible subjects is almost infinite and  the 
concepts used for a subject can be described by different 
ontologies. Because of this  the development of generally 
accepted standards will take a longer time. Also many of 
these ontologies will describe similar domains but using 
different terminologies e.g assistant professor/senior 
lecturer and post code/zip code.  Our software agent 
surfing the semantic web should understand that the 
various terminologies used in these pair of ontologies are 
same though they look and read different.  Also some other 
ontologies will have overlapping domains. This lack of 
standardization, which hampers this communication and 
collaboration between agents on semantic web, creates 
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interoperability problem and requires some ontology 
mapping mechanism. In order to integrate data from 
disparate ontologies on semantic web, we must know the 
semantic correspondences among their elements and must 
develop some ontology mapping mechanism.  

II. ONTOLOGY REPRESENTATION 
Though several languages are used to represent ontology, 

the one that is developed by W3 Consortium is widely used 
nowadays and is named Web Ontology Language (OWL). 
It represents following components of ontology in a  
formal way: concepts, instances, relations and axioms.  

A Concept (also known as a class or a term) is an 
abstract group, set or collection of objects. It is the 
fundamental element of the domain and usually represents 
a group or class whose members share common properties. 
This component is represented in hierarchical graphs, such 
that it looks similar to object-oriented systems. The 
concept is represented by a “super-class”,representing the 
higher class or  “parent class”, and a “subclass” which 
represents the subordinate or  “child class”. As an example, 
a university could be represented as a class with many 
subclasses, such as faculties, libraries and employees. 

An Instance (also known as an individual) is the 
“ground-level” component of an ontology which represents 
a specific object or element of a concept or class. For 
example, “India” could be an instance of the class  
“countries”. 

A Relation (also known as a slot) is used to express 
relationships between two concepts in a given domain. 
More specifically, it describes the relationship between the 
first concept, represented in the domain, and the second, 
represented in the range. As an example “study” could be 
represented as a relationship between the concept “person” 
(which is a concept in the domain) and “university” or 
“college” (which is a concept in the range). 

An Axiom is used to impose constraints on the values of 
classes or instances. Hence axioms are generally expressed 
using logic-based languages such as first-order logic; they 
are used to verify the consistency of the ontology. 

III.ONTOLOGY MAPPING 
 Ehrig and Staab define ontology mapping : “Given two 

ontologies O1 and O2 , mapping one ontology onto another 
means that for each entity (Concept C, Relation R or 
instance I) in ontology O1 , we try to find a corresponding 
entity which has the same intended meaning in ontology 
O2”.[3].  

A. An Ontology mapping Process 
1)Feature Engineering transforms the initial representation 
of ontologies into a format digestible for the  similarity 
calculations.  As an example  the subsequent mapping 
process may only work on a subset of OWL primitives. 
This step may also involve complex transformations, e.g. it 
may require the learning of classifiers as input to the next 
steps. 

2)Selection of Next Search Steps: The derivation of 
ontology mappings takes place in a search space of 
candidate mappings. This step may choose to compute the 
similarity of a restricted subset of candidate concepts 
pairs{(e,f): eЄO1, fЄO2}and to ignore others. Where e is 
the entity defined in O1 and f is the entity defined in O2. 
3)Similarity Computation: Determines similarity values 
between candidate mappings (e,f) based on their definitions 
in O1 and O2 respectively. 
4)Similarity Aggregation: In general there may be several 
similarity values for a candidate pair of entities e, f from 
two ontologies O1 and O2, e.g. one for the similarity of 
their relation ship to other terms.  These different similarity 
values for one candidate pair must be aggregated into a 
single aggregated similarity value. 
5)Interpretation: This uses the individual or aggregated 
similarity values to derive mappings between entities from 
O1 and O2. Some mechanisms here are to use thresholds 
for  similarity mappings  to perform relaxation labeling, or 
to combine structural and similarity criteria. 
6)Iteration: Several algorithms perform an iteration over 
the whole process in order to bootstrap the amount of 
structural knowledge. Iteration may stop when no new 
mappings are proposed. 
Eventually, the output returned is a mapping table 
representing  the relation map

 
O1,O2 

B. An Ontology mapping Example 
The figures 1 and 2 show the components of two 

ontologies over library domain. The first ontology has 
concepts Reference, Book, Proceedings, Monograph, and 
Collection. Book has properties Id, label, comments etc. 
Proceedings has communications, event, editor, 
organization as its properties and so on.  The second 
ontology has concepts  namely Composite, Proc, Book, 
Monography, Collection. The properties of Book are same 
as that of Book of first ontology. Proc has three properties 
such as publisher, editor, organization. Their mapping 
result for concepts are equivalence between  Reference and 
Composite, Book and Book, Monograph and Monography, 
Collection and Collection, Proceedings and Proc. 

IV ONTOLOGY MAPPING SYSTEMS 

    Mapping systems[4][5][6][7] are classified into manual, 
semi-automatic and automatic systems based on human 
intervention during mapping. They may also be categorized 
into metadata based and  instance based methods. Metadata 
based methods rely on the name, attributes ,structure of 
ontology concepts to generate similarity and  instance 
based methods match the instances under the concepts to 
generate similarities. 

 



 
Figure. 1  Example ontology1  

 

 
 
 

Figure. 2  Example ontology2  

 

 
 

A. Instance based mapping  methods 

GLUE [2]uses a machine learning technique to find semantic 
mapping between ontologies. It consists of three main 
modules namely Distribution estimator, Similarity estimator, 
and Relaxation Labeler. The first module takes input 
ontologies with instances as input and outputs joint probability 
distribution  for every pair of ontology concepts. The next 
module computes similarity based on the joint probabilities 
computed by module one. The last module uses domain 
specific and heuristic knowledge to further strengthen the final 
output. 

FCA-merge [9]uses formal concept analysis techniques to 
merge two ontologies sharing the same set of instances. The 
overall 3 steps in this method are instance extraction, concept 
lattice computation and interactive generation of the final 
merged ontology. 

B. Metadata based methods 
Cupid[10] implements an algorithm comprising linguistic and 
structural schema matching techniques and computing 
similarity coefficients with the assistance of domain specific 
thesauri. 
COMA,COMA++[11][12] consists of parallel composition of 
matchers. It uses string based techniques such as n-
gram,editdistance ,thesauri look up like Cupid etc. It is more 
flexible than Cupid. COMA++ is the advanced 
implementation of COMA with graphical interface. 
Both instances and metadata play important role in mapping 
ontology concepts. Some ontologies metadata may be 
erroneous, there  instances may play important role in 
identifying correspondences; in some cases instances may not 
be available there structure of ontology i.e metadata may give 
good response. If  both are well defined then accuracy of 
mapping  will be improved by considering both instances and 
metadata. By keeping this in mind we designed a system 

which computes various types of similarities based on 
metadata and instances and combines them as a weighted sum 
to get resulting similarity using neural network learning. 

 

V OVERVIEW OF OUR APPROACH 

For our study, an ontology consists of a hierarchical 
information about various concepts and the various attributes 
and instances associated with each concepts. An instance can 
be associated with multiple concepts, e.g. when the ontology 
contains concepts of orthogonal aspects. Moreover, an 
instance may be assigned not only to leaf level concepts but 
also to inner concepts of the ontology. The key idea of our 
approach is to derive the similarity between concepts from the 
similarity of the associated instances. Determining such 
instance matches is easy in some domains, e.g. by using the 
non-ambiguous EAN in e-commerce scenarios. Moreover, 
instance matches may be provided by hyperlinks between 
different data sources and, thus, can easily be extracted. In the 
absence of unique identifiers, instance matching can be 
performed by general object matching (duplicate identification) 
approaches, e.g. by comparing attribute values. An important 
advantage for instance-based ontology matching is that the 
number of instances is typically higher than the number of 
concepts. This way, we can determine the degree of concept 
similarity based on the number of matching instances. 
Furthermore, the match accuracy of the approach can become 
rather robust against some instance mismatches. We use 
name,attribute and structure based similarity under metadata 
section. 

A. SimilarityComputation 
First we find dice similarity between pairs of concepts of 
ontology O1 and O2 as  per following formula. 



 
In the formula, |Ic1| (|Ic2|) denotes the number of instances 
that are associated to the concepts c1 (c2). |Ic1∩Ic2| is the 
number of matched instances that are associated to both 
concepts, c1 and c2. In other words: the similarity between 
concepts is the relative overlap of the associated instances. 

The dice similarity values do not take into account the relative 
concept cardinalities of the two ontologies but determine the 
overlap with respect to the combined cardinalities. In the case 
of larger cardinality differences the resulting similarity values 
thus can become quite small, even if all instances of the 
smaller concept match to another concept. We therefore 
additionally utilize the minimal similarity metric which 
determines the instance overlap with respect to the smaller-
sized concept: 

 

For comparison purposes we also consider a base similarity 
which matches two concepts already if they share at least one 
instance. 

 
 

 
Next we consider the fourth and fifth metrics as  
 

 
 

 
 
 
Two attribute based matrices are determined based on ratio 

of number of common attribute types to maximum number of 
attributes and to the minimum number of attributes.  

 

 

 
 

Path difference consists of comparing not only labels of 
objects but the sequence of labels of entities to which those 
bearing the label are related. Suppose we want to compare two 
labels we construct two strings s and t consisting of names of 
their super classes on the path from common root and use 

them to find similarity. Path based similarity is determined as 

per following equation. Here  is the similarity computed 
based upon semantic relation between leaves of the tree. Here 
λ is between 0 to 1 value. This measure is dependent on the 
similarity between the last element on each path: this 
similarity is affected by λ penalty but every subsequent step is 
affected by a λ(1-λ)n penalty. 

 

B. Concept similarity matrix 
If s1,s2,s3,s4,s5,s6, s7,s8are the similarities computed between 
two concepts C1 and C2 of O1 and O2 respectively then the 
similarity value s between C1 and C2 is obtained as weighted 
sum of  s1,s2,s3,s4,s5,s6, s7,s8 as weights are randomly 
initialized and will be adjusted through the learning process. 
For two ontologies being mapped O1 and O2 we calculate the 
similarity values for pairwise concepts (one from O1 and the 
other from O2, considering all combinations). Then we build 
n1Xn2 matrix M to record all values calculated , where ni is 
the number of concepts in Oi. The cell Mij stores similarity 
between ith concept in O1 with jth concept in O2

C. Learning through NN 

. 

The main purpose of NN is to learn the different weights for  
instance based and metadata measures during matching 
process. 
We adopt a three layer feed forward neural network.The 
network has 8 units in the input layer, 12 units in the hidden 
layer and one output unit. The input to the network is vector s 
representing different type of similarity. The output is s the 
similarity value between concept C1 and C2 of O1 and O2
Initially we obtain 8 concept similarity matrices M

.  
i

D. Experimental Results 

 as 
explained in section A. Then we pick up randomly a set of  
concepts and an expected  similarity value as per manual 
matching  and give this to train the network with initially set 
random weights and biases. 

The test was conducted on benchmark data sets 
101,103,104,201…210. The plot of precision, recall and f-
measures are as per Figure 3. It is found that precision, recall 
and  f-measures are good for initial benchmark sets and as the 
complexity of the data set increases the precision, recall and f-
measures decrease slightly.  
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Figure. 3.  Result analysis                     

 

VI CONCLUSION 
This Paper has presented a  broad scope of  ontology 

mapping, mapping categories and characteristics  and a 
complete study of neural network based ontology mapping 
system. The accuracy of the system proposed is found to be 
remarkable.  

The authors are undertaking research to redefine existing 
methodology of ontology mapping. Besides new algorithms 
will be explored. 

REFERENCES 
[1] Berners_Lee,T., J.Hendler,et.al., ”The Semantic Web” Scientific 

American 2001. 
[2] Doan,A., Madhavan,J., Domingos P. and Halevy,A.Y.  “Learning to 

Map between Ontologies on the Semantic web” , In Proceedings of the 
WWW conference, 2002. 

[3] Ehrig,M. and S.Staab. ”QOM:Quick Ontology mapping”, In 
Proceedings of the third International Semantic Web Conference 2004. 

[4] Kalfoglou,Y. and M.Schorlemmer, ”Ontology mapping: The State of 
the Art”,  The knowledge Engineering Review 2003. 

[5] Mohammad Mustafa Taye, ”State of the Art:Ontology matching 
techniques and Ontology Mapping Systems” , International Journal of 
ACM,2010. 

[6] Namyoun Choi, Il-YeolSong, HyoilHan,”A Survey on ontology 
mapping”, SIGMOD Record  2006. 

[7] Noy.,N. “Semantic Integration:  A Survey of ontology based approach”, 
SIGMOD Record 2004 

[8] Noy,N. and M.Musen ,”Anchor-PROMPT:Using non local context for 
Semantic matching”, In Proceedings of the IJCAI 2001. 

[9] GerdStumme , Alexander Maedche,” FCA-MERGE:bottom up merging 
of ontologies”,In Proceedings of the IJCAI 2001. 

[10] Jayant Madhavan, Philip Bernstein,ErhardRahm,” Generic Schema 
matching with cupid”,In VLDB Journal.2001 

[11] Hong Hai Do,Erhard Rahm,”COMA-A system for flexible combination 
of schema matching approaches”,In VLDB Journal 2002. 

[12] David Aumueller,Hong HaiDo,SabineMassmann,Erhard Rahm,” 
Schema matching and ontology matching with COMA++”,In 
SIGMOD Conference 2005. 

 

                


