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Abstract. In this paper. a framework for data integration at heterogeneous infor-
mation systems is presented. The framework is strongly based in the use of web
semantic technology. A practical approach 10 creating mappings between a rela-
tional database schema and OWL ontology is presented. Also, the framework in-
cludes the use of semantic association and natural Ja

2 s Ay s s nguage processing to obtain
the data integration for a criminality information dom:

ain.
1 Introduction

Today the main goal in data and information retrieval
vide efficient support for the querying and retrieval of d
primary obstacles in the information integration applications is the heterogeneity of
the distributed data sources. Multiple types of heterogeneity characterize data from
multiple sources. The following hierarchy is often used: (1) syntactic heterogeneity:
is a result of differences in representation format of data. (ii) schematic or structural
heterogeneity; the native model or structure 1o store data differ in data sources lead-
ing to structural heterogeneity. (iii) semantic hetero
tion of the meaning of data are source of semantjc
geneity; use of different operating system, har
heterogeneity.

Traditionally, the solution for the informatjon integration has been the following
general approaches [1]: Federated databases [2, 3] where the sources are independ-
ent, there is some global view or schema of the federation of databases that is shared
by the applications. Data warehousing, a collection of decision support technologies,
a data warehouse is a collection of information as wel] as a supporting system. Data
warehouses are optimized for data retrieval, not routine transaction processing. The
data warehousing process includes possible cleaning and reformatting of data before
it’s warehousing. Mediation. a mediator is a sofiware component that supports a vii-
tual database: the user can consult as if outside materialized (just as a data ware-
house). The mediator does not store data properly: in its place he transfers the query
of the user in one or more queries 10 the sources. The mediator synthesizes the an-
swer 10 the query of the user of the answers of sources and returns an answer to the
user.

systems has been 1o pro-
ata. However, one of the

geneity, differences in interpreta-
heterogeneity, (v) system hetero-
dware platforms lead to system
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Up to date. some of the current work in data integration research concerns the
semantic integration problem. This problem is not about how to structure the archi-
tecture of the integration. but how 1o resolve semantic conflicts between heterogene-
ous data sources. A common strategy is the use of ontologies, this approach is called
ontology based data integration. Ontology based data integration involves the use of
ontologies to effectively combine data and/or information from multiple heteroge-
neous sources.

A sector with evident problems of information integration is the governmental.
The explosive growth in the digital information stored in the data repositories in lo-
cal. state and federal organizations, and the urgent necessity of interagency access to
that information has caused problems or difficulty in its recovery and analysis. Spe-
cific examples are the police and justice information systems. We can find systems
for the recognition and identification of people through their general data and di-
verse biometrics such as iris. facial patterns, voice. hand measurements or finger-
prints. The sources of data 1o make such processes are own and in some cases exter-
nal to the institution, these sources are distributed and heterogeneous, a concrete
example is shown in Fig. 1, where we can see databases of different government
agencies, for example; the Resides database contains the general data about persons,
the Licencia database contains the data of persons that have a driver license. the
SAP database contains data of persons with penal antecedents, the AFIS database
contains biometric data of persons, the Padron Vehicular database contains the data
of motor vehicles and the SIAMP database contains the data of the Ministerio Pub-

lico agencies.

Resides Licencia Padrén Vehicular SIAMP

Fig. 1. Distributed and heterogeneous sources

Hence, the queries are made on each database as shown in Fig. 2, which does not
allow having knowledge about the interrelation of the individuals in the other data-
bases, causing that the identification process is inefficient. For instance, one person
has different names in several databases. but their fingerprints are the same in the
databases, therefore, the identification process is slower. Fig. 2 also shows the proc-
ess for the identification of persons.

In [4] reviews some of the key research in information integration, theory and
systems, describes the current state-of-the-art in commercial practice. and the chal-
Jenges faced by chief information officers (ClOs) and application developers. Also
in [5] we can found a tutorial that provides an overview of some of issues underly-
ing the theory of data integration.
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It's the same person?
Fig. 2. Person identification process

The semantic integration of the information has acquired a great importance, due
to the availability of an increasing number of data sources. Generally, these sources
are distributed and heterogeneous, and in rare occasions, partially they are only
translated 1o the new "franca lingua" of the information: XML [6]. This generates
significant difficulties; nevertheless the potential applications are many. The works
in the field of the Semantic Web [7.8] it is a representative example. The technolo-
gies developed around this vision of the Web can take advantage of the organiza-
tions with a need to combine diverse sources of information. Among the numerous
projects that are being realized in the field of semantic integration [9,10] they ob-
serve some clear tendencies: on the one hand, the approach to data expressed in
XML on the other hand, the use of the ontologies like the global scheme on which
the user realizes the queries and, generally, like the tool fundamental to express a
scheme integrated conceptually.

The use of ontologies in the integration of data can be found in [11,12], [13]
show as the ontologies expressed in RDFS, a semantically rich schema language,
permit the bridge across syntactic, schematic, and semantic heterogeneities in data
sources. [13] also present different study cases. In [14] reports the achievements on
ontology-based heterogeneous data integration, and discuss the fundamental issues.
including metadata representation, mapping process. and query processing, in sev-
era] approaches 1o different applications of data integration.
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2 Semantic data integration using ontologies

Data integration provides the ability to manipulate data transparently across mul-
tiple data sources. The two most important approaches for building a data integra-
tion system are Global-as-View (GaV) and Local-asView (LaV). Data sources can
be heterogen ous in syntax, schema, or semantics, thus making data interoperation a
difficult task. Syntactic heterogeneity is caused by the use of different models or lan-
guages. Schematic heterogeneity results from structural differences. Semantic het-
erogeneity is caused by different meanings or interpretations of data in various con-
texts.

The semantic data integration is the process of using a conceptual representation
of the data of their relationships to eliminate possible heterogeneities. The important
point of semantic data integration is the concept of ontology, which is an explicit
specification of a shared conceptualization.

There are several definitions of ontology [15,16,17], from the philosophical per-
spective to the Artificial Intelligence (Al) perspective depending on the application.
In philosophy. the word ontology means a theory about the nature of the being, or
the types of existence; nevertheless, in Al we found definitions like Gruber [18] that

" establishes that ontology is a formal specification of a conceptualization for systems
of Al in which what "exists" is what can be represented. A more constructive defi-
nition is given by Noy and McGuinness [19] in which ontology is a formal explicit
description of concepts in a domain of discourse (classes or concepts), with proper-
ties of each concept describing various features and attributes of the concept (slots,
or roles, or properties) and with restrictions on slots (facets or role restriction).
Uschold and Jasper establish in [20] that ontology can take several forms, but that it
should necessarily have 10 include a vocabulary of terms and some specification of
their meaning. This includes definitions and an indication of how the concepts are
interrelated: this interrelation collectively imposes a structure in the domain and re-
stricts the possible interpretation of terms. The global schema in a data integration
system may be an ontology, which then acts as a mediator for reconciliating the het-
erogeneities among different sources. An approach in the use of ontology is that all
source schemas are directly related to a shared global ontology that provides a uni-
form interface 1o the user. However, this approach requires that all sources have
nearly the same view on a domain, with the same level of granularity. This approach
is appropriate for GaV systems. Fig. 3 shows the architecture of our proposed se-
mantic integration system to realize the identification of people using heterogeneous
databases.

Ontology provides an explicit model obtained by consensus and it is described in
a language that contains the concepts, properties and relations of a domain. There
are diverse languages to define ontologies [21]. For example. SHOE. XML, RDF,
DAML. OIL. DAML+OIL and OWL. Fig. 4 shows partially the ontology used in
our proposal. the domain of discourse for the ontology is the criminal.
The ontologv has been constructed and modeled using the Protégé tool. The lan-
guage selected for its representation is OWL [22], since it allows the definition of
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the concepts, relations and properties. OWL is a very expressive language that al-
lows establishing the suitable semantics and is possible to use it with the Jena
framework [23] that allows the use of the ontology and the accomplishment of the
searches to create applications of the Semantic Web.

Fig. 4. Partial ontolog:
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3  Mapping the data in relational databases to RDF graph

One of the most important aspects in the design of a data integration system is
the specification of the correspondence between the data at the sources and those in
the global schema. Such a correspondence is modeled through the notion of map-
ping. The user can formulate a query Qs Without specific knowledge of the differ-
ent data sources; this query is carried out through a mediator to execute it in each of
heterogeneous databases. This mediator basically makes a mapping of the schemes
of the relational databases to a global scheme that is being supported by the ontol-
ogy. Through this mapping we get the instances in a RDF graph [22]. Fig. 5 shows
this mapping, where Answer = Mediator(Quse), We can consider Quser = < qu, G,
Qs,--» Gn >, Where q;is a query at the database i, we get a RDF graph for each g;.
Therefore, Answer is <grdfy,grdf,,grdfs,..,grdf,>, where grdf; is a RDF graph.

Answer = <grdt1,grdf2,grdt3,ged!4,9rotS, grafe>

Fig. 5. Mapping databases and RDF

Definition 1. From [24], a relation r of the relation schema R(A},A,,...,A,), also
denoted by r(R), is a set of n-tuples r={t},tz,..,tm}. Each n-tuple t is an ordered list of
n values t=<v,,v,,...v,>, where each value v;, 1<=i<=n, is an element of dom(A;) or
is a special null value. The i value in tuple t, which corresponds to the attribute A;,
is referred to as t[A;].

Definition 2. An RDF triple contains three components: (1) Subject, which is an
RDF URI reference or a blank node, (2) Predicate, which is an RDF URI reference,
(3) Object, which is an RDF URI reference, a literal or a blank node.

An RDF graph is a set of RDF triples: <rdf:subject, rdf:predicate, rdf:object>

When the user do a query using some concept from the ontology O, for example
the owl.name, we can get the values associated to the value of name using the query:
{ t| 3u € Resides, (t.name = u.name A t.address = u.address A t.RFC = u.RFC}
where t[name], t[address] and t[RFC] are instances for the classes owl.name,
owl.address and owl.RFC of the ontology O.
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Such that we get a RDF graph. where the triples of the graph is build using the
following:
<uri:t[name). uri2:owl#name, t[namec]>
<uri:t|name]. uri2:owl¥address, t[address]>
<uri:t[name], uri2:owl#RFC, t[rfc]>
With this mapping we are solving the syntactic heterogencity problem that is caused
by differences in data format representation. Also, we are solving the schematic het-
erogencity, which results from structural differences.

4  Eliminating heterogencities with OWL reasoning

In our study case we are looking for a person that could be found at different da-
tabases. but we can find diverse heterogeneities that do not permit us to know if it is
the same person. For instance, the alias of a person could be The Black Dog in a da-
tabase but in another one the alias is Dog. In a traditional search we cannot know if
are the same values because the syntactic match not is success. however. semanti-
cally a Black Dog is a Dog.

In each RDF graph that we get from the queries we have the data of the persons
that are closed to the person that is looking for. For the data integration we use the
instances in the RDF graph and the ontology, also we have rules for reasoning as the
following:

Persona_Licencia v Persona_Padron = EquivalentPer-
son(Licencia_Person,Padron_Person).

EquivalentPerson(Licencia_Person.Padron_Person) <
Homony(Licencia_Person, Padron_Person) A
(EquivalentAttribute(Licencia_Person.Licencia, Padron_Person Licencia) v
EquivalentAttribute(Licencia_Person.RFC. Padron_Person.RFC) v v
EquivalentAuribute(Licencia_Person.CURP, Padron_Person.CLURP)).

Homony(X.Y) < 0.Class(X) A O.Class(Y) A
( Equivalent(X.Name, Y.Name) v
(X c O.Person A
Y < O.Person A Equivalent(X.Name, Y.Name)) v
( Similar(X.Name.Y.Name) v
(X c O.Person A
Y < O.Person A Similar(X.Name, Y Name)) ).

EquivalentAtiribute (X.Y) < Equivalen(X,Y) v Similar(X.Y).

Equivalem(X.Y) =X =Y.
Similar(X.Y) < Cenain_Factor(X.Y) >= 90.
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The Fig. 6 shows the idea of the data integration for the identification of persons.
The input data could be the person name, the car license, etc., or some biometrics
such as a fingerprint, face image, etc.

When the input data is a string such that the person name, we use pattern match-
ing to decide about similarity or string closed pattern matching. The similarity con-
cept could be defined in several ways, so we use the Levenshtein distance. This dis-
tance between strings is the minimum number in insertion, delete and replacement
of characters necessary to make them the same. Also we use regular expressions to
find some patiern in the string. The above permit us find the similarities among the
names, for example as: Joe Doe, Joe Doe II, Joe Does, together with others attrib-
utes in the pattern marching could be inferred that is the same person.

R388 88888

grdf1 grdf2 grdf3 grdf4 grd! grdié grdl7  grdt8

Data
Integration

34388

R1rdf1 R2rdf2 R3rdf3 R4rdi4

Fig. 6. Personal data integration

When another attributes are used such that the biometrics, the rule for the infer-

ence could be stronger because the pattern matching is safe, for instance, the finger-
prints.
The data integration is obtained when the established rules are fulfilied in such a
way that a resulting RDF graph is obtained that considers the union of the attributes
for each of the persons who have been that they are the same. For example, it con-
siders from the Fig. 6 that grdfl, grdf5 and grdf8 contains persons who are the same
(personl), but grdf2 and grdf7 contain another person (person2), and so on, then:

Rl1rdf = grdfl U grdf5 U grdf8
R2rdf = grdf2 U grdf7
R3rdf = grdf3 U grdf9
Rdrdf = grdf4 U grdf6

Where R1rdf contains the union of the attributes of personl, only exists a re-
source for this person, R2rdf contains the union of the attributes of person2, R3rdf
contains the union of the attributes of person3 and R4rdf contains the union of the
attributes of person4.
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Finally, the union with the rest of RDF graphs that do not correspond to personl is
obtained, in this case person2, person3 and person4.

resutFinalRDF = R1rdf U R2rdf U R3rdf U R4rdf

where resultFinalRDF contains the data integrated of each person.

5 Experimental Results

The framework has been tested with the databases of the Procuraduria General
de Justicia del Estado de Sonora, Jena was used in the implementation of the frame-
work, for the test we used twenty cases of persons with characteristics previously
know, for example, that the person had registers in several databases, that the person
had several registers in the same database, persons with the same fingerprint but
with different names, etc., we can say that the results obtained were correct, the
merge was correct for the test with these cases, but we can not say that it is a r;su]t
at 100%, because we need to use more cases in the test, unfortunately the obtained
result couldn’t be shown using real data, since the data are private and for security
reasons it is not possible to publish them. We got the data integrated of the person
and can be visualized as hyperbolic tree, or with several interfaces, and it is possible
generate a XML file, at the Fig. 7 we show a XML structure, and a hyperbolic tree.
.. W

norrbre JODOCOOOOCOOO ~T
friog-—iewyires gane < ety s e

196507-12 - o
Estads_Ovi CASADO | e / ’
RFC_Persona

Dorico_Persons ; 2 gt~ %

Fig. 7. Result of the integration

6 Conclusions

A framework for the integration of the semantic information for the identifica-
tion of persons has been applied to the criminality domain using technology of Se-
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mantic Web. The study case used has allowed to show the viability of the solution of
the problem search when heterogeneous databases are maintained and to recover the
integrated information of a person.
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