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Abstract. Progresson dataintegrationhascometo thepoint thatwe mustdeal
with the needof semanticintegration. In this work we presenta prototypeof
anintegrationtool of informationsources(SemanticIntegrationTool for Spatial
Data).It focuseson schemaintegrationof spatialdatabases.This tool is ableto
recognizethesimilaritiesandthedifferencesbetweenentitiesto beintegrated.It
is basedon a FederatedArchitectureand,therefore,it is a leveledarchitecture.
We obtainthe XMI modelsfrom metadataof spatialsourcesthat will be inte-
grated.A parsertakestheentitiesandattributesfrom XMI modelsby meansof
asemanticmatchprocessandwe assessthesimilaritiesanddifferencesbetween
the objects.A domain-dependentontology is createdfrom the FGDC standard
(FederalGeographicDataCommittee)anddomain-independent ontologies(Cyc
and Wordnet).This ontology is representedin OWL. We makeuseof a ratio
model(ontologynodesdistance)for theassessmentof thesimilaritiesanddiffer-
encesbetweenterms.Theprototypetakesadvantageof standardizationin spatial
datatools. For instance,ESRI or othersthat incorporatea lot of standardsinto
theirapplications.Wealsomakeusefor thiswork of thelatesttechnology:XML,
XMI, GML, OWL, andothers.

1 Intr oduction

Geographicapplicationsareanexampleof theneedto bring dataintegrationto a big
scale.This is thecasefor thestudiesof weather, environment,sustaineddevelopment,
terrainuse(grounduse),mobileapplicationsandmore.Whenwe attemptto integrate
this kind of datawe find that therearesomeadvantages(many developedandapplied
standards)andsomedisadvantages(varioustypesof geographicdata).Semanticunder-
standingis necessaryto discover andextract theessentialinformationinto a structure
suitablefor integrationfrom thesourcesof data.Researchersshow theneedto focuson
aspecificdomainto achieve themaingoalof semanticunderstanding[21]. In thiswork
wefocusonthedomainof GeographicInformationSystemsandSpatialDatabases.We
first begin to work with shapedataandthuswecannarrow thedomainevenfurther.

Dueto thelargequantityandbroadrangeof typesof Geographicdatait would be
impossibleto integrateonanapplicationwithout losingsomeinformation.In thesearch



for thebestsolutionfor this integrationwe have takenadvantageof thestandardsthat
havebeenactuallyacceptedby themainspatialsoftwarecompanies.As anexamplewe
takethecaseof theOpenGISConsortiumstandardfor representationof geographicfea-
tures.ESRIfollowsthisstandardfor their representationof features.On theotherhand,
theFGDC(FederalGeographicDataCommittee)hasapprovedmany contentstandards
for geographicapplications.An exampleis their standardfor representingmetadata.
With theabove hypothesis,we have developeda prototypeto integrateheterogeneous
spatialdatasources.This first phasein theprototypetriesto integratesimplefeatures.
This term is takenfrom OGC (OpenGISConsortium)which geometricpropertiesare
restrictedto simple geometries. For thesesimplegeometriescoordinatesaredefinedin
two dimensionsandthe delineationof a curve is subjectto linear interpolation[18].
Thiswork is thecontinuationof [16] whichpresentedaframework thatwasbasedona
federatedarchitecturefor schemaintegration.

Theevolution of federateddatabasesystemshasidentifiedtwo approachesto man-
agingdistributeddata:installingadistributedDBMSandaddingasoftwarelayerabove
existingDBMSsto createanFDBS.Thisevolutionprocessis dividedinto threephases
[20] : (1) preintegration, (2) developing a federated database system, and(3) federated
database operation. Section3 refersto thedevelopmentof a federateddatabasesystem
wherewedefinethemappingsbetweenvariousschemas.In thiswork we focusonly in
thesecondphasewhereweachieve afederatedschemafrom two heterogeneousspatial
sources.SIT-SD is a prototypecapableof implementingthe above theorydeveloped
in our work group.We takespatialdataworkedin ArcGIS 1 andfrom thesefiles we
extractthemodelin XMI. A parseridentifiesthemainobjectsasentitiesandattributes
andsubsequentlysubmitsthemto theprocessfor assessmentof similarities.By means
of a Java programandCyc, we takenamesof entitiesandattributesfrom the FGDC
standardfor generationon OWL from onepartof theontologythatwill beusedin the
assessmentprocess.

Theorganizationof theremainingsectionsis asfollows.Section2 presentsrelated
work.Section3 followswith theproposedarchitecturewhichweusetechnologyXML
basedandOpenGISandFGDC standards.Section3.1 introducesthesimilarity-based
strategy for schemaintegration.Conclusionsandfutureresearchdirectionsaregivenin
thelastsection.

2 Relatedwork

Ontologiesprovide significantbenefitsfor thedesignanduseof geographicinforma-
tion. Ontologiesdefinesemanticsindependentlyof datarepresentationandreflectthe
relevanceof datawithout accessingthem[9]. Sucha high-level descriptionof these-
manticsof geographicinformationprovidesmoreandnew meansfor comparingand
integratingspatialdata.In addition,ontologiesenableknowledgereuseby semantically
describingdatathatwerederivedfromconsensusreachedby differentGIScommunities
[24].

In thedatabasecommunity, theontologieshasbeenusedin anattemptto reconcile
thesemanticandschematicperspectives.KashyapandShethin [11] presentasemantic
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taxonomyto demonstratesemanticsimilaritiesbetweentwo objectsandrelatedthis to
a structuraltaxonomy. At presentdays,intelligent integrationhasbeenappliedto het-
erogeneousdatabaseintegration.Fromartificial intelligenceworldoftenit is achieveby
meansagents[5] or mediators[24] thatprovide intermediaryservicesby linking data
resourcesandapplicationprograms.Otherwise,from databasesworld hasbeenpur-
posedanarchitecturenamedinformation-brokering([12],[10]) thatadaptsandextends
theconceptsof federated environments andmediator architecture, in thepresentwork
wefollow thistrend.In thedomainof spatialinformation,thereareresearchapproaches

Metadata

(spatial/aphanum)(spatial/aphanum)

C
A

N
O

N
IC

A
L 

D
A

T
A

M
O

D
E

L

Metadata

Authorization Schema

Constructing Processor

Transforming Processor

Component Schema

Export Schema

Metadata

N
A

T
IV

E
 D

A
T

A
M

O
D

E
L

Constructing Processor

(spatial/aphanum)

External Schema

User Schema

Derivation Processor

Filtring Processor

Filtring Processor

Security Processor

GeoSpatial Schema

Graphical
Native Schema

Data
Native Schema

Graphical
Native Schema

Data
Native Schema

Graphical
Native Schema

Data
Native Schema

O
nt

ol
og

ie
s

D
om

ai
n 

S
pe

ci
fic

U
S

E
R

 D
A

T
A

M
O

D
E

L

Federated Schema

User Schema

External Schema

Security Processor

Derivation Processor

Filtring Processor

Filtring Processor

Security Processor

GeoSpatial Schema

External Schema

User Schema

GeoSpatial Schema

Export Schema

Component Schema

Transforming Processor

Authorization Schema

Federated Schema

Export Schema

Component Schema

Transforming Processor

Constructing Processor

Authorization Schema

Federated Schema

Filtring Processor

Filtring Processor

Derivation Processor

Constructing Processor

Constructing ProcessorConstructing Processor

Fig.1. FederatedArchitecturecombinedwith mediators.Ontologiesfor solvingsemantichetero-
geneity

for semanticintegration[19], [8], [7]. [19] is basedona similarity analysisof concepts
describedin independentontologies.Unlike OBSERVER [14], the solutiondoesnot
createnew ontologies,but createslinks betweensimilarentitiesacrossontologies.Fon-
secain [8] takesa top-down approachby startingfrom ontologiesandusingthe con-
ceptof role to handledifferentconceptualviewsof geospatialinformationcommunities
(GIC). In our research,wefirst constructaframework with afederatedarchitecture,and
in theconstructionprocessof schemafederatedwe takea domain-dependentontology
for findingsimilaritiesamongentitiesandattributesto beintegrated.



3 The SIT-SDAr chitecture

HerewepresenttheSemanticIntegrationTool for SpatialDataSIT-SD. Weassumethat
the preintegrationprocessexists beforeandit hasdecidedwhat arethe sourcesto be
integrated.Fig.1describesthearchitecturebasedon [1]. It is dividedin sevendifferent
levels from the sourcesto be integrateduntil userapplication.The architectureis a
bottom-upprocessbecauseweconsiderthatthedatasourcesexist before.Thiswork is
focusedonly on theprocessof schemaintegrationon thisarchitecture(dashedline part
in Fig. 1).

From the view point of FederatedInformationSystemsit is necessaryto find a
“CanonicalDataModel” CDM, capableof representingall schemaswith a minimum
lossof informationfrom theNative DataModel(bottomlevel). In [16], we studiedthe
possibilityof usingOMT-G [3] andOpenGISmodelsasCDM. We usethemodelfrom
OpenGISConsortiumOGC [17] as CDM. ESRI with ArcGIS follows the OpenGIS
specifications,andthis reasonweuseArcMap in thisprototype.

3.1 Constructing the federatedschema

Ontologiesprovide significant benefits in semanticallydescribingdata. Many re-
searches,whereontologiesarethe main elementto derive semanticsensefrom data,
have beenreportedin the literature.The creationand maintenanceof a global and
domain-independentontologycapableof supportingall knowledgeis very complex.
WordNet[15] andCyc [13] aresomeof them.In contrast,theconstructionof domain-
dependentontologies[25,4] may be the solutionfor the bestresult in integration.In
ourcaseweconstructa domain-dependentontologytakingentitiesfrom a very known
standardlike SDTS[23] (SpatialDataTransferStandard)andapplyingfunctionsfroma
domain-independentontologyasCycandWordNet.Wechosethisstandardbecausewe
believethatit is themostused.This ontologyis representedwith OWL specification.

In [19] thereis anapproachfor theuseof ontologiesto assessthesimilaritiesamong
entities.In this work we applythis foundationpresentedandextrapolateto applyover
databaseschemas.

FromanXML representationof datastructureanddatabasestructureweextractthe
elementsandrelationsfor constructingtheschemasonXMI (seeexample).Theobjects
areextractedfrom theXMI modelby meansof a parser.

Laterthematchingprocessis appliedwhichis dividedinto threephases(seeFig.2):
Considertwo schemasto beintegrated:schemaAandschemaBfrom two differentspa-
tial databases.

– Stage zero: Translationto English.In this first versionit makesa simplesyntactic
translationfrom differentlanguages(wechoosetheEnglishlanguageasastandard
for translationbecausewe believe the translationprocessis easier).Themetadata
markupis takenbecauseit indicateswhat languageis usedin the application.In
thenext versionwewill improvethetranslationprocessby maybeusingasemantic
searchover a dictionaryor thesaurus.

– Stage one: Searchof elementson theSIT-SD ontologyof two databaseschemasto
beintegrated.



Save matching
reference

assessment of entities parts
Syntactic and semantic

by means of metadata
Semantic comparation 

Save matching
reference

Syntactic search
of attributes

Semantic search
of entity name

Semantic search
of attributes

Syntactic search
of entity name

on SIT−SD ontology
Search bjects

Syntactic translation
to english

scchema A against schema B
Assess each entity from

Exceed
boundary1

Exceed
boundary2

S(
sc

he
m

aA
.e

nt
it

y 
,s

ch
em

aB
.e

nt
it

y 
)

S(
sc

he
m

aA
.e

nt
it

y.
pa

rt
 ,s

ch
em

aB
.e

nt
it

y.
pa

rt
 )

Fig. 2. Flowchartof schemaintegrationbetweentwo exportschemasin aSpatialFDB

� A syntacticsearchof entityname.� A syntacticsearchof entity partsandattributenames.Theontologyelements
have partslike in WordNet.[15].� A semanticsearchof entitymetadataby meansof keywords.� A semanticsearchof attributesmetadataby meansof keywords.

This resultis storedasa first matchingreference.It is possibleto give a weightfor
eachsearchanddecideif theentityhasa correspondingelementin theontology.

– Stage two: Eachobject from schemaAwill searchthe correspondingobject in
schemaB.� Assessmentof semanticsimilarity. This is carriedout with a similarity func-

tion like thecomputationalmodelfor semanticsimilarity usedin [19]. Taking
eachentity namefrom schemaAandcomparingagainstall entity namesfrom
schemaB.� With elementswhosesimilarity is accepted,wemakethesyntacticandseman-
tic comparisonagainstthepartsof schemaAentity andthepartsof schemaB
entity. Afterwards,the similarity assessmentis appliedbetweenentitiesand
attributesmetadata.The assessmentdeliversa setof possiblepairs.Only the
highestassessmentwill beaccepted.� Completemappinginformationis storedin Data/Dictionary/Directory[20]

Themappingis carriedout with a similarity function thatusesstring matchingof
objectnamesandobjectinterrelations.Oncethismappinghasbeendone,anintegrated
schemashouldcontainbothoriginal objectsin local schemasassubclassesof a more



generalcommonclass.This commonsuperclassis determinedby searchingthrough
semanticrelationshipsin theSIT-SDontology.

To show our approach,we introducean example of integration of spatial data
from differentspatialdatabasesandGIS.Our scenariois a compoundof two different
schemasfrom spatialdatabaseswith geographicinformation.In bothschemasthereis a
classin theExportSchemathatrepresentsa“greenzone”.In schemaAthereis a fondo
classand in SchemaBthereis a background class.Both classeshave fondo.codigo,
fondo.area, andbackground.code background.surface aspropertiesrespectively. fondo
hasa relationshipwith ciudad andbackground with city. All classesinherit geometry
(GeometryFeature)from the feature class. In ourexamplewe try to obtaina federated
schemaschemaC, like thatin Fig. 3.
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Fig. 3. FederatedSchemaschemaC from ExportSchemaschemaA, schemaB

On the architecture,in the constructionlevel of federatedschema,we extract the
entitiesandattributesform XML filesonArcGIS.

<spdoinfo>
<direct Sync="TRUE">Vector</direct>
<ptvctinf>

<esriterm Name="fondo">
<efeatyp Sync="TRUE">Simple</efeatyp>
<efeageom Sync="TRUE">Polygon</efeageom>
<esritopo Sync="TRUE">FALSE</esritopo>
<efeacnt Sync="TRUE">754</efeacnt>
<spindex Sync="TRUE">TRUE</spindex>
<linrefer Sync="TRUE">FALSE</linrefer>

</esriterm>
<sdtsterm Name="fondo">
<sdtstype Sync="TRUE">G-polygon</sdtstype>
<ptvctcnt Sync="TRUE">754</ptvctcnt>

</sdtsterm>
</ptvctinf>

</spdoinfo>



Abovethereis thecodepartof SDTSdescriptionfor thefondo feature.Thedescrip-
tion for thebackground featureis thesameway. 3.1Below we displaythedescription
of the fondo attributes.

<eainfo>
<detailed Name="fondo">
<enttyp>
<enttypl Sync="TRUE">fondo</enttypl>
<enttypt Sync="TRUE">Feature Class</enttypt>
<enttypc Sync="TRUE">754</enttypc>
</enttyp>
...
<attr>
<attrlabl Sync="TRUE">AREA</attrlabl>
<attalias Sync="TRUE">AREA</attalias>
<attrtype Sync="TRUE">Number</attrtype>
<attwidth Sync="TRUE">18</attwidth>
<atnumdec Sync="TRUE">5</atnumdec>
</attr>
...
<attr>
<attrlabl Sync="TRUE">CODIGO</attrlabl>
<attalias Sync="TRUE">CODIGO</attalias>
<attrtype Sync="TRUE">Number</attrtype>
<attwidth Sync="TRUE">18</attwidth>
</attr>

...

By usingthisdataandapplyinga Java scriptwecanconstructasimpleXMI model
taking the entitiesandattributesnames.Thenwe canapply the stagezero depicted
above.In thiscaseit translatesto Englishwith asimpledictionaryandsavesthistransla-
tion for applicationof thenext stages.BeforeobtainingtheXMI modelweconstructed
adomain-specificontologyderivedfromSDTSentitiesandapplyingtheCycandWord-
net ontologyfunctions.SDTSwasadoptedby the AmericanNationalStandardInsti-
tute to provide a commonclassificationanddefinition of spatialfeaturesusedin the
processof spatialdatatransfer. It containsa setof entity typesandtheir corresponding
attributes.Thespecific-domainOntologytakessynonym setsaswell ashyponymy and
meronymy relationsfrom WordNet’s andCyc’s definitionsto complementdefinitions
of entity typesin SDTS.For this examplewe will considerthatall themodelsbelong
to thesameGIC, thereforetheontologyis createdover onespecificdomain.

We applythestageonedepictedabove in orderto searchtheobjectsinsideof the
ontology. Then,we canapplya matching-distancemodel[19], stagetwo, to compare
componentsof entity classesin termsof a matchingprocess.To obtaintheobjectsfor
schemaCwe assessthe semanticsimilarity betweentwo objectsto integrate.In this
casebetweenbackdrop and code. fondo wastranslatedto its correspondingEnglish
wordbackdrop, andcodigo wastranslatedto code. For thisassessmentweusespecific-
domainontology, Fig.4,andapplytheEquation1.

Theglobalsimilarity function �	��

����
���� is a weightedsumof thesimilarity values
for parts,functions,andattributes;where����������� and ��� areweightsof thesimilarity
valuesfor parts,functions,andattributes,respectively. For eachtypeof distinguishing
featureit usesasimilarity function ����� 
!�"�#
��$� (Equation2). It is basedontheratiomodel
of a feature-matchingprocess[22]. In ������
!�"��
���� , 

� and 
�� aretwo entity classes.%
symbolizesthe type of features,and & � and & � arethe respective setsof featuresof
type % for 
 � and 
 � . The matchingprocessdeterminesthe cardinality ( '(' ) of the set



intersection( )+*!,-)/. ) andthesetdifference( )+*102)/. ), definedasthesetof all elements
thatbelongto )+* but not to )/. . Thefunction 3 is determinedin termsof thedistance
betweentheentity classes4!* and 4�. andtheimmediatesuperclassthatsubsumesboth
classes(or minimumcommonnodem.c.n.).Theminimumcommonnodecorresponds
to theleastupperboundbetweentwo entity classesin partiallyorderedsets[2]. When
oneof the conceptsis the superclassof the other, the former is alsoconsideredthe
m.c.n.Thedistanceof eachentityclassto them.c.n.is normalizedby thetotaldistance
betweenthetwo classes,suchthat it obtainsvaluesin therangebetween0 and1. The
final value of 3 is definedby a symmetricfunction (Equation3). For the complete
descriptionof equationsreferto [19].

576 4!*!8�4�.�9;:=<?>A@ 5 > 6 4!*"8#4�.$9?BC<;DA@ 5 D 6 4
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Fig.4. Domain-specificontology(geographic)derivedfrom WordNetandSDTS

We put a limit to acceptthe similarity. If the similarity is acceptablethenwe can
searchtheminimum common node in theontologyhierarchy. In thecaseof ourexample
them.c.nis background; this is thentheobjectin schemaC. Likewise,it is possibleto
compareeachattributefrom bothclasses.A datadictionary/directory[20] storesmap-
pingsamongschemasandanotheressentialinformation.The additionalinformation
from Context andMetadatawill helpusto determinewhatis thesenseof eachobjectin
theprocessof assessing.In aFGDCsite(FederalGeographicDataCommittee)thereis
largeinformationabouthow metadatashouldberepresentedin geographicsystems.We
assumethatthesourcesto beintegratedkeepthis line asi.e,ESRIwith ArcCatalog[6].
Thereby, it is possibleto extractthis informationto beusedin theentitiesandattributes
metadata.A hierarchicalstructureis necessaryfor theattributetypesandthegeometry
types,Fig. 5.
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4 Futur eWork and Conclusions

ThispaperhaspresentedaSIT-SD(SemanticIntegrationTool for SpatialData).This is
a prototypework thatcontinuesin progress.This prototypeis a resultof researchand
developmentin the researchgroupwherewe areworking on semanticintegrationfor
spatialdata.Wetakeadvantageof thelatesttechnologysuchasXML, XMI, OWL, and
standardslike OpenGISandFGDC.Thesestandardshaveallowedthisfirst approachon
semanticintegration.Thiswill beagreeduponby many companiesandgovernmentof-
ficesonspatialdataableto supportstandardization.Progressin themaintool (ArcGIS)
usedin thisprototypefor theaccessto GIS informationshouldchangethenext version.
Thegenerationof theXMI modelfrom thenext ESRIapplicationversionwill beable
to representthegeodatabaseon XML directly. This changewill maketheXMI model
easierto generate.Thissimpleprototypehasaprincipalgoalto demonstratethetheory
developedabove. Thenext versionshouldwork with morecomplex databecausethis
presentprototypeonly workswith simplefeatures.In thenext versionwewill improve
thetranslationprocessby usinga semanticsearchover a dictionaryor thesaurus.

Acknowledgments

Partof this work hasbeensupportedby: theSpanishResearchProgramPRONTIC un-
derprojectsTIC2000-1723-C02-01 andTIC2001-2099-C03-01, andby FEDER.Spe-
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