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ABSTRACT

OneoftheextensionsofthebasicroughsetmodelintroducedbyPawlakin1982isthenotionof
roughsetsonfuzzyapproximationspaces.Itisbaseduponafuzzyproximityrelationdefinedover
aUniverse.Asiswellknown,anequivalencerelationprovidesagranularizationoftheuniverseon
whichit isdefined.However,asinglerelationdefinesonlysinglegranularizationandassuchto
handlemultiplegranularityoverauniversesimultaneously,twonotionsofmultigranulationshavebeen
introduced.Thesearetheoptimisticandpessimisticmultigranulation.Thenotionofmultigranulation
overfuzzyapproximationspaceswereintroducedrecentlyin2018.Topologicalpropertiesofrough
setsareanimportantcharacteristic,whichalongwithaccuracymeasureformsthetwofacetsofrough
setapplicationasmentionedbyPawlak.Inthisarticle,theauthorsintroducetheconceptoftopological
propertyofmultigranularroughsetsonfuzzyapproximationspacesandstudyitsproperties.
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1. INTRoDUCTIoN

Equivalence relations (ERs) are used to define Rough sets (RS) and are modeled to capture
uncertaintyindata(Pawlak,1982).Successfulapplicationofroughsetsdependsupontwonotions;
thetopologicalcharacterizationandtheaccuracymeasureasobservedbyPawlak(1991).Granules
arethesmallestaddressableunitsofdata.Thestudyofgranulesisbeneficialfromthepointofview
thatthecharacteristicsofalltheelementsinagranulearesimilarinviewofthereallifeapplications.
Itmakesthestudysimplerandconcise.Zadehin1979introducedGranularcomputing(GC)inthe
contextoffuzzysetsandagainitwasrevivedbyhimin1997.Studyofgranulesreducesthecomplexity
ofalgorithmswithoutaffectingthegoalsofstudy.Thefirstdefinitionofroughsetsusesunigranular
structurefromtheGCpointofview.However,thenotionwasgeneralisedbyintroducingroughsets
onaclassofERs.Thisisperhapsthefirstinstanceofmutigranularities.Inmanyreal-lifeapplications,
itishighlyrequiredtohandlemultiplegranularityofauniverseofdiscoursetakensimultaneously.
In2006thefirsttypeofmutigranularities,calledtheoptimisticmultigranulationbaseduponrough
setswasintroducedinandlaterinthesecondtypecalledpessimisticmultigranulationbasedupon
roughsetswasintroducedandstudied(Qian&Liang,2006;Qianetal.,2007;Qianetal.,2010).
Sincethen,multigranularroughsetsforotherroughsetmodelslikefuzzyroughsets,roughsets
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onincompleteapproximationspaces,coveringbasedroughsets(CBRS)andfuzzyapproximation
spaces(FAS)havebeenstudiedbyseveralauthors.SeveraltypesofCBRShavebeenintroduced
intheliterature.TopologicalapproachtoCBRSisintroducedandstudiedin(Tripathy&Nagaraju,
2012;Tripathy&Nagaraju,2015;Qianetal.,2007;De,1999;Deetal.,2003;Zhu,2002;Zhu&
Wang,2007;Zhu,2007).

Thelatestamongtheextensionsofthemultigranulationconceptistoroughsetmodelistothe
notionofroughsetsonFAS(Tripathy&Bhambani,2018).Aformaldefinitionistobeprovidedinthe
nextsection.Inthiscaseafuzzyproximityrelationistakenasthebasisfordefiningaroughsetinstead
ofanER.Theroughsetmodelsareassociatedwithtwotypesofproperties;thealgebraicproperties
andthetopologicalproperties.Thewholesetcomesunderconsiderationwithrespecttotopological
properties,whereas the individualelementscomeunder thealgebraicproperties.Two important
conceptsassociatedwiththestudyofroughsetsare;theiraccuracymeasureandcategories(termedas
categoriesbyPawlak).Boththepropertiesshouldbeconsideredsimultaneouslyfordealingwithany
applicationsuccessfully.Dependinguponthestructureofthelowerandupperapproximationsofaset
itcanbecategorizedunder4categories.HerewefocustodealwithMGRSonFAS.Itisinteresting
tofindthecategoriesofsettheoreticoperationsofunion,intersectionandcomplementofaset.It
hasenoughapplicationstotheclassificationofsetsashasbeenshowninTripathy(2006,2010).So,
thisstudywillpavethewayforsomeanalysisinthedirectionofthesetwopapers.Classifications
arethebuildingblocksofroughsetsinitsbasicformandthestudiesinconfirmthestatementof
Pawlakthatthecomplementinbi-valuedlogicisdifferentfromthenotionofcomplementsincase
ofmulti-valuedlogiccabbehighlightedfurther(Tripathyetal.,2006;Tripathy&Mitra,2010).

Thearrangementof thedifferentsectionsof thispaperhenceforthis that thesecondsection
presentsvariousconceptstobeusedinthepaper.WeintroduceroughsetsonFASsection3along
withtheirproperties.Topologicalpropertiesinthecontextofbasicroughsetsarediscussedinsection
4.Next,wedealwiththetopologicalpropertiesofMGRSonFAS.bydeterminingthecategoriesof
setsobtainedbythethreesettheoreticoperationsofunion,intersectionandcomplementinsection
5.Thisisfollowedbyconcludingremarksontheworkdoneinthenextsection.

2. DeFINITIoNS AND NoTATIoNS

Belowwepresentsomeoftheconceptstobeusedinthispaperalongwiththeirdefinitions.We
shallbeadoptingthenotationsintroducedhere.WebeginwiththepresentationofFuzzysetplaced
byZadehin1965.Unlessotherwisementioned,wetakeVasauniversalsetforallourdiscussions.

Definition 2.1:ThenotionofafuzzysetAisequivalenttoitsmembershipfunctionmemA where
memA associateseveryelementxofVwithamembershipvaluemem xA ( ) lyingintheinterval
[0,1].

AssociatedwithmemA isasisterfunctioncalled non memA− ,whichistheone’scomplement
ofmemA ,thatis non mem x mem xA A� � �( ) ( )1 ∀ xinV.

PawlakintroducedRSin(1982).Thismodeliscompletelyfollowingthenotionofuncertainty
throughboundaryregionsintroducedbyG.Frege.Theformaldefinitionisasfollows.

R isanERoverV.Asiswellknown,RinducesapartitionoverVandthepartitionelements
arecalledEQclasses.WedenotetheEQclasscorrespondingtoanelementxinVby eq xR ( ) .As
perPawlak,forthestudyofRSs,weVandasetofERsEdefinedoveritasaknowledgebase.The
intersectionofasetofERsEisanERandisdenotedbyIND(E).Followingthestandardnotations,
wesayforanysubsetFofE,IND(F)astheindiscernibilityrelationoverF.
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Definition 2.2:ForanysetZinVandanindiscernibilityrelationB,twocrispsetscalledthelower
and upper approximations of Z with respect to B, denoted by BZ  and BZ  defined as
BZ z V eq z ZB� � �{ | ( ) } and BZ z V eq z ZB� � �{ | ( ) } �

Thedifferencebetweenthesets BX and BX iscalledtheb-boundaryof X , Boundary XB ( ) 
represents theregionofuncertaintyassociatedwithXwithrespect toB.Infact, BX , BX and
Boundary XB ( ) containthecertainelements,possibleelementsandtheuncertainelementsofX
withrespecttoB.

Ifthe Boundary XB ( ) isemptythentherearenouncertainelementsinXwithrespecttoBand
henceitreducestoaB-definableset.Equivalently,XisB-definableiff BX BX= OtherwiseXis
saidtoberoughwithrespecttoB.

Multigranular computing deals with more than two granulations defined over a universe
simultaneously.AsmentionedearlierthesearetheoptimisticMGRSandpessimisticMGRS.The
notationsusedforbi-multigranulationwere C D+ foroptimisticMultigranulationand C D∗ for
pessimisticmultigranulation.Thenotationsused in theoriginalpapers for the twocategoriesof
Multigranulationweredifferent.Thenotationsusedaresimplerandexpressiveandsoweusethese
notationsinthispaper(Tripathyetal.,2010).ItmaybenotedthatformultipleERs R R Rn1 2, ,... ,the
optimisticmultigranulationisdenotedby Rii

n
�� 1 andthepessimisticmultigranulationisdenoted

by Rii
n
�� 1

.

Definition 2.3:LetCandDbetwoERsoverV.Optimisticlower,upperapproximationsofasubset
WofVbyC D W+ ( ) andC D W+ ( ) ,respectivelyanddefinethemas:
(2.1) C DW u eq u W eq u WC D� � � �{ | ( ) ( ) }or

(2.2) C DW C D WC C� � �( ( ))

Definition 2.4:LetC,DandWbeasabove.PessimisticMGlowerapproximationandpessimistic
MGupperapproximationofWbyC D W∗ ( ) andC D W∗ ( ) ,respectivelyanddefinethemas
(2.5) C D W u eq u W eq u WC D* ( ) { | ( ) ( ) }� � �and

(2.6) C DW C D WC C* ( * ( ))=

AfuzzyrelationoverVisanyfuzzysubsetofV V× .

Definition 2.5:AfuzzyrelationCoverVissaidtobeafuzzyproximityrelation(FPR)overVif
andonlyif

(2.7) Cisfuzzyreflexive,thatismem u u u VC ( , ) , .� � �1

(2.8) Cisfuzzysymmetricifandonlyifmem u v mem v u u v VC C( , ) ( , ), , .� � �

Letusdenotetheunitinterval[0,1]byI.

Definition 2.6:The � � cut Aγ ofanyFPRA,where γ isinIisasubsetofV V× isgivenby

(2.9) A u v mem u vA� �� �{( , ) | ( , ) } .

ForanyFPRAonV and γ inI,wesaythatuandvare � � similar if ( , )u v A� � anddenote
itby uA vγ .
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Definition 2.7:uandvare � � identical writtenas uA v( )γ if uA vγ orforasequenceofelements
c c cn1 2, ,... inVtherelation uA c A c A A vγ γ γ γ1 2 ... holdstrue.

Clearlyitfollowsthat A( )γ isanERforanyγ inI.Here, ( , )V A iscalledaFAS.Theadvantage
oftakingthe� � identical relationisthat ( , ( ))V A γ isanapproximationspaceasperthenotionused
inPawlakianRSs.

Followingthestandardnotations,[ ] ( )y A γ denotesthesimilarityclassofanyyinVwithrespect
to A( )γ .

Definition 2.8:LetCbeaFARonV.Thenforany γ inI,thelowerandupperapproximationsof
WinVforas(Qianetal.,2007;Qianetal.,2010)

(2.10)C W u V eq u W
C

( ) { | ( ) }
( )

γ γ= ∈ ⊆ and

(2.11)C W u V eq u W
C

( ) { | ( ) }.
( )

γ φγ= ∈ ≠∩

IfthelowerandupperapproximationsareequalthenWissaidtobeC( )γ definable.Else,W
issaidtobeC( )γ -rough.

ThenotionofRSsonFASwasintroducedbyDeetal(1999).Wetakeitfurtherbydefiningthe
twonotionsofoptimisticmultigranularRSs(OMGRS)onFASandpessimisticmultigranularRSs
(PMGRS).Also,weshallstudymanyoftheirpropertiesandprovideanapplicationinareal-life
situation.

Intopologicalproperties(TPs)ofPMGRShavebeenobtained(Tripathy,2012).Inknowledge
representation using rough sets on FAS is discussed (Tripathy, 2010). The study of topological
propertiesforRShasstarted(Tripathy,2010).TPsforoptimisticandpessimisticMGRSwerestudied
respectively(Tripathy&Raghavan,2011;Tripathy&Nagaraju,2012).Similarly,TPsforincomplete
MGRSandCBroughsetsarepresentedinrespectively(Tripathy&Nagaraju,2015;Tripathy&Mitra,
2009).Also,somemoreTPsofCBRSareobtained.AlgebraicpropertiesofMGRSarediscussed
(Tripathy&Mitra,2009;Tripath&Mitra,2011).NeighbourhoodbasedRSs(NBRSs)areextensions
ofbasicRSs(Huetal.,2008).TPsforNBRSarepresented(Tripath&Mitra,2014).Neighbourhood
roughsetsforMGRSwasintroducedandstudied(Linaetal.,2012).AnextensionofMGRStothe
contextoffuzzysetscanbefound.AbeautifulapplicationofMGRSonFAtopredictionofrainfall
canbefound(Tripathyetal.,2018).

LetCandDbetwoFARsoverV.ThenforanysubsetYofVand γ inIwedefine

(2.12) C D u V eq u Z or eq u ZZ
C D

( ) ( ) { | ( ) ( ) }
( ) ( )

γ γ γ γ+ = ∈ ⊆ ⊆

(2.13) C D u V eq u Z and eq u ZZ
C D

( ) ( ) { : ( ) ( ) }
( ) ( )

γ γ φ φγ γ+ = ∈ ≠ ≠∩ ∩

Definition 2.9:A( )C D multigranular+ −γ RSZissuchthatC D Z C D Z( ) ( ) ( ) ( )γ γ γ γ+ ≠ + .
Otherwise,wesayZis( )C D multigranular+ −γ definable.

Inordertomaintainsimplicity,thewordoptimisticisnotusedasitisevidentfromthenotation
used.Wedefine

(2.14) C D Z u V eq u Z and eq u Z
C D

( ) ( ) { : ( ) ( ) }
( ) ( )

γ γ γ γ∗ = ∈ ⊆ ⊆

(2.15) C D Z u V eq u Z or eq u Z
C D

( ) ( ) { : ( ) ( ) }
( ) ( )

γ γ φ φγ γ∗ = ∈ ≠ ≠∩ ∩



International Journal of Rough Sets and Data Analysis
Volume 6 • Issue 2 • April-June 2019

5

Definition 2.10:A( )C D multigranular∗ −γ RSZissuchthatC D Z C D Z( ) ( ) ( ) ( )γ γ γ γ∗ ≠ ∗ .
Otherwise,wesayZis( )C D multigranular∗ −γ definable.

Forany γ inI,wedefine

(2.16) C D Z u V eq u Z or eq u Z
C D

( ) ( ) { : ( ) ( ) }
( ) ( )

γ γ γ γ+ = ∈ ⊆ ⊆

(2.17) C D Z u V eq u Z and eq u Z
C D

( ) ( ) { : ( ) ( ) }
( ) ( )

γ γ φ φγ γ+ = ∈ ≠ ≠∩ ∩

Definition 2.11:A( )C D multigranular+ −γ RSZissuchthatC D Z C D Z( ) ( ) ( ) ( )γ γ γ γ+ ≠ + .
Otherwise,wesayZis( )C D multigranular+ −γ definable

Similartoabove,thewordoptimisticisexcludedfromthedefinition.So,

(2.18) C D Z u V eq u Z and eq u Z
C D

( ) ( ) { : ( ) ( ) }
( ) ( )

γ γ γ γ∗ = ∈ ⊆ ⊆

(2.19) C D Z u V eq u Z or eq u Z
C D

( ) ( ) { : ( ) ( ) }
( ) ( )

γ γ φ φγ γ∗ = ∈ ≠ ≠∩ ∩

Definition 2.12:A( )C D multigranular∗ −γ RSZissuchthatC D Y C D Y( ) ( ) ( ) ( )γ γ γ γ∗ ≠ ∗ .
Otherwise,wesayZis( )C D multigranular∗ −γ definable

Note 2.1:Itisworthnotingthat

(2.20) C D Z C D Z( ) ( )( ) ( ) ( )( )γ γ γ γ+ = +



∼ ∼ andC D Z C D Z( ) ( )( ) ( ) ( )( )γ γ γ γ∗ = ∗



∼ ∼ .

3. PRoPeRTIeS oF MGRS oN FAS

SeveralpropertiesofMGRSonFASwereestablishedinTripathyetal(2012).Here,wepresentsome
ofthepropertieswhichwillbeusedinthispaper.

WetakeCandDastwoFARsoverVandany γ inIinthetheoremsbelow.LetZandWbe
subsetsofV.Then

Theorem 3.1:Wehave
(3.1) C D Z Z C D Z( ) ( ) ( ) ( )γ γ γ γ+ ⊆ ⊆ +

(3.2) C D C D C D V C D V V( ) ( ) ( ) ( ) ( ) ( ) ( ) ( )γ γ φ γ γ φ φ γ γ γ γ+ = + = + = + =and

(3.3) Z W C D Z C D C D Z C D W⊆ ⇒ + ⊆ + + ⊆ +( ) ( ) ( ) ( ) ( ) ( ) ( ) ( )γ γ γ γ γ γ γ γW and

Theorem 3.2:Wehave
(3.4) C D Z Z C D Z( ) ( ) ( ) ( )γ γ γ γ∗ ⊆ ⊆ ∗

(3.5) C D C D C D V C D V V( ) ( ) ( ) ( ) ( ) ( ) ( ) ( )γ γ φ γ γ φ φ γ γ γ γ∗ = ∗ = ∗ = ∗ =and

(3.6) Z W C D Z C D W C D Z A B W⊆ ⇒ ∗ ⊆ ∗ ∗ ⊆ ∗( ) ( ) ( ) ( ) ( ) ( ) ( ) ( )γ γ γ γ γ γ γ γand

Theorem 3.3:
(3.7) C D Z W C D Z C D W( ) ( )( ) ( ) ( )( ) ( ) ( )( )γ γ γ γ γ γ∗ = ∗ ∗∪ ∪

(3.8) C D Z W C D Z C D W( ) ( )( ) ( ) ( )( ) ( ) ( )( )γ γ γ γ γ γ∗ ⊇ ∗ ∗∪ ∪
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(3.9) C D Z W C D Z C D W( ) ( )( ) ( ) ( )( ) ( ) ( )( )γ γ γ γ γ γ∗ ⊇ ∗ ∗∪ ∪

(3.10)C D Z W C D Z C D W( ) ( )( ) ( ) ( )( ) ( ) ( )( )γ γ γ γ γ γ∗ = ∗ ∗∪ ∪
Theorem 3.4:

(3.11)C D Z W C D Z C D W( ) ( )( ) ( ) ( )( ) ( ) ( )( )γ γ γ γ γ γ∗ ⊆ ∗ ∗∩ ∩

(3.12)C D Z W C D Z C D W( ) ( )( ) ( ) ( )( ) ( ) ( )( )γ γ γ γ γ γ∗ = ∗ ∗∩ ∩

(3.13)C D Z W C D Z C D W( ) ( )( ) ( ) ( )( ) ( ) ( )( )γ γ γ γ γ γ∗ = ∗ ∗∩ ∩

(3.14)C D Z W C D Z C D W( ) ( )( ) ( ) ( )( ) ( ) ( )( )γ γ γ γ γ γ∗ ⊆ ∗ ∗∩ ∩
Theorem 3.5:If γ δ≥ then,wehave

(3.15)C D Z C D Z( ) ( ) ( ) ( )δ δ γ γ+ ⊆ +

(3.16)C D Z C D Z( ) ( ) ( ) ( )δ δ γ γ+ ⊆ +
(3.17)C D Z C D Z( ) ( ) ( ) ( )δ δ γ γ∗ ⊆ ∗

(3.18)C D Z C D Z( ) ( ) ( ) ( )δ δ γ γ∗ ⊆ ∗

4. ToPoLoGICAL PRoPeRTIeS oF RSS

Ingeneral,thepropertieswhichdealwithwholesetsarecalledtopologicalproperties(TP).TPsare
usefulinanyapplicationofRSsforcompleteanalysis.Infact,Pawlaksaysthatitiscomplementto
accuracymeasures.Togetherthesetwoconceptsprovidebetteranalysis(Pawlak,1982;Pawlak,1991).
Tosummarize,itwasnotedbyhimthat“Theaccuracycoefficientexpresseshowlargetheboundary
regionoftheset isbutsaysnothingaboutthestructureoftheboundarywhereasthetopological
classificationofRSsgivesnoinformationaboutthesizeoftheboundaryregionbutprovidesuswith
someinsightastohowtheboundaryregionisstructured”(Pawlak,1991).Topologicalcharacterization
leadstofourcategoriesofRSs.Thecharacterizationdependsuponthestructuresofthelowerand
upperapproximations.Theseareasgivenbelow.HerewetakeYasubsetofVandAasanERover
V.Thesecategoriesarectg-1,ctg-2,ctg-3andctg-4andaredefinedas:

(4.1)ctg-1(YisroughlyA-definable):IfAY( )≠ φ andAY V( )≠ .
(4.2)ctg-2(YisinternallyA-undefinable):IfAY( )= φ andAY V( )≠

(4.3)ctg-3(YisexternallyA-undefinable):IfAY( )≠ φ andAY V( )=

(4.4)ctg-4(YistotallyA-undefinable):IfAY( )= φ andAY V( )=

Theintuitivemeaningofeachofthesecategoriesofelementsisdiscussed(Pawlak,1982).
The importanceof the studyof thecategoriesofunionand intersectionofRSsofdifferent

categorieshasbeendiscussedinseveralpapers(Tripathy,2012;Tripathy&Mitra,2010;Tripathy&
Raghavan,2011;Tripathy&Nagaraju,2012;Tripathy&Mitra,2009).Aninterestingapplicationis
provided(Tripathy&Mitra,2010).Thestudyofdistributedknowledgebasesystemscanbehandled
throughthecategoriesoftheunionandintersectionofRSssets.

5. ToPoLoGICAL PRoPeRTIeS oF MGRS oN FAS (MGRFAS)

Followingtheabovedefinitions,westatethefollowingtopologicalcharacterisationsfortheMGRFAS.
Heretheoperation‘o ’represents‘+ ’or‘* ’.
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Definition 5.1:LetY V⊆ andAandBbetwoFPRsonVand γ beinI.Differentcategoriesfor
asubsetYofVwithrespecttomultigranulation‘o ’ofRSsonFASaredefinedbelow

(5.1) δ -1(RoughlyA o B( ) ( )γ γ -definable):IfA o B Y( ) ( )( )γ γ φ≠ &A o B Y V( ) ( )( )γ γ ≠

(5.2) δ - 2  ( I n t e r n a l ly  A o B( ) ( )γ γ - u n d e f i n a b l e ) :  I f  A o B Y( ) ( )( )γ γ φ=  &

A o B Y V( ) ( )( )γ γ ≠

(5.3) δ - 3  ( E x t e r n a l ly  A o B( ) ( )γ γ - u n d e f i n a b l e ) :  I f  A o B Y( ) ( )( )γ γ φ≠  &

A o B Y V( ) ( )( )γ γ =

(5.4) δ -4(TotallyA o B( ) ( )γ γ -undefinable):IfA o B Y( ) ( )( )γ γ φ= &A o B Y V( ) ( )( )γ γ =

Itisworthnotingthatsubstitutionof‘o ’by‘+ ’or‘* ’makethetypeofmultigranulationclear
andalsothepresenceof‘α ’specifiesthedegreeoftheFAS.

5.1. Illustrative example
Letusillustratetheaboveconceptsthroughanexample.WeconsiderthreeFPRsgivenintables1-3
below.

Let γ = 0 8. .Then

C γ φ φ φ φ φ φ∗ = {{ , },{ , },{ }}
,1 2 3 4 5 6

,Dγ φ φ φ φ φ φ∗ = {{ , },{ },{ , },{ }}
1 2 3 4 5 6

and
Eγ φ φ φ φ φ φ∗ = {{ , , , },{ , }}

1 2 3 6 4 5


OptimisticCase:

1. LetustakeP = { , , , }φ φ φ φ
1 2 3 4

.ThenC D P( ) ( ) { , , , }γ γ φ φ φ φ φ+ = ≠
1 2 3 4

and

C D P V( ) ( ) { , , , , }γ γ φ φ φ φ φ+ = ≠
1 2 3 4 5

.So,Pisof δ -1.

Table 1. FPR A

C φ
1

φ
2

φ
3

φ
4

φ
5

φ
6

φ
1

1 .8 .6 .3 .5 .2

φ
2

.8 1 .7 .6 .4 .3

φ
3

.6 .7 1 .9 .6 .5

φ
4

.3 .6 .9 1 .7 .6

φ
5

.5 .4 .6 .7 1 .9

φ
6

.2 .3 .5 .6 .9 1
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2. LetustakeQ = { , }φ φ
1 4

.ThenC D Q C D Q V( ) ( ) ( ) ( ) { , , }γ γ φ γ γ φ φ φ+ = + = ≠and 
1 2 4

So,
Qisof δ -2.

3. Let  us  takeT = { , , , , }φ φ φ φ φ
1 2 3 4 6

.  Then C D T( ) ( ) { , , , , }γ γ φ φ φ φ φ φ+ = ≠
1 2 3 4 6

 and

C D T V( ) ( ) { , , , , , }γ γ φ φ φ φ φ φ+ = =
1 2 3 4 5 6

.So,Tisof δ -3.
4. L e t  u s  t a k e W = { , , }φ φ φ

1 3 5
.  T h e n  C D W( ) ( )γ γ φ+ =  a n d

C D W V( ) ( ) { , , , , , }γ γ φ φ φ φ φ φ+ = =
1 2 3 4 5 6

.So,W isof δ -4.

PessimisticCase:

Table 2. FPR B

D φ
1

φ
2

φ
3

φ
4

φ
5

φ
6

φ
1

1 .8 .2 .5 .6 .7

φ
2

.8 1 .4 .7 .5 .2

φ
3

.2 .4 1 .5 .3 .6

φ
4

.5 .7 .5 1 .9 .7

φ
5

.6 .5 .3 .9 1 .6

φ
6

.7 .2 .6 .7 .6 1

Table 3. FPR C

E φ
1

φ
2

φ
3

φ
4

φ
5

φ
6

φ
1

1 .9 .5 .6 .7 .2

φ
2

.9 1 .8 .2 .2 .8

φ
3

.5 .8 1 .3 .4 .2

φ
4

.6 .2 .3 1 .8 .3

φ
5

.7 .2 .4 .8 1 .4

φ
6

.2 .8 .2 .3 .4 1
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1. LetustakeP = { , , , }φ φ φ φ
1 2 3 4

.ThenC D P( ) ( ) { , , }γ γ φ φ φ φ∗ = ≠
1 2 3

andC D P( ) ( )γ γ∗ = 
{ , , , , }φ φ φ φ φ

1 2 3 4 5
≠V .So,Pisof δ -1.

2. LetustakeQ = { , }φ φ
1 4

.ThenC D Q C D Q V( ) ( ) ( ) ( ) { , , , , }γ γ φ γ γ φ φ φ φ φ∗ = ∗ = ≠and 
1 2 3 4 5

.
So,Qisof δ -2.

3. LetustakeT = { , , , , }φ φ φ φ φ
1 2 3 4 6

.ThenC D T m m m( ) ( ) { , , }γ γ φ∗ = ≠
1 2 3

andC D T( ) ( )γ γ+ = 
{ , , , , , }φ φ φ φ φ φ

1 2 3 4 5 6
=V .So,Tisof δ -3.

4. LetustakeW = { , , }φ φ φ
1 3 5

.ThenC D W( ) ( )γ γ φ∗ = andC D W( ) ( ) { , , , , , }γ γ φ φ φ φ φ φ+ =
1 2 3 4 5 6

=V .So,W isof δ -4.

3.2. A Real life example
Wetakeaninformationsystem“Highproduction”withtheconditionalattributes:Seedquality(S),
Soilfertility(F)andTemperature(T)anddecisionattribute(P).

Theattributedomainsareasfollows:
S={Good,Average,Low},F={Good,Average,Low},T={Top,Middle,Bottom}andHP

={Y,N}
Wetake6areasφ φ φ φ φ φ

1 2 3 4 5 6
, , , , , .Letthetable4belowprovidetheAgriculturalenvironment

oftheregionsas:
LetV = { , , , , , }φ φ φ φ φ φ

1 2 3 4 5 6
.ThefuzzyproximityrelationsSeedquality(S),Soilfertility(F)

andTemperature(T)anddecisionattribute(P)(Tables5-10).
Now,letustakethetargetsetasX = { }φ φ φ

1 2 3
, , correspondingtothe“yes”categoryof“High

production”andfindoutwhichareasaresimilarwithrespecttothetwogranularitiesseedquality
andsoilfertility.

Letustakeγ as0.8.ThepartitionsofVinducedfromtheabovefuzzyproximityrelationsSeed
qualityandsoilfertilityasprovidedareasfollows:

Sγ φ φ φ φ φ φ∗ = {{ , , , },{ , }}
1 2 3 5 4 6

andFγ φ φ φ φ φ φ∗ = {{ , },{ , , },{ }}
1 5 2 3 4 6



Table 4. Agricultural information

Area Seed quality Soil fertility Temperature High Production

φ
1

Good Good Top Y

φ
2

Average Good Top N

φ
3

Average Average Middle Y

φ
4

Low Average Middle N

φ
5

Average Low Bottom Y

φ
6

Low Low Bottom N
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The OM lower and upper approximations of X for Seed quality and fertility are,
S F X( ) ( ) { , }γ γ φ φ+ =

1 5
andS F X( ) ( ) { , , , }γ γ φ φ φ φ+ =

1 2 3 5
.So,Xisofoptimistic δ−1 with

respecttoseedqualityandfertilitytoadegreeof0.8

Table 5. Seed quality

S Good Average Low

Good 1 .8 .5

Average .8 1 .7

Low .5 .7 1

Table 6. Soil fertility

F Good Average Low

Good 1 .7 .2

Average .7 1 .4

Low .2 .4 1

Table 7. Temperature

T Top Middle Bottom

Top 1 .9 .5

Middle .9 1 .8

Bottom .5 .8 1

Table 8. Fuzzy proximity relation for Seed quality on V

Seed quality φ
1

φ
2

φ
3

φ
4

φ
5

φ
6

φ
1

1 .8 .8 .5 .8 .5

φ
2

.8 1 1 .7 1 .7

φ
3

.8 1 1 .7 1 .7

φ
4

.5 .7 .7 1 .7 1

φ
5

.8 1 1 .7 1 .7

φ
6

.5 .7 .7 1 .7 1
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Ifwechangethevalueof γ to0.7then S Vγ
∗ = andF Vγ

∗ = .So, S F X( ) ( )γ γ φ+ = and

S F X V( ) ( )γ γ+ = .So,Xisofoptimisticδ−2 withrespecttoseedqualityandfertilitytoadegree
of0.7.

Again, changing the value of γ  to 0.9, we find Sγ φ φ φ φ φ φ∗ = {{ },{ , , },{ , }}
1 2 3 5 4 6

 and

Fγ φ φ φ φ φ φ∗ = {{ , },{ , , , }}
1 5 2 3 4 6

.So, S F X( ) ( ) { , }γ γ φ φ+ =
1 5

, S F X V( ) ( )γ γ+ = .So,Xisof
optimistic δ− 3 withrespecttoseedqualityandfertilitytoadegreeof0.9.

Table 9. Fuzzy Proximity relation for fertility on V

Fertility φ
1

φ
2

φ
3

φ
4

φ
5

φ
6

φ
1

1 .7 .7 .7 1 .4

φ
2

.7 1 1 1 .7 .2

φ
3

.7 1 1 1 .7 .2

φ
4

.7 1 1 1 .7 .2

φ
5

1 .7 .7 .7 1 .4

φ
6

.4 .2 .2 .2 .4 1

Table 10. Fuzzy proximity relation for Temperature on V

Temperature φ
1

φ
2

φ
3

φ
4

φ
5

φ
6

φ
1

1 1 .9 .9 .5 .5

φ
2

1 1 .9 .9 .5 .5

φ
3

.9 .9 1 1 .8 .8

φ
4

.9 .9 1 1 .8 .8

φ
5

.5 .5 .8 .8 1 1

φ
6

.5 .5 .8 .8 1 1
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Similarly, the PM lower and upper approximations of X for seed quality and fertility are,
S F X( ) ( )γ γ φ∗ = andS F X( ) ( ) { , , , , }γ γ φ φ φ φ φ∗ =

1 2 3 4 5
.So,Xisofpessimisticδ−2 withrespect

toseedqualityandfertilitytoadegree0.8.
With γ as0.7S F X( ) ( )γ γ φ∗ = andS F X V( ) ( )γ γ∗ = .So,Xisofpessimisticδ− 4 with

respecttoseedqualityandfertilitytoadegreeof0.7.
Finally,changingγ to0.9,S F X A( ) ( ) { }γ γ∗ =

1
andS F X V( ) ( )γ γ∗ = .So,Xisofpessimistic

δ− 3 withrespecttoseedqualityandfertilitytoadegreeof0.9.

4. CoMPLeMeNT oF A MGRFAS (oPTIMISTIC AND PeSSIMISTIC)

TopologicalcharacterisationsforcomplementofaMGRFAS X aresameas thatforbasicRSs,
whichfollowsfromtheirdefinitionsandtheproofofthesepropertiesinthebasecase(Table11).
So,wehave

Proof of (2, 1):Usingtheproperties(2.20)and(2.21)theproofsofδ -2andδ -3followdirectly.
Next,weconsiderthecaseof δ -1.

Suppose an Optimistic MGRFAS Y is of δ -1. Then C D Y( ) ( )( )γ γ φ+ ≠  and

C D Y V( ) ( )( )γ γ+ ≠ .  F r o m  ( 2 . 2 0 )  a s  C D Y C D YC
C

( ) ( )( ) ( ) ( )( )γ γ γ γ+ = +



 ,

C D Y VC
C

( ) ( )( )γ γ+



 ≠ .  S o , C D YC( ) ( )( )γ γ φ+ ≠ .  A l s o ,

C D Y C D Y VC
C

( ) ( )( ) ( ) ( )( )γ γ γ γ+ = +



 ≠ .HenceYC isof δ -1.

Similarly,the δ -4casecanbeestablished.
Next, suppose an Optimistic MGRFAS X  is of δ -2. ThenC D Y( ) ( )( )γ γ φ+ =  and

C D Y V( ) ( )( )γ γ+ ≠ .  N o w  b y  ( 2 . 2 0 )  C D Y C D YC
C

( ) ( )( ) ( ) ( )( )γ γ γ γ+ = +



 .  S o ,

C D Y VC
C

( ) ( )( )γ γ+



 ≠ .

HenceC D YC( ) ( )( )γ γ φ+ ≠ .Also,C D Y C D Y VC
C

( ) ( )( ) ( ) ( )( )γ γ γ γ+ = +



 = .So,YC 

isof δ -3.
Similarly, δ --3casecanbehandled.Proofinthepessimisticcasecanbeestablishedbytaking

(2.21)inplaceof(2.20)intheabovereasoningprocess.Weshallstatetheotherpropertiesforthe
optimisticandpessimisticcasesseparatelyasthepropertiesoflowerandupperapproximationsfor
unionandintersectionoftwoMGRFASsforthesetwocategoriesaredifferentasshowninTheorem
3.3andTheorem3.4above.

5. UNIoN oF Two oPTIMISTIC MGRFASS y AND Z

InTable12wepresentthetypesoftheunionoftwoOMGRFASsfromthetypesoftheircomponents.

Table 11. Types of complement of a set

X δ -1 δ -2 δ -3 δ -4

XC δ -1 δ -3 δ -2 δ -4
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Itmaybeobservedthatthetablehasasmallernumberofambiguousentriesandalsointhe
ambiguousentriesthenumberofoptionsislessthantheunigranularRScase.Infact,thereareonly
fourambiguousentrieshereincomparisonto7suchcasesintheunigranularcase.Thereisnoentry
withallfourchoicesalsoasinthebasecase.

Proof:
Letusconsidertheentries(1,1),whichisambiguousinnatureand(3,1),whichiscertainin

nature.
Proofof(1,1)
By definition of δ -1,C D Y( ) ( )( )γ γ φ+ ≠ ,C D Y V( ) ( )( )γ γ+ ≠ ,C D Z( ) ( )( )γ γ φ+ ≠ ,

C D Z V( ) ( )( )γ γ+ ≠ .Nowby(3.7)C D Y Z C D Y C D Z( ) ( )( ) ( ) ( )( ) ( ) ( )( )γ γ γ γ γ γ φ+ = + + ≠∪ ∪ .

Also,by(3.9)C D Y Z C D Y C D Z( ) ( )( ) ( ) ( )( ) ( ) ( )( )γ γ γ γ γ γ+ ⊇ + +∪ ∪ ,mayormaynotbe
equaltoV .Hence( )Y Z∪ isof δ -1orof δ -3.

Proofof(3,1)
LetYbeof δ -3andZbeof δ -1.Then

C D Y C D Y V C D Z C D Z( ) ( )( ) , ( ) ( )( ) , ( ) ( )( ) , ( ) ( )( )γ γ φ γ γ γ γ φ γ γ+ ≠ + = + ≠ + ≠VV .

By(3.7)C D Y Z( ) ( )( )γ γ φ+ ≠∪ andby(3.9)C D X Y U( ) ( )( )α α+ =∪ .So, ( )X Y∪ is
of δ -1.

Exampletoshowthat(2,2)canactuallyoccur.

6. UNIoN oF Two PeSSIMISTIC MGRFASS y AND Z

InTable13wepresentthetypesoftheunionoftwoPMGRFASsfromthetypesoftheircomponents.
Proof:
Weconsidertwoentries,(2,2)whichisthemostambiguousand(3,3)whichiscertain.
Proofof(2,2)
Let  Y and Z be  both  of  δ -2 .  Then C D Y C D Z( ) ( )( ) ( ) ( )( )γ γ φ γ γ∗ = = ∗  and

C D Y V C D Z( ) ( )( ) ( ) ( )( )γ γ γ γ∗ ≠ ≠ ∗ .  S o ,  b y  ( 3 . 8 )
C D Y Z C D Y C D Z( ) ( )( ) ( ) ( )( ) ( ) ( )( )γ γ γ γ γ γ∗ ⊇ ∗ ∗∪ ∪ mayormaynotbeequaltoφ .

By(3.10)C D Y Z C D Y C D Z( ) ( )( ) ( ) ( )( ) ( ) ( )( )γ γ γ γ γ γ∗ = ∗ ∗∪ ∪ mayormaynotbeequal
toV.

Table 12. Types of union of two OMGRFASs

Z 
Y

δ -1 δ -2 δ -3 δ -4

δ -1 δ -1/ δ -3 δ -1/ δ -3 δ -3 δ -3

δ -2 δ -1/ δ -3 δ -2/ δ -4 δ -3 δ -4

δ -3 δ -3 δ -3 δ -3 δ -3

δ -4 δ -3 δ -4 δ -3 δ -4
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Hence,allthefourpossibilitiesarethere.ThatisY Z∪ canbeofanyofthecategories δ -1/
δ -2/ δ -3/ δ -4.

Proofof(3,3)
Let  Y and Z be  both  of  δ -3 .  Then C D Y C D Z( ) ( )( ) ( ) ( )( )γ γ φ γ γ∗ ≠ ≠ ∗  and

C D Y V C D Z( ) ( )( ) ( ) ( )( )γ γ γ γ∗ = = ∗ .
So,by(3.8)C D Y Z( ) ( )( )γ γ φ∗ ≠∪ andby(3.9)C D Y Z V( ) ( )( )γ γ∗ =∪ .HenceY Z∪ 

isof δ -3.
Itmaybeobservedthattheentriesinthistablearesameasitwasintheuniontableforbasic

RSs.Thetwotablesaresame.

7. INTeRSeCTIoN oF Two oPTIMISTIC MGRoFASS y AND Z

InTable14wepresent the typesof the intersectionof twoOMGRFASsfromthe typesof their
components.

Proof:Wetaketwocasesfromthetable(1,1)whichisanambiguousentryand(4,2)which
isacertainentry.

Proofof(1,1)
Suppose both Y and Z are of δ -1. Then C D Y C D Z( ) ( )( ) ( ) ( )( )� � � � �� � � �  and

C D Y V C D Z( ) ( )( ) ( ) ( )( )� � � �� � � � .
Then by (3 .11)  C D Y Z C D Y C D Z( ) ( )( ) ( ) ( )( ) ( ) ( )( )� � � � � �� � � �  .  So,  we get

C D Y Z( ) ( )( )� ��  mayormaynotbeφ .

Table 13. Types of union of two PMGRFASs

Z 
Y

δ -1 δ -2 δ -3 δ -4

δ -1 δ -1/ δ -3 δ -1/ δ -3 δ -3 δ -3

δ -2 δ -1/ δ -3 δ -1/ δ -2/ δ -3/
δ -4

δ -3 δ -3/ δ -4

δ -3 δ -3 δ -3 δ -3 δ -3

δ -4 δ -3 δ -3/ δ -4 δ -3 δ -3/ δ -4

Table 14. Types of intersection of two OMGRFASs

Z 
Y

δ -1 δ -2 δ -3 δ -4

δ -1 δ -1/δ -2 δ -2 δ -3/δ -4 δ -4

δ -2 δ -2 δ -2/δ -4 δ -4 δ -4

δ -3 δ -3/δ -4 δ -4 δ -3/δ -4 δ -4

δ -4 δ -2 δ -2 δ -4 δ -4
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Also,  by (3 .13)  C D Y Z C D Y C D Z( ) ( )( ) ( ) ( )( ) ( ) ( )( )� � � � � �� � � �  .  So,  we get
C D Y Z( ) ( )( )� ��  asnotequaltoV.Hence,Y Z isofδ -1orδ -2.

Proofof(4,2)
S u p p o s e  Y  a n d  Z  a r e  o f  δ - 4  a n d  δ - 2  r e s p e c t i v e l y .  T h e n

C D Y C D Z( ) ( )( ) ( ) ( )( )� � � � �� � � � ,C D Y V C D Z V( ) ( )( ) ( ) ( )( )� � � �� � � �and .

By(3.11)C D Y Z( ) ( )( )γ γ φ+ =∩ andby(3.13)C D Y Z V( ) ( )( )γ γ+ ≠∩ .So,Y Z∩ isof δ -2.
Itmaybeobservedthatthetablehasasmallernumberofambiguousentriesandalsointhe

ambiguousentriesthenumberofoptionsislessthantheunigranularRScase.Infact,thereareonly
fiveambiguousentrieshereincomparisonto7suchcasesintheunigranularcase.Thereisnoentry
withallfourchoicesalsoasinthebasecase.

8. INTeRSeCTIoN oF Two PeSSIMISTIC MGRFASS y AND Z

InTable15wepresentthetypesoftheunionoftwoPMGRFASsfromthetypesoftheircomponents.
Proof:Wetaketwocasesfromthetable(1,3)whichisanambiguousentryand(2,2)which

isacertainentry.
Proofof(1,3)
LetustakeX tobeof δ -1andY tobeof δ 3.ThenC D Y C D Z( ) ( )( ) ( ) ( )( )γ γ φ γ γ∗ ≠ ≠ ∗ 

andC D Y V C D Z( ) ( )( ) ( ) ( )( )γ γ γ γ∗ ≠ ≠ ∗ .Thenby(3.12)
C D Y Z C D Y C D Z( ) ( )( ) ( ) ( )( ) ( ) ( )( )γ γ γ γ γ γ∗ = ∗ ∗∩ ∩ , So,C D Y Z( ) ( )( )γ γ∗ ∩  can be

bothφ ornotφ .
Againby (3.14)C D Y Z C D Y C D Z( ) ( )( ) ( ) ( )( ) ( ) ( )( )γ γ γ γ γ γ∗ ⊆ ∗ ∗∩ ∩  isnotequal toV.

HenceY Z∩ canbeof δ -1or δ -2.
Proofof(2,2)
Let  Y and Z be  both  of  δ -2 .  Then C D Y C D Z( ) ( )( ) ( ) ( )( )γ γ φ γ γ∗ = = ∗  and

C D Y V C D Z( ) ( )( ) ( ) ( )( )γ γ γ γ∗ = = ∗ .
T h e n  b y  ( 3 . 1 2 )  C D Y Z C D Y C D Z( ) ( )( ) ( ) ( )( ) ( ) ( )( )γ γ γ γ γ γ∗ = ∗ ∗∩ ∩ .  S o ,

C D Y Z( ) ( )( )γ γ φ∗ =∩ .

Againby (3.14)C D Y Z C D Y C D Z( ) ( )( ) ( ) ( )( ) ( ) ( )( )γ γ γ γ γ γ∗ ⊆ ∗ ∗∩ ∩  isnotequal toV.
HenceY Z∩ isof δ -2.

Table 15. Types of union of two PMGRFASs

Z 
Y

δ -1 δ -2 δ -3 δ -4

δ -1 δ -1/ δ -2 δ -2 δ -1/ δ -2 δ -2/ δ -4

δ -2 δ -2 δ -2 δ -2/ δ -4 δ -2/ δ -4

δ -3 δ -1/ δ -2/ δ -3/
δ -4

δ -2/ δ -4 δ -3/ δ -4 δ -2/ δ -4

δ -4 δ -2/ δ -4 δ -2/ δ -4 δ -2/ δ -4 δ -2/ δ -4
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Itmaybenotedthatinthistableoutof16entriesasmanyas13areambiguous.Thisisquite
highincomparisontothe7numberofambiguousentriesintheintersectiontableforbasicRSs.

9. CoNCLUSIoN

MultigranularRSsonFAS(MGRFAS)areintroducedveryrecently.Thenewadditionsherearethe
TopologicalcharacterizationsofsuchtypeofRSs.UsingthenotionofcategoriesofsuchRSs,we
establishedthecategoriesofcomplement,unionandintersectionofMGRFAS.Ithasbeenobserved
thatthecomplementtableremainssame.Thecardinalityofentriesinthedifferenttablesforunionand
intersectionforoptimisticmultigranulationsonFAS(OMGRFAS)gotreducedincomparisontothe
correspondingtablesforbasicRSs.However,incaseofpessimisticmultigranularFAS(PMGRFAS)
theambiguitiesinthetableforunionremainsame,whereasforintersectionthecardinalityoftheset
ofambiguousentriesincreasesincaseofintersection.So,withrespecttotopologicalcharacteristics
OMGRFASisbetterthanPMGRFAS.



International Journal of Rough Sets and Data Analysis
Volume 6 • Issue 2 • April-June 2019

17

ReFeReNCeS

De,S.K.(1999).SomeaspectsofFuzzysets,RoughsetsandIntuitionisticFuzzysets[Ph.D.Thesis].I.I.T.
Kharagpur.

De,S.K.,Biswas,R.,&Roy,A.R.(2003).Roughsetsonfuzzyapproximationspaces.ThejournalofFuzzy
Mathematics,17(1),1-15.

Hu,Q.,Yu,D.,Liu,J.,&Wu,C.(2008).Liu,J.andWu,C.:Neighborhoodroughsetbasedheterogeneousfeature
subsetselection.Information Science,178(18),2577–3594.doi:10.1016/j.ins.2008.05.024

Lina,G.,Qian,Y.,&Li,J.(2012).NMGRS:Neighborhood-basedmultigranulationroughsets.International 
Journal of Approximate Reasoning,53(7),1080–1093.doi:10.1016/j.ijar.2012.05.004

Pawlak, Z. (1982). Rough Sets, Int. Journal of Information and Computational Science, 11(5), 341–356.
doi:10.1007/BF01001956

Pawlak,Z.(1991).Rough Sets: theoretical aspects of Reasoning about Data.Dordrecht:KluwerAcademic
Publishers.doi:10.1007/978-94-011-3534-4

Qian,Y.H.,&Liang,J.Y.(2006).RoughsetmethodbasedonMulti-granulations.InProceedings of the 5th 
IEEE Conference on Cognitive Informatics(Vol.1,pp.297-304).IEEE.doi:10.1109/COGINF.2006.365510

Qian,Y.H.,Liang,J.Y.,&Dang,C.Y.(2007).MGRSinIncompleteInformationSystems.InProceedingsof
theIEEEConferenceonGranularComputing(pp.163-168).IEEE.

Qian,Y.H.,Liang,J.Y.,&Dang,C.Y.(2010).Pessimisticroughdecision.InProceedings of RST 2010,Zhou
Shan,China(pp.440-449).AcademicPress.

Qian,Y.H.,Liang,J.Y.,&Dang,C.Y.(2010).MGRS:Amulti-granulationroughset.Information Sciences,
180(6),949–970.doi:10.1016/j.ins.2009.11.023

Tripathy,B.K.(2012).OnSomeTopologicalPropertiesofPessimisticMultigranularRoughSets.InProceedings 
of the UGC sponsored National Conference,SeemantaCollege,Baripada(pp.1-7).AcademicPress.doi:10.5815/
ijisa.2012.08.02

Tripathy,B.K.&Bhambani,U.(2018).Onmultigranularroughsetsonfuzzyapproximationspacesandapplication
torainprediction.International Journal of Intelligent Systems and applications,10(11),76-90.

Tripathy,B.K.,Gantayat,S.S.,&Mohanty,D.(2006).PropertiesofRoughSetsonFuzzyApproximationSpaces
andKnowledgerepresentation.InProceedings of the National Conference on Soft Computing techniques in 
Engineering Applications (SCT 2006),NITRourkela,March24-26(pp.319-328).AcademicPress.

Tripathy,B.K.,&Mitra,A.(2010).TopologicalPropertiesofRoughSetsandtheirApplications.International 
Journal of Granular Computing.Rough Sets and Intelligent Systems,1(4),355–369.

Tripathy,B.K.,&Mitra,A.(2013).AlgebraicPropertiesofRoughSetsusingtopologicalcharacterisations
andApproximateEqualities.InProceedingsof2013IEEEICCIC,Madurai,Dec.26-28,(pp.373-378).IEEE.

Tripathy, B. K., & Mitra, A. (2014). On Algebraic and Topological Properties of Neighbourhood Based 
Multigranular Rough Sets. In Proceedings of the 2014 IEEE international ICCCI conference,Coimbatore,Italy,
SriShaktiEngineeringCollege(pp.1–6).IEEE.

Tripathy,B.K.,&Mitra,A.(2009).Sometopologicalpropertiesofcoveringbasedroughsets.InProceedings 
of the IEEE International conf. on Emerging Trends in Computing (ICETiC-2009),Virudhnagar,India,January
8-10(pp.263-268).IEEE.

Tripathy,B.K.,&Nagaraju,M.(2012).TopologicalPropertiesofPessimisticMultigranularRoughFuzzySets,
Int.Jour. of Intelligent Systems and Applications,8(8),10–17.doi:10.5815/ijisa.2012.08.02

Tripathy,B.K.,&Nagaraju,M.(2012).AcomparativeanalysisofmultigranularApproachesandontopological
propertiesofIncompletePessimisticMultigranularRoughFuzzySets.International Journal of Intelligent Systems 
and Applications,11(11),99–109.doi:10.5815/ijisa.2012.11.12

http://dx.doi.org/10.1016/j.ins.2008.05.024
http://dx.doi.org/10.1016/j.ijar.2012.05.004
http://dx.doi.org/10.1007/BF01001956
http://dx.doi.org/10.1007/978-94-011-3534-4
http://dx.doi.org/10.1109/COGINF.2006.365510
http://dx.doi.org/10.1016/j.ins.2009.11.023
http://dx.doi.org/10.5815/ijisa.2012.08.02
http://dx.doi.org/10.5815/ijisa.2012.08.02
http://dx.doi.org/10.5815/ijisa.2012.08.02
http://dx.doi.org/10.5815/ijisa.2012.11.12


International Journal of Rough Sets and Data Analysis
Volume 6 • Issue 2 • April-June 2019

18

B.K. Tripathy is now working as a Senior Professor and Dean at SITE, VIT University, Vellore, India. He has 
received research/academic fellowships from UGC, DST, SERC and DOE of Govt. of India. Dr. Tripathy has 
published more than 430 technical papers in international journals, proceedings of international conferences and 
edited research volumes. He has produced 29 PhDs, 13 MPhils and 5 M.S (By research) under his supervision. 
Dr. Tripathy has published two text books on Soft Computing and Computer Graphics. Dr. Tripathy has served as 
the member of Advisory board or Technical Programme Committee member of several International conferences 
inside India and abroad. Also, he has edited 4 research volumes and a monograph for IGI publications. He is a 
life/senior member of IEEE, ACM, IRSS, CSI, ACEEE, OMS and IMS. Dr.Tripathy is an editorial board member/
reviewer of more than 80 journals.

S. K. Parida is working as a lecturer in the Samanta Chandra sekhara (Autonomous) College, Puri, Odisha. 
He received his Ph.D degree in Mathematics in 2017. His has published 4 papers in international journals or 
conferences. His current interest includes rough sets, granular computing, and soft computing.

Sudam Charan Parida is working in Kabi Surya Baladeva Rath Mahavidyalaha as a lecturer. He received his Ph.D 
degree in 2016. So far, he has published 6 papers in international journals and conferences. His research interest 
includes rough set theory, granular computing, and soft computing.

Tripathy,B.K.,&Nagaraju,M.(2015).StudyofCoveringBasedMultiGranularRoughSetsandtheirTopological
Properties.I.J.InformationTechnologyandComputerScience,(8),61-67.

Tripathy,B.K.&Raghavan,R.(2011).OnSomeTopologicalPropertiesofMultigranularRoughSets.Journal 
of Advances in Applied science Research, 2(3),536-543.

Yang,X.B.,Song,X.N.,Dou,H.L.,&Yang,J.Y.(2011).Multi-granulationroughset:Fromcrisptofuzzy
case.Annals of Fuzzy Mathematics and Informatics,1(1),55–70.

Zadeh,L.A.(1965).FuzzySets.Information and Control,8(3),338–353.doi:10.1016/S0019-9958(65)90241-X

Zhu,F.(2002).OnCoveringGeneralizedRoughSets[master’sthesis].TheUniv.ofArizona,Tucson,AZ.

Zhu,W.(2007).TopologicalApproachestoCoveringRoughSets.Information Sciences,177(6),1499–1508.
doi:10.1016/j.ins.2006.06.009

Zhu,W.,&Wang,F.Y.(2007).OnThreeTypesofCovering-BasedRoughSets.IEEE Transactions on Knowledge 
and Data Engineering,19(8),1131–1144.doi:10.1109/TKDE.2007.1044

http://dx.doi.org/10.1016/S0019-9958(65)90241-X
http://dx.doi.org/10.1016/j.ins.2006.06.009
http://dx.doi.org/10.1109/TKDE.2007.1044

