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Abstract : Datafusionaim is to combinevarioussourcesf informationin orderto refinethem. Fusioncanoccurin
severalframavorks(probabilities pelieffonctions possibilitytheory. . . ) whereinalargenumberof combinatiorscheme
have alreadybeenstudied. This paperaddressemformationquality evaluationafter a fusion processn the frameawork
of possibilitytheory The meaningof "informationimprovement’is tied very closelyto the application. After anattempt
to bring out somecriterionsof quality in information,we proposea new way to evaluateinformationgainin datafusion
processAn exampleof applicationin shavn.
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1 INTRODUCTION

In theframawork of possibilitytheorya large numberof fusionrulesexists. They canbe roughly classifiedin two great
families: symetricalanddissymetrical.With symetricalrules[Bloch, 1994, all informationsto be combinedplay the
samerole. A dissymmetricdatafusionrule [DuboisandPrade, 1994 is a belief changewhich operatesn the current
knowledgewhenanew evidenceis acquired.Currently alargeamountof work hasbeendoneto createnew fusionrules
but only a few authordK ewley, 1993 tryied to evaluatethe changesn termof informationquality.

Beforeintroducinghow a datafusion systemcanbe evaluated someprerequisitegre needed First, it will beassumed
that at leastonesourceis correct,evenif it impossibleto saywhich one. This stateshat the datafusion systemis not
ableto give a valid resultfrom invalid inputs. Secondthe “closedworld” will be assumedThis meanghatthe universe
of discours&? is supposedo containall the possibleevents. As a consequencell possibility distribution of Q will be
normalised.

Evaluatinga symetricaldatafusion systemis a hardtask becausecombinationcanbe donein threedifferentmodes:
conjunctiondisjunctionandcompromiseConjunctiormustbeusedwhensourcesgree it canbeseerastheintersection
betweeninformations. In this case the more specificthe resultingdistribution is, the morethe fusion processseemgo
achievedits goal.

The disjunctve modeis usedwhenmostof the sourcedlisagree it canbe seenasthe union of the sources.Intuitively,
if it is impossibleto bring out a consensusall the sourcesare potentiallyright. If thereis a large numberof different
sourceswvhich all disagreetheresulttendsto the total ignorance Evaluatinginformationin this context canbe doneby
computinghow muchthetotalignoranceandtheresultof the uniondiffers.

Compromisds a trade-of situation: sourceslo not really agreebut they do notreally disagree.Theresultreflectsthe
"averagedecision”i.e. every informationgivenby aninput canbe foundin theresult,maybewith a differentpossibility
degree.Criterionsfor evaluatingsuchanoperatordependon the application.

Somesymetricaloperatorgsaid”’adaptatve operators{DeveugheleandDubuisson,1996) areableto combinecontinu-
ously from disjunctionto conjunction.If sourcesareconcordantthe operatomwill applya conjunctive combinationand
if the sourcedlisagreeanunionis maderesultingin a disjunctive behaior. They do not have a simple,well established
modeof operation: it depend®n the conflict betweensources.Sinceit evolvesfrom disjunctionto conjunctionwhen



sourcegagreethemeasuref quality shouldreduceto whatever usedfor evaluatingconjuntive operatorandwhensources
disagreeit shouldreduceto whatever usedto evaluatingdisjunctive operator

Dissymetricalfusion refinesa currentknowledgewith a new evidence. Evaluatingsucha systemcannotbe donewith
algorithmsdescribedn this paperwhich addressesnly symetricafusionprocess.

First, somewell-known existing measuren possibility distributions(cardinal,specificity . .. ) arerecalled.Next, based
on thosemeasuresan evaluationprocesdor the threecombinationmodesis proposed.A new algorithmfor evaluating
adaptatre operatorss described The evaluationprocesgpresenteds thenappliedto a simpleexample.

2 SOME EXISTING MEASURES ON POSSIBILITY DISTRIBUTIONS

In theframeawork of possibilitytheoryseveralmeasuregxists. For instancecardinalandspecificityarecommonlyused.
In orderto evaluatethe gainin a combinationan intuitive ideais to computemeasure®n both inputsand outputand
comparehemusingacriterion. An evaluationcanbe: computethe specificityof eachinputsandmale suretheresultis
morespecificthanall theinputs.

In thefollowing sectionscardinal specificity nonspecificity entropy, fuzzinesdegreeanddistancedbetweertwo distri-
butionsandtheir propertiesarerecalled.

2.1 CARDINAL

The cardinalof a possibilitydistribution 7 [De LucaandTermini, 1977 triesto evaluatethe numberof itemsin 7. When
m is discrete the left handside expressiorof equation(1) is used. The right handside of equation(1) suitscontinuous
distributions:

|| = Zﬂ'(w)dw || = /Qﬂ'(w)dw (1)

Q

Cardinalitycanbe seenasa measuref imprecisionbecauset is minimal whenthe underlyingpossibility distribution is
reducedo asingletonandmaximalwhens denoteghetotalignorance.

2.2 SPECIFICITY

The specificityevaluateshow mucha possibility distribution is far from the mostspecificdistribution. The mostspecific
distribution take thevaluel atonly onepointin theuniversef? and0 everywhereelse.Thespecificityis computedising:

1 . To(w) =1lifrw) >«
= S th - 2
Se(m) /o |Tal dov W { = 0 otherwise 2)

It is straightforvardto shav that Sp(m4) = 1 if andonly if thereis w in Q suchthat A = {w}. For two setsA and B
with associategossibilitydistributionsm 4 andrg S, holdsA C B = Sp(ma) > Sp(7g).

2.3 NON SPECIFICITY

Non specificity (also called “U-Uncertainty”) tries to evaluatehow muchthe information supportedoy this possibility
distribution may containsalternatives. It’s a directevaluationof imprecisionsincethe moreaninformationis imprecise,
thelessit is specific. Thisis computedusing:

To(w) =1lifr(w) >«
= 0 otherwise

1
H(ﬂ‘):/o log, |a|-da With { 3)

H is minimum (andequalsto 0) if andonly if thereis w in Q suchthatA = {w}. For two setsA and B with associated
possibilitydistributionsm 4 andng S, wehave A C B = H(wa) < H(7g).



2.4 SHANNON'S ENTROPY

The SHANNON’s entropy is heavily usedin probabilitytheory If the probabilitydegre p(x) is replacedwith a possibility
degren(w), theentrogy becomes

Hg(m) = — /Q m(w) logy m(w)dw 4

Whenthe distribution is specificandcertain,Hg is equalto 0. Replacingprobabilitieswith possibilitiesis no the only
way to extend SHANNON'’s entropy to the possibilisticframavork. All the classicalwaysto transformprobabilitiesto
possibilitiescanbe used[DuboisandPrade 198§.

2.5 FUZZY INDICATION

This indicationtries to quantify how mucha setis fuzzy. A large numberof sucha criterion have beenintroduced
by several authors. Among them, [Kaufmann,1977 usesa distanced betweernthe possibility distibutions7 and .. ¢

derivedfrom 7. Thereferencdlistribution 7,5 is oftenthe nearestrispsubsebf thefuzzy setassociatedvith 7. It can
be computedn two differentways: the optimistic caseandthe pessimisticcaseasshavn in equation(5). Thereal+y is

useda scalefactorsincef shouldmapsinto [0, 1] :

®)

F(r) = vd(m, mrer)  with {m,pt(w) = 1if win Support(x) {Wpess (w) =1ifwin Kernel(n)
= s Mref

= ( otherwise = ( otherwise

The optimistic caseis built usingthe supportof the distribution andthe pessimisticcaseis built usingthe core of the
distribution: the cardinalof =, is alwayslargeror equalsto the cardinalof mpess.

If distheHAMMING'sdistanceandy = m, f reducego theKAuFFMAN's indicewhich takesthevalue( as
soonasthesetis a crispsetandgrows to the maximumwhenthe fuzzy setis suchthatVw € Q, 7 (w) = 0.5.

Whenthe distribution is specificandcertainor unspecificanduncerain this indicationgives0. If the possibility distri-
bution is not normalisedwe excludedthis scenario)theresultis 0 too. KAUFFMAN’s indicationis unableto distinguish
betweemormalizedanda nonnormalizeddistributions.

2.6 DISTANCES

It is alsopossibleto evaluatehow muchtwo distributionsagreewith a distance.Sucha criterionis called“indication
of conflict” betweentwo distributions. This canbe usefulto evaluatehow muchthe outputof a datafusion processs
far from areferencelistribution (for instancean“a priori” information). The referencelistribution canalsobea linear
combinationof mps, andm,,, (definedin equation(5)) like 7,y = Amopt + (1 — A)7pess Where € [0,1]. Letd bea
distancefrom Q? to therealinterval [0, 1] andn a monotonicallynon-decreasinfunction of d verifying n(0) = 1 and
n(oco) = 0. Thecriterionl is givenby :

ni(d) =[1+d~!
I(Trla 7r7‘€f) = n(d(ﬂ-a 7r7‘€f)) n2 (d) =e? (6)
n3(d)=1- % if  3do /0 < SupP(s, ryyeqn2 d(m1,m2) < do < 00

Theright handsideof the previous equation(6) recall someclassicalchoicesfor functionn. Whend, exists,thens is
frequentlyrecommendebecausef its linearity. If d is anormalisedistanced, = 1.

The choiceof d hasa greatinfluenceon thefinal results. A lot of well known distancedik e the HAUSDORFF onehave
beenstudiedin [Zuninoetal.,1997. Here,we will usethedistanceof BHATTACHARYYA dp,; [Kailath, 1967 defined
in the continuouscaseby (whentheintegralscorverge):

Pa(z) = _m(z)
Jo m1(x)dx R(Pa, Pp) = /Q V Pa(z)Pp(z)dz %
Pg(z) = #((Z))dm dpat(m1,m) = \/1 - R(Pa, Pp)

All theindicationsabove are centerecn giving a measureon distributions. The following paragraphexplain how they
canusedto evaluatea symetricalfusionprocess.



3 EVALUATION OF SYMETRICAL OPERATORS

It is very hard(andmaybequiteimpossible}o evaluatethequality of aninformationwithoutdependingnthecontet and
this remarkappliesto evaluationof datafusionsystemsFusionalgorithmsareexpensve, atleastin termof computation
time. Our evaluationcanbeeseenasan estimationthe work doneby thefusionoperatoii.e. theamountof modifications
madefrom the input setto give the result. If this “modification rate” is low, the fusion operatoris not really needed
becausaddedvalueintroduceds negligible.

Evaluatingtheaddedvalueof afusionoperatorcannotbedissociedorm the operatiormode: conjunctiondisjunctionor
compromise.Someoperatordik e adaptatre one do not have a fixed behaior, makingthe evaluationmoredifficult and
computingthe addedvalueintroducedby suchoperatomwill be disccussedfterthethreebasicmodes.

3.1 CONJUNCTION

Whenfusionis donein conjunctive mode theaim is to dismissasmuchalternatvesaspossible Refiningmeanskeeping
only informationavailablein all sourcesandso decreas@atauncertaintyasstatedin [Kewley, 1993. Dueto the math-
ematicaloperationused,this leadsto anincreaseof the belief in the areacommonto all the distributions(i.e. the sets
intersection) Let's supposehefusionprocesslid notexist. Fromtheinputset,only asourcer4 would beconsideredIf

thefusionprocessxists,theresultrg andr 4 canbeusedto derive theamountof addedvalueduringfusion. Choosing
w4 IS acritical task. Here, it will beassumedhatamongall theinputdistributions;r 4 is the closestto mg accordingto
BHATTACHARYYA's distancgequation(7)). Thisimpliesfind 74 suchthatdg,: (w4, 7r) is themaximum.

Thefusionprocessachiezedhis goalif theresultingdistribution is morespecific(alargenumberof alternatveshave been
suppressed)f the cardinaland,nonspecificityandEntropy have decreasedin orderto evaluatethe addedvalueduring
fusion, thosesatributesare computedon 74 andng andthe resultsare substractednormalized(seeequation(8)) and
thensummed.

_|ma|l = |7R] Sp(mRr) — Spp(ma) H(ng) — H(ma) Hg(ma) — Hs(mR)
o = ax(mal, fal) | max(Sy(nr), S,(r)) | max(IE @), 1B @A) T max(Hs wa)l, [Hs )l

Themore E¢ is low, thelessfusionprocessntroducedaddedvalue.If E = 0, thefusiondid not performary work.

3.2 DISJUNCTION

Let’snow supposealataareknown to disagreeThisimpliestheuseof a cautioususionprocesgi.e. fusionin disjunctive
mode)which will ensureghat eachinput is presentin the output. In this case,the fusion processshouldcollect all
alternatvesin a new possibilitydistribution andmake this distribution asspecificaspossible Thelastconditionis needed
to make surea fusion processvhich returnsa possibility distribution coveringthe whole universewill be flaggedasbad.
If the fusion procesddid not exist, the bestchoicewould be to considerthe nearestrisp set(given by its possibility
distribution 7 s) of input’'s union. As beforein the conjunctve case we will computethe addedvalueusingzys. The
cardinalandnon specificityshouldhave decreasedndthe specificityshouldhave increasedTheevaluationEp is given

by :
_ _ |mns| = |7&| Sp(mr) = SPp(TNs) H(rns) — H(mr)
max(|mns|, [wgr|) ~ max(Sy(7r), Sp(mns))  max(||[H(ns)ll, [|1H (7r))

©)

As with E¢ , themoreEp is low, thelessfusionprocessntroducedaddedvalue.

3.3 COMPROMISE

The compromiseoperatoris usedwhen datado not agreebut not really disagree. It is indeednecessaryo keepall
the alternatves(just like in a disjunctionprocesshut changethe belief degreein orderto give the resultlookslike the
“average”distribution. As before,if the datafusionprocesglid not exist, a correctchoicewould beto consideronly the
nearestlistribution 74 from theintersectiorof all theinputs. Theword doneduringthefusioncanbe evaluatedusingthe
distancefrom theresultto 4 addedo thevariationof nonspecificityandentrogy lik e statedn thefollowing equation

H(my) — H(ng) Hs(mg) — Hs(ma)
max([|H (ra)l, | H(wr)ll) = max(|Hs(xr)l, [Hs(ma)ll)

As with E¢ , themore E )y, is low, thelessfusionprocessntroducedaddedvalue.

En = dpat(ma,mR) + (10)



4 EVALUATION OF ADAPTATIVE OPERATORS

We areableto evaluatea fusion processoperatingin oneof the threebasicmodes. An adaptve operatorcontinuously
evolvesfrom conjunctie to disjunctive mode. It seemsnterestingto computehow muchthe operatobehaesconjunc-
tively, disjunctively andlike amean.Let's supposéhe fusionwasdoneusinga conjunctive operatodik e min, theresult
wouldberg,_ .. If thefusionwasmadeusingadisjunctve operatoilikemax, theresultwouldberg,_ . andif thefusion
wasmadeusingthe arithmeticmean theresultwouldberg,, ... Theamountof the conjunctive behaior (notedcyp;),

the amountof disjunctive behaior (notedIp;,;) andtheamountof compromisebehaior (notedls.q.,) Will bederived
from thethreedistributionsng_, , 7r,_,, andng,_... usingthe BHATTACHARYYA'S distance(seeequation(11)). The

evaluationof theaddedvalueintroducedby the adaptie operatorE 4 canbe computedising:

IConj = dBat ('/TR; WRmin)

Ex= IC’onjEC + IDisjED + InteanEm (11)

Ipisj = dBat(TR, TRypax)

Iptean = dBat(ﬂ-R: 7TRmea,n)

The 74 distribution neededis as before,the closestdistribution, computedaccordingto eachsection: conjunction,
disjunctionandcompromise.

5 EXAMPLE

In this sectionthe evaluationprocesgresenteds appliedto avery simplefusionprocessLet’'s consideatankcontaining
aliquid continuallymixed. Thetankis equippedwith threesensorsA, B, C watchingthetemperatureespectiely atthe
bottom,the middle andthe top of atank. Theaim of the mixer is to keepthetemperaturequaleverywherento thetank.
Periodicaly one measuréds acquiredfrom eachsensoranda fusion processs usedto computethe tank’s temperature.
Intuitively, the mostadaptedusionmodeseemsdo be the mean. For illustration purposethe fusionwill be donein the
threebasicmodes conjunctioncompromiseanddisjunction.
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Figurel: Conjunction. Figure2: Compromise. Figure3: Disjunction.

Figure4: Fusionin thethreebasicmodes.

In this simulation (seefigure (4)), the distributions are supposedo be triangularwithout a loss of generality Each
distribution is givenby a centerpoint anda gapappliedon eachside. Thefirst one, 4, is centerecbn 1 with a gapvalue
of 0.5 so A extendsfrom 0.5 to 1.5. The secondbne B is centerecn 2 with a gapof 1 andthethird C' is centeredn 0

with agapof 2. In this example,thefusionhasbeendonein thethreebasicmodes: conjunctie (usingmin operator),
disjunctive (usingmax operatorandcompromisgusingthe meanoperator).

Let's now have alook at the evaluationprocesqseefigure (8)). It presentsheresultof the evaluationin thethreebasic
mode. The curveshave beenmadeusingthe following algorithm: fix a gapvaluefor A in therange[0.5; 1.6] (for min
evaluation),[0.5; 1.6] (for mean evaluation)and[0.5; 2.5] (for max evaluation)andleave otherdistributionsunchanged.
Next, computethe resultof the fusion, evaluateit andput a point with coordinateggap,&aluation)on the curve. The
horizontalaxis give the gap andthe vertical axis the resultof evaluation. On the min datafusion processavaluation,
whenthedistribution hasa gapof 1, theaddedvalueintroducedby the operatoris low. Onthe max datafusionprocess
evaluation,whenthedistribution hasa gapof 2, theaddedvalueintroducedby the operatoiis low.
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Figure8: Fusionin thethreebasicmodes.

6 CONCLUSION

Thenotionof “addedvalue” hasbeenintroducedfor datafusionalgorithms.It triesto quantifytheamountof work done
by the operatorto give the result. Four caseshave beendistingued: the threebasicdatafusion modes: conjunctie,
disjunctive, compromiseandthe adaptatie operator The adaptve operatorevaluationschemehasbeenbuilt on top of
thethreebasicmodesusingthreenen measuresn anadaptve operator. ameasuref conjunctive behaior, disjunctive
behaior and compromisebehaior. The “addedvalue” measurds usefulto banchthe fusion process.If the gainis
consideredeeingtoo low, the fusionprocessnaysimply be bypassedh orderto limit computatiortime.

Ourwork is now goingto focuseon theevaluationof dissymetricdatafusionoperationsandthe evaluationof datafusion
systemavhereresultgivenby afusionoperatoris usedasaninputto anotherfusionoperator
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