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Abstract : Datafusionaim is to combinevarioussourcesof informationin orderto refinethem. Fusioncanoccurin
severalframeworks(probabilities,belieffonctions,possibilitytheory ����� ) whereinalargenumberof combinationscheme
have alreadybeenstudied.This paperaddressesinformationquality evaluationaftera fusionprocessin the framework
of possibilitytheory. Themeaningof ”information improvement”is tiedverycloselyto theapplication.After anattempt
to bring out somecriterionsof quality in information,we proposea new way to evaluateinformationgainin datafusion
process.An exampleof applicationin shown.
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1 INTRODUCTION

In theframework of possibilitytheorya largenumberof fusionrulesexists. They canberoughlyclassifiedin two great
families: symetricalanddissymetrical.With symetricalrules[Bloch, 1996], all informationsto be combinedplay the
samerole. A dissymmetricdatafusion rule [DuboisandPrade,1994] is a belief changewhich operateson the current
knowledgewhenanew evidenceis acquired.Currently, a largeamountof work hasbeendoneto createnew fusionrules
but only a few authors[Kewley, 1993] tryied to evaluatethechangesin termof informationquality.

Beforeintroducinghow a datafusionsystemcanbeevaluated,someprerequisitesareneeded.First, it will beassumed
that at leastonesourceis correct,even if it impossibleto saywhich one. This statesthat thedatafusionsystemis not
ableto give a valid resultfrom invalid inputs.Second,the“closedworld” will beassumed.Thismeansthattheuniverse
of discourse� is supposedto containall thepossibleevents.As a consequence,all possibilitydistribution of � will be
normalised.

Evaluatinga symetricaldatafusion systemis a hardtaskbecausecombinationcanbe donein threedifferentmodes:
conjunction,disjunctionandcompromise.Conjunctionmustbeusedwhensourcesagree: it canbeseenastheintersection
betweeninformations.In this case,themorespecifictheresultingdistribution is, themorethe fusionprocessseemsto
achievedits goal.

Thedisjunctive modeis usedwhenmostof thesourcesdisagree: it canbeseenastheunionof thesources.Intuitively,
if it is impossibleto bring out a consensus,all the sourcesarepotentiallyright. If thereis a large numberof different
sourceswhich all disagree,theresulttendsto thetotal ignorance.Evaluatinginformationin this context canbedoneby
computinghow muchthetotal ignoranceandtheresultof theuniondiffers.

Compromiseis a trade-off situation: sourcesdo not really agreebut they do not really disagree.Theresultreflectsthe
”averagedecision”i.e. every informationgivenby aninput canbefoundin theresult,maybewith a differentpossibility
degree.Criterionsfor evaluatingsuchanoperatordependon theapplication.

Somesymetricaloperators(said”adaptativeoperators”[DeveugheleandDubuisson,1996]) areableto combinecontinu-
ously from disjunctionto conjunction.If sourcesareconcordant,theoperatorwill applya conjunctive combinationand
if thesourcesdisagree,anunionis maderesultingin a disjunctivebehavior. They do not have a simple,well established
modeof operation: it dependson theconflict betweensources.Sinceit evolvesfrom disjunctionto conjunction,when



sourcesagree,themeasureof qualityshouldreduceto whateverusedfor evaluatingconjuntiveoperatorandwhensources
disagree,it shouldreduceto whateverusedto evaluatingdisjunctiveoperator.

Dissymetricalfusion refinesa currentknowledgewith a new evidence. Evaluatingsucha systemcannotbe donewith
algorithmsdescribedin thispaperwhichaddressesonly symetricalfusionprocess.

First,somewell-known existingmeasureon possibilitydistributions(cardinal,specificity, ����� ) arerecalled.Next, based
on thosemeasures,anevaluationprocessfor thethreecombinationmodesis proposed.A new algorithmfor evaluating
adaptativeoperatorsis described.Theevaluationprocesspresentedis thenappliedto asimpleexample.

2 SOME EXISTING MEASURES ON POSSIBILITY DISTRIB UTIONS

In theframework of possibilitytheoryseveralmeasuresexists. For instancecardinalandspecificityarecommonlyused.
In orderto evaluatethe gain in a combinationan intuitive ideais to computemeasureson both inputsandoutputand
comparethemusinga criterion.An evaluationcanbe: computethespecificityof eachinputsandmakesuretheresultis
morespecificthanall theinputs.

In thefollowing sectionscardinal,specificity, nonspecificity, entropy, fuzzinessdegreeanddistancesbetweentwo distri-
butionsandtheirpropertiesarerecalled.

2.1 CARDINAL

Thecardinalof apossibilitydistribution � [De LucaandTermini,1972] triesto evaluatethenumberof itemsin � . When� is discrete,the left handsideexpressionof equation(1) is used.Theright handsideof equation(1) suitscontinuous
distributions: � � �
	���
 ���������
� � � ��	�� 
 ����������� (1)

Cardinalitycanbeseenasa measureof imprecisionbecauseit is minimal whentheunderlyingpossibilitydistribution is
reducedto a singletonandmaximalwhen � denotesthetotal ignorance.

2.2 SPECIFICITY

Thespecificityevaluateshow mucha possibilitydistribution is far from themostspecificdistribution. Themostspecific
distributiontakethevalue � atonly onepoint in theuniverse� and � everywhereelse.Thespecificityis computedusing:��� � �!� 	 �#"$ �� �&% � � ��' with ( �&%!����� 	 � if �������*)#'	 � otherwise

(2)

It is straightforwardto show that
� � � �&+�� 	 � if andonly if thereis � in � suchthat , 	.- �0/ . For two sets, and 1

with associatedpossibilitydistributions �2+ and �&3 �&4
holds ,65#187 ��9 � �&+:�;) �<9 � �&3�� .

2.3 NON SPECIFICITY

Non specificity(alsocalled“U-Uncertainty”) tries to evaluatehow muchthe informationsupportedby this possibility
distribution maycontainsalternatives.It’s a directevaluationof imprecisionsincethemoreaninformationis imprecise,
thelessit is specific.This is computedusing:= �>�!� 	 � "$@?BA
CED � � % � � ��' with ( �&%!����� 	 � if ��� ���*)F'	 � otherwise

(3)=
is minimum(andequalsto � ) if andonly if thereis � in � suchthat , 	8- �0/ . For two sets, and 1 with associated

possibilitydistributions �2+ and �&3 �&4
wehave ,65#187 = � �&+G�0H = �>�23*� .



2.4 SHANNON’S ENTROPY

TheSHANNON’s entropy is heavily usedin probabilitytheory. If theprobabilitydegre
9 � I<� is replacedwith a possibility

degre ��� ��� , theentropy becomes: =KJ � �!� 	ML � 
 ������� ?BA
C D ��� �����
� (4)

Whenthedistribution is specificandcertain,
= J

is equalto � . Replacingprobabilitieswith possibilitiesis no theonly
way to extendSHANNON’s entropy to the possibilisticframework. All the classicalwaysto transformprobabilitiesto
possibilitiescanbeused[DuboisandPrade,1988].

2.5 FUZZY INDICA TION

This indication tries to quantify how much a set is fuzzy. A large numberof sucha criterion have beenintroduced
by several authors.Among them,[Kaufmann,1977] usesa distance� betweenthe possibility distibutions � and �2N�O�P
derivedfrom � . Thereferencedistribution � N�O�P is oftenthenearestcrispsubsetof thefuzzysetassociatedwith � . It can
becomputedin two differentways: theoptimisticcaseandthepessimisticcaseasshown in equation(5). Thereal Q is
useda scalefactorsince R shouldmapsinto S �UT��WV :RG� �!� 	 Q<�&� �:TX�2N�O�PY� with ( �<Z 4W[ ����� 	 � if � in \Y]_^_^ A
`Xa �>�!�	 � otherwise

( � 4 O�b�b
����� 	 � if � in ced `Xf d ? �>�!�	 � otherwise
(5)

The optimistic caseis built usingthe supportof the distribution andthe pessimisticcaseis built usingthe coreof the
distribution : thecardinalof � Z 4W[ is alwayslargeror equalsto thecardinalof � 4 O�b�b .
If � is theHAMMING’s distanceand Q 	 "g:hXi�j�k�lnmYo mqpsrutwv , R reducesto theKAUFFMAN’s indicewhich takesthevalue � as

soonasthesetis a crispsetandgrowsto themaximumwhenthefuzzysetis suchthat x&�zy{�|T���� ��� 	 �U� } .

Whenthedistribution is specificandcertainor unspecificanduncerain,this indicationgives � . If thepossibilitydistri-
bution is not normalised(we excludedthisscenario),theresultis � too. KAUFFMAN’s indicationis unableto distinguish
betweennormalizedandanonnormalizeddistributions.

2.6 DISTANCES

It is alsopossibleto evaluatehow muchtwo distributionsagreewith a distance.Sucha criterion is called“indication
of conflict” betweentwo distributions. This canbe usefulto evaluatehow muchthe outputof a datafusion processis
far from a referencedistribution (for instancean“a priori ” information). Thereferencedistribution canalsobea linear
combinationof � 4 O�b�b and �&Z 4W[ (definedin equation(5)) like �&N~O�P 	8� �&Z 4W[�� ��� Lz� ��� 4 O�b�b where

� y�S �UT��WV . Let � bea
distancefrom � D to the real interval S �UT���V and � a monotonicallynon-decreasingfunctionof � verifying ���>�E� 	 � and���u�z� 	 � . ThecriterionI is givenby :� � � " TX�2N�O�P�� 	 ���>�&� �:TX�2N�O�PY��� ��� ��

� " �>�Y� 	 S�� � ��V���"� D �>�Y� 	�� � k���
�>�Y� 	 � L kk�� if �*� $�� ���#�X]_^ lBm���o mq��vu� 
 � �2�>� " T�� D �;H�� $ ��� (6)

Theright handsideof thepreviousequation(6) recallsomeclassicalchoicesfor function � . When � $ exists, the � � is
frequentlyrecommendedbecauseof its linearity. If � is a normaliseddistance,� $ 	 � .
Thechoiceof � hasa greatinfluenceon thefinal results.A lot of well known distanceslike the HAUSDORFF onehave
beenstudiedin [Zuninoetal., 1997]. Here,we will usethedistanceof BHATTACHARYYA � 3G� [ [Kailath, 1967] defined
in thecontinuouscaseby (whentheintegralsconverge):� +;�>I&� 	 � " �>I&�  
 � " � I<����I� 3¡�>I&� 	 � D �>I&�  
 � D � I<����I ¢ � � +*T � 3;� 	@� 
K£ � +0� I&� � 3|� I<����I�E3�� [ � � " T�� D � 	 £ � L

¢ � � +;T � 3;� (7)

All the indicationsabove arecenteredon giving a measureon distributions. The following paragraphexplain how they
canusedto evaluatea symetricalfusionprocess.



3 EVALUATION OF SYMETRICAL OPERATORS

It is veryhard(andmaybequiteimpossible)toevaluatethequalityof aninformationwithoutdependingonthecontext and
this remarkappliesto evaluationof datafusionsystems.Fusionalgorithmsareexpensive,at leastin termof computation
time. Ourevaluationcanbeeseenasanestimationthework doneby thefusionoperatori.e. theamountof modifications
madefrom the input set to give the result. If this “modification rate” is low, the fusion operatoris not really needed
becauseaddedvalueintroducedis negligible.

Evaluatingtheaddedvalueof a fusionoperatorcannotbedissociedform theoperationmode: conjunction,disjunctionor
compromise.Someoperatorslike adaptative onedo not have a fixedbehavior, makingtheevaluationmoredifficult and
computingtheaddedvalueintroducedby suchoperatorwill bedisccussedafterthethreebasicmodes.

3.1 CONJUNCTION

Whenfusionis donein conjunctivemode,theaim is to dismissasmuchalternativesaspossible.Refiningmeanskeeping
only informationavailablein all sourcesandsodecreasedatauncertaintyasstatedin [Kewley, 1993]. Dueto themath-
ematicaloperationused,this leadsto an increaseof the belief in the areacommonto all thedistributions(i.e. the sets
intersection).Let’ssupposethefusionprocessdid notexist. Fromtheinputset,only asource�&+ wouldbeconsidered.If
thefusionprocessexists,theresult �&¤ and �&+ canbeusedto derive theamountof addedvalueduringfusion.Choosing�&+ is a critical task.Here,it will beassumedthatamongall theinput distributions; �&+ is theclosestto �2¤ accordingto
BHATTACHARYYA’s distance(equation(7)). This impliesfind �2+ suchthat ��3G� [ �>�2+;T��&¤�� is themaximum.

Thefusionprocessachievedhisgoalif theresultingdistributionis morespecific(a largenumberof alternativeshavebeen
suppressed),if thecardinaland,nonspecificityandEntropy have decreased.In orderto evaluatetheaddedvalueduring
fusion, thosesatributesarecomputedon �2+ and �2¤ andthe resultsaresubstracted,normalized(seeequation(8)) and
thensummed.¥§¦ 	 � � + ��L�� � ¤ �¨K©�ª � � �&+ � T � �&¤ � � � � 4 � � ¤ � L �<9 4 �>� + �¨K©�ª � �&4 �>�2¤��wT �24 � �&+G�X� � = � � ¤ � L = � � + �¨«©�ª �~¬ = � �2¤��­¬qT�¬ = �>�2+G��¬W� � =KJ � � + � L =KJ � � ¤ �¨K©�ª �~¬ = J �>�2+���¬�Tq¬ = J � �&¤���¬W� (8)

Themore
¥§¦

is low, thelessfusionprocessintroducedaddedvalue.If
¥ 	 � , thefusiondid notperformany work.

3.2 DISJUNCTION

Let ’snow supposedataareknown to disagree.This impliestheuseof acautiousfusionprocess(i.e. fusionin disjunctive
mode)which will ensuresthat eachinput is presentin the output. In this case,the fusion processshouldcollect all
alternativesin anew possibilitydistributionandmakethisdistributionasspecificaspossible.Thelastconditionis needed
to makesurea fusionprocesswhich returnsa possibilitydistributioncoveringthewholeuniversewill beflaggedasbad.
If the fusion processdid not exist, the bestchoicewould be to considerthe nearestcrisp set (given by its possibility
distribution �&® J

) of input’s union. As beforein theconjunctivecase,we will computetheaddedvalueusing �&® J
. The

cardinalandnonspecificityshouldhavedecreasedandthespecificityshouldhave increased.Theevaluation
¥§¯

is given
by : ¥ ¯ 	 � � ® J ��L�� �&¤ �¨K©�ª � � �2® J � T � � ¤ � � � �24 � �2¤�� L �<9_4 �>� ® J �¨K©�ª � � 4 � � ¤ �wT � 4 � �2® J ��� � = �>� ® J � L = � �2¤��¨K©�ª �~¬ = � �&® J �­¬qTq¬ = � � ¤ ��¬W� (9)

As with
¥§¦

, themore
¥ ¯

is low, thelessfusionprocessintroducedaddedvalue.

3.3 COMPROMISE

The compromiseoperatoris usedwhen datado not agreebut not really disagree. It is indeednecessaryto keepall
thealternatives(just like in a disjunctionprocess)but changethebelief degreein orderto give the resultlooks like the
“average”distribution. As before,if thedatafusionprocessdid not exist, a correctchoicewould beto consideronly the
nearestdistribution �2+ from theintersectionof all theinputs.Theworddoneduringthefusioncanbeevaluatedusingthe
distancefrom theresultto �2+ addedto thevariationof nonspecificityandentropy like statedin thefollowing equation:¥±° 	 �E3�� [ � �2+*TX�2¤:� � = � � + � L = � � ¤ �¨K©�ª �~¬ = � �&+G�­¬qT�¬ = �>�2¤:��¬�� � =KJ � � ¤ � L =KJ � � + �¨K©�ª ��¬ = J �>�2¤��­¬qTq¬ = J � �&+���¬�� (10)

As with
¥§¦

, themore
¥¡°

is low, thelessfusionprocessintroducedaddedvalue.



4 EVALUATION OF ADAPTATIVE OPERATORS

We areableto evaluatea fusionprocessoperatingin oneof the threebasicmodes.An adaptive operatorcontinuously
evolvesfrom conjunctive to disjunctive mode.It seemsinterestingto computehow muchtheoperatorbehavesconjunc-
tively, disjunctively andlike a mean.Let’s supposethefusionwasdoneusinga conjunctiveoperatorlike ¨�² f , theresult
wouldbe �&¤�³U´ µ . If thefusionwasmadeusingadisjunctiveoperatorlike ¨K©�ª , theresultwouldbe �2¤�³U¶¸· andif thefusion
wasmadeusingthearithmeticmean,theresultwouldbe �2¤�³U¹ ¶¸µ . Theamountof theconjunctivebehavior (noted

�W¦ ZXº­» ),
theamountof disjunctivebehavior (noted

� ¯½¼ b¸» ) andtheamountof compromisebehavior (noted
��° O � º ) will bederived

from the threedistributions �2¤�³2´ µ , �&¤�³U¶¸· and �2¤�³U¹ ¶¸µ usingthe BHATTACHARYYA’s distance(seeequation(11)). The
evaluationof theaddedvalueintroducedby theadaptiveoperator

¥ + canbecomputedusing:

��� ��
� ¦ ZXº­» 	 � 3�� [ � � ¤ TX� ¤ ³2´ µq��W¯�¼ b¸» 	 � 3G� [ � � ¤ TX� ¤ ³2¶>·q�� ° O � º 	 � 3G� [ � � ¤ T�� ¤ ³U¹ ¶¸µ�� ¥ + 	 � ¦ Z�ºq» ¥ ¦ � ��¯�¼ b�» ¥§¯ � � ° O � º ¥ °

(11)

The �2+ distribution neededis as before, the closestdistribution, computedaccordingto eachsection: conjunction,
disjunctionandcompromise.

5 EXAMPLE

In thissectiontheevaluationprocesspresentedis appliedto averysimplefusionprocess.Let’sconsideratankcontaining
a liquid continuallymixed.Thetankis equippedwith threesensors, , 1 , ¾ watchingthetemperaturerespectively at the
bottom,themiddleandthetopof a tank.Theaimof themixer is to keepthetemperatureequaleverywhereinto thetank.
Periodicaly, onemeasureis acquiredfrom eachsensoranda fusion processis usedto computethe tank’s temperature.
Intuitively, themostadaptedfusionmodeseemsto bethemean.For illustrationpurpose,thefusionwill bedonein the
threebasicmodes: conjunction,compromiseanddisjunction.
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Figure1: Conjunction.

0

0.2

0.4

0.6

0.8

1

-2 -1 0 1 2 3 4 5

A
B
C

Mean

Figure2: Compromise.
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Figure3: Disjunction.
Figure4: Fusionin thethreebasicmodes.

In this simulation(seefigure (4)), the distributions are supposedto be triangularwithout a loss of generality. Each
distribution is givenby a centerpoint anda gapappliedon eachside.Thefirst one, , , is centeredon � with a gapvalue
of �_�¿} so , extendsfrom �_�¿} to �
�¿} . Thesecondone 1 is centeredon À with a gapof � andthethird ¾ is centeredon �
with a gapof À . In this example,thefusionhasbeendonein thethreebasicmodes: conjunctive (using ¨«² f operator),
disjunctive(using ¨«©�ª operator)andcompromise(usingthemeanoperator).

Let’s now have a look at theevaluationprocess(seefigure(8)). It presentstheresultof theevaluationin thethreebasic
mode.Thecurveshave beenmadeusingthefollowing algorithm: fix a gapvaluefor , in therange S �U� }_Á��
� Â�V (for ¨«² f
evaluation), S �_�¿}ÃÁ��
� Â�V (for ¨ d © f evaluation)and S �U� }_Á~À_� }�V (for ¨K©�ª evaluation)andleave otherdistributionsunchanged.
Next, computethe resultof the fusion,evaluateit andput a point with coordinates(gap,evaluation)on the curve. The
horizontalaxis give the gapandthe vertical axis the resultof evaluation. On the ¨�² f datafusion processevaluation,
whenthedistribution hasa gapof � , theaddedvalueintroducedby theoperatoris low. On the ¨K©�ª datafusionprocess
evaluation,whenthedistributionhasagapof À , theaddedvalueintroducedby theoperatoris low.
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Figure5: Evaluationfor ¨«² f .
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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: conjunctive,
disjunctive, compromiseandtheadaptative operator. Theadaptive operatorevaluationschemehasbeenbuilt on top of
thethreebasicmodes,usingthreenew measuresonanadaptiveoperator: a measureof conjunctivebehavior, disjunctive
behavior andcompromisebehavior. The “addedvalue” measureis useful to banchthe fusion process.If the gain is
consideredbeeingtoo low, thefusionprocessmaysimplybebypassedin orderto limit computationtime.

Ourwork is now goingto focuseontheevaluationof dissymetricdatafusionoperationsandtheevaluationof datafusion
systemswhereresultgivenby a fusionoperatoris usedasaninput to anotherfusionoperator.
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