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ABSTRACT ‘

This paper considers the modeling of a general diagnostic system baset
upon mathematical-logical considerations. The heart of the system con~
sists of input data, predetermined error distributions or matching

: rables, and inference rules formulated within a general fuzzy set system
. framework. Applications to the multiple target data association and other
s military problems are outlined. H

NEW l
. REVTSION

g ———

UNCLASSIFIED

L




% sese n & pewmvane

URCLASSIFIED .

« 1. ISTRCDUCTIOR -

Prodle=s often arise vhich are not essily treated
froz cither a deter=iaistic or prodabilistic view
polcz. This sitvatise typically occurs vhea kaow-
ledze of 211 Joizz probability éistributions of the
set of zadeling parazerers of intecrest is unobtaine
able, 238 thus only a relstively lov level of fanforo—
atfon s preseat. Ozc exazple of this 1s the prodles
of codelizg the ©ost appropriate error or =atching
distributions vith respect to & fixed collectics of
of ship classifications obtalned fros experts in the
field. These classifications may well be overlappiog
and vague 1o concept. Such typicslly lingufstic fa-
forzaticn gleaned from these fndivicuals tends to
indicate sicple oodels for the distributions uhich &b
not take into sccount cozpound or joint occurences

of classifications. This 1s because, as good’as
huzan beings are as integrators of disparate inforo-
ation, there 1s = 1i=it to the quantity and level of
fnfor=atfoz that can be handled over 3 given tize.
Indeed, 4o such prodless as classification, the nusber
of joint event occuresces to be considered, in gener~
al, incresses exponentially, uoless unlikely cozbin-
atfons caa be efficieatly ruled out.

&s s consequence of the atove discussion, there
appears 3 need to establish a systesatic aspproach to
the quantification and use of such low level inforo-
atfou. The paper presented here consfists of three
dasic aspects:

First, & logicsl basis is presented for utilizing
a aofxture of possibilistic and probabilistic vodeling
techniques for dealing with silitary and other prob-
lezs involving natural language descriptions or other
incozplete nuserical or statistical quantities. This
is based upon earlfer vork vhere such descriptions
vere shown essentially to corraspond to classes of
randon subsets of dozaf{ns of attributes. (Sec [1-4).)

Second, a couprehensive diagnostic procedure is
developed vhich ut{lizes generalized error dfstri-
butfons and {nference rules connecting groups of
ateributes or sysptoss vith possihle values of an
unknoun parapeter, or cquivalently, possible dfzgno~
ses of possible faults. Soze applications of this to
oilitary sftuations, including the multiple target
data assocfation probles, are given.(See [5-8) for
previcus vork in this area.)

Thizd, the problen of vodeling the interface be-
tueen natural language fnputs and the main disgros=
tic proceduie is briefly treated.

2. LOGICAL BASIS FOR UTILIZATION OF A HIXTURE OF
PROBABILISTIC AND FUZZY SET UNCEFTAINIY HEASURES

The procedure presented {n this paper is based upon
three general theoretical vathecatical=logical results
obtained previously by the avthor in somevhat differ-
ent f{orms:

(2) Fuzzy sets and thefr operators correspond {n a
natural vay to random sets and their operators such
that fuzzy ser {or possidbilistic) wodeling in effect
s a veakened form of probabtlistic modeling, thus

aXlvwisg £3r Interehacge betveen the tvo types of
approaches. This result leads to the procedure vhere
81l ioput 4nformatfon to 3 probles may be coaverted
separately to fuzzy set forms coavected by ordinacy
two-valued logic gruth funcriors-often, conjunctiea.
In tom, the vell developed fuzzy sez calculus {9]
~27 be used to si=plify the cosputaticss Jeadicg to
s 7123} possibility distribution - or equivaleatly,
a siogle fuzzy set descriptics fthrough 1ts Sczber-
ship function) of the unknown paraseter of infevest.
Aa open probles of great interzst involves the =aoy-
to-one relaticn betuveen random set sodelc equivalent
to 8 given fuzzy set codel (in = sense to be =ade
sore precise in the casuing technical discussion):
wvhich particular randoa set representation 2o choose
for a givea fuzzy set codel and how much inforsation
15 lost vhen a particular randoo set description is
replaced by 2 furzy set one?

(b) Civeo input irforcation consistinz of aa ordin-
ary logical cozbinatioa of fuzzy set ones for aa
unknown paraseter of interest (the paraseter =ay
well be cultidioensfonzl fa fors), a uniformly sost
accurate pure fuzzy set description exists vhich is
obtainable by replacenent of sll ordinary two-valued
truth connectors by corresponding furzy set ones.
This description can be shown under sufficfent cond~-
itions of scoothness of behavior to yield an asy=p-
iotically consistent estisator of the parazeter in
question vith _cozputable error bounds. This result
forns the basis for the structure of the dfagnostic
systes as applied to the cultiple target data associ-
atfon or “correlation™ problea: the PACT (Possibilis-
tic Aporoach to Correlation and Tracking) algoriths.
(See {7) and (8].).

(c) Under very general condicions, condigfonal
fuzzy scts may be constructed, analagous to con-
ditdonal random variables and vectors. In turn, this
leads to a fuzzy set form of Bayes' Theores. (Sce
also [3) and [I0).) Then, with the fdentification of
inference rulecs with posterior distributiocns of the
paraveter of interest and error distributions-or
watching tables=- vith posterfor data distributions,
the uniforsly most accurate estimator, mentioned in
(b), is essentially the sane as the overall posterior
estinator ot the parameter in the fuzzy sct Bayesian
sense. (See [7) 223 (83.)

Sose detafled technical descriptions of the above
three types of results justifyfng the establishoent
of the diagnostic system vill nov be given.

A. LOGICAL BASIS FOR (a)
FUZZY SET SYSTEMS IN GENERAL

Altbough it 45 not possidle.to condense fuzzy
set theory in terws of all of its masjor
thrusts bere, soze relevant highlights can
be touched upon. The basic building dlock is
the membership function

$:x00,1 m

defining fuzzy subset A of tacc space X.
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. By =exicg the rorge of, &, b 2 sudset of

{0,13 , A becozme e gct 30 the ordinury
tenes. ratfons escrg fuzzy susetr of &
Lese space exiend those of ordinary subscis
cf tie spscc. For exasple, onc <so defisc
fuzzy Ssiersectios bitveeo two fuzzy sets
by vee of the poistuisc cpexstor =io applicd
%o the corresposding mecbership fusctions.
05 the other Band,onc could Just sz vell
define otker operatons o2 fuzzy sects vhich
=igtt 8150 reesosably dbe c¢alled fuzzy Ioter-
scction sincc they also reduce to ordipery
4atersection vheo the fuzzy scts fovolved
ere slso ordicesy oses. Onc such cxesple 1is
<be cperator prod (for pointuvisc product
operaticg on the corresponding zesbership
fusctioze). Si=ilarly fur fuzzy uofon, =ax
cr probsus (probabslity sus, vbere
probsu={s,b) £ e4b.adb = 1-(1-2){1-b)) can
serve es dcfioitions, froa a=ong an infinity
of cholccs. Coasider also fuzzy cozplerment.
A potursl chofce i¢ the operstor 1-{-) , tut
az ia tbe sbove ciscs, eacy other different
definitioss could be used. ¥hich oc=s to
cboose? Obviously, this besic prodlex rust
izpisge upon all vses of fuszy et theory 3
& partjel solutfon to this will de briefly
considcred belov. (Sce 21sc Goodzsn [415)

Sovever the prodles of obtaining fuzy et
czsbersbip functioss is relatively simple,
provided that the Jdozain of discourse or base
space 15 properly specified. For exarple,the
fuzzy sct represeoting tbe attridbute "tall”
clearly aust be soze nondecrcasing or nooo-
tooe ipcreesfng function over its dozaln.
But tbe slope 2 increzse is dependent vpoa
“bether Tteil™ refers to 24ult males now
1iving Is tbe Unites States,or to izssture
fernles vho resided in Iodfa during the
eighteeoth century , or to cbips , cte,
Ussng proper saxpling or survey techniques
1o conjunctios vith suitable parascterization,
aoalegous to that employed fn modeling prob-
abflity distributions, cepirical membership
functioos cay also be coostructed. (Sce the
survey of procedurcs by Dubols sod Prade 33
1960, pp.255-26%, J{Avother modeling spproach
to furry setuesbership functfonc zan be
through the empirical one point coversge
functions of the cquivaleat randoa scts, the
latter topic to be discussed loker.)

Onc opproach to the problen outlined above
concerning nooupiquencss’of fuzzy sct defin-
itiooa s as follovs: Firat, sttempt to ab-
strmct tbe essentisl masnfng-and po sore than
that- of cogplepznt{or pegation), Sntorsoction
{r conjuoction, and wofonf{or dfejuoctiod .

Yo the cesc of the lest tvo operstors, a oat-
ural family of operatore hic been proposcd
and investigated by soas researcbers: the
tonorss aod feconarms, reepectively. (See

Kleozat (12 ool CooZmsn (43, far fusther
2¢tails.) Theo Sor say triplc ol opcrators
of fctercst

(2

H N B
where '§'/n 1s ususlly cboses to be 2-{-) far

cosplez=ntatioo (though not sccscearily so

. restricted ) , Y, 16 & t-sorz, ed Y 1s

a %-copor= , coxpound fuizy set derfioitoss
zay 8l<o be dcfincd, vith ctructure pob do-
peodect oa the specific cholcc of F. This
1cals to woificd definitiooss for i=plicatios,
equivalence, usiversal eod existential
guantificrs, cubsct re¢lstfoss, projectioos,
and genersl functioas aod arithzetic cpera-
ti0ss, econg many otber coocepts. Hultfvalued
logic, ss a forzsl extession of cordisary tvo~-
valued logic pleys the ceotral role o the
above constructioos. (See Goodzac. (41  for
en ext=ple of this approach to the coostruct~
{oa of general furzy set syst,cﬁ.) Second
deterzape froa theoretical coosideratioos
wnich sudcollection of furzy sect systems F
leads to ioterpretatios An ter=s of probedile
1ty theory. As meotiooed lster, tvo faxilics
( tbe se=i-dfstributive Deplorgsn sod the
larger €less, the J-copula DeMorgan) can be
chosen for possidble F . Specifically, these
are charscterized by tbeir vesk

relations to corresposdicg rendon set sysfens.
~Heak” a% used sbove oeans that equslity

as is ususlly used in tbe coocept of bozo-
sorphisa is replaced by (the wesker) cqual-
ity vith respcct to onc pofot coverege prob-
2bilfties. Fioslly,usec copiricel proccdurcs
such as noo=nt matching techniques to deter-
aioe the xost appropriate F from the reduced
collestion. (Sec ziso 3cction @ for further
comments.)

CONNECTIONS JETWEEN FU2ZY SET SYSTEMS AND Ravpoy
SETS

The next set of resultz cosprisc typo {a)
basis for the correlation slgorithm , vhere
fuzzy sct and randoa set descriptions pay be
interchanged {not without sose inforration
losa or incrcase) See Coodman, 43, €63
for background acd mathesstical details.

Dafioc for any fuzzy svbsct A of X,
s,(8) = ¢ Hud . (3)

(A) is & randoa subsct of X vith all out-
coz=s being nested vith respect to cach othex,
vbere U 1s any ranfon variable upiforaly dis-
tribvuted over 10,1],Kote the specisl cose
vben §§ 15 conotone and the relatios to s,
Exterd the avove defipition, by considering
sny stocbastic process U & (UJ)JG g ©f uoi-

1.Menes (1] hes proposed & unifyiog theory of uncertsinty modeling vhich contajos ac
svecial ceses rozzy set theory vith amin and Ikoruca.x , prodability theory, ena topo~

logicar oeighborhood theory,




for= r.v.'s over [0,1] vhich ¢ slco a J-
ccpole ,1.¢., oll Joist margincl distiriba-
2§029 @specd S0 form ooly o3 the cusber of
d4istioct arguscotc. I_:'a turn, it follows that
Sz ooy collectios A = (AJ)JCJ of Suzz,
subeets AJ of bzsz spacc XJ » JeJ,

a4

H 4

5,080 £ (5, (A, 5 ()

{c a vell defined racdo= subset {of sppropri-
ate xj's) procesc.
Fheoren 1.

Tet U be arbitrary os above and defioc, the
-~ d
fuzzy set op:rato.-'l};‘ by , for aoy u=

(0))5c5 5 vy€l0,21 , 3567,
3
RAO R "’EZ‘J‘ oy £u)), (5)

octicg tbat ¥, vill be vell defioed and the

sage as vben 2¢fined recursively. Let ”}on'

be tbe DzMorgen transform of 1}’& ,i.e.,
Y () = 1-B(102w) ,  (6)
for a1l u,v €[0,1] . Thes let F denole aay

correspooding fuzzy set system foreesd from
these defioitions for \,V& and 1}’“ . Tben:

Systea 7 §s veek homosorphic,seporately for
a1l threz operators,to thc patural corres-
ponding randoa sct system through 20 -

Thus, for exacple, for fuzzy cet fotersect-
fon defined through ¥, ,

@n =5 @Dz ns,A) » (D

vhare @ 3denotes fuzzy intersection and A

1s ao arbitrery collection of fuzzy subscis
of X. The equivsleoce rclation %% is defined
by the one point coverree probabiiities, in
the cese of randoa sets,end membership
\alues,$a the case of fuizy sets. Thus

¢q.(7) 15 the sae= as
¢@A(X) - Pr(x(SM@Ap- Pr{xe nsg.u.)) ,
for all xCX (m
| §
Remarks
{1) SU has the property that for aay bese

space X and any fozzy subcet A of X,

A :su(t.) . (8)

Such g._cappicz 3¢ colled a coponfcsl choyen

funetion. S, 16 cslicéd & chofce fuogtion
fo=f1ly Soduced by § . Jiote that therc con de
infinitely cany such fazilics Soduced by tbc
seoz conosicel chofcc fuoctiod, ac it the
cese herc, 1f differcnt Joiot dictridutioss
€80 bec coostructcd for tbe rsndce scts ia-
volved, -

(11) knotber canonical chofce functfon T
can bc coastructcd by Ldentifyleg T(A) vith fis
ordicary cet cesbership function-ubicu s
slso randos-vhere all q.T(A),(x)': are stotis-
23cally indcpcodent zcro-ohe randoz variables
vith Pr{ q)T(x)(x) -1) = ¢A(x), 8ll x€ X.

Io turn, choose first soy f~rni-d§stributiys
DeHorgen fuzzy sct systes= F - a scef-diatrid-
utive systes satisfics & form of distritotivi-
ty forzally simflar to the interscctlon expso-
sfoo of the probadbility of a union of cvcotss
any such DzMorgss syctes ,lcttingy « 1.(-),
has for its last tuo cozposcots ,{mio,=max),
(prod,probsuz), or more gencrsally any ordinal
sus-a certain type of 1incar 1ike comdbinstioo-
of these tvo. (Sce Goodz=an £4J  asd Klezent
€123 .) Then definc the cboice fuoction
family T by vsing the tecbnique as above for
constructicg T , bet expanded ip terms of en-

other index {nvolvin from F. This fami
yield we ho:o:orpr%i::&‘ relotions fo:"qz‘ .L'

614)" For tbe spectal cases for U,es adove,
SI'UJ = U, for 812 J€J , or a1l U s arc

stat{stically iodcpendent, ond simflarly, if
Y. w« prod in the construction of T , tben
"Oo{fb SU aod T yield not only fer t8e corresp=

onding system F to bave veek howozorphic
randon counterparts, but also a vide varicty
of other hozosorphic-1ike relations.

(5v) Other cbofce functioa familics may be
constructed yielding for semidistridutiver
systems vezk hozoxzorphic relatioos for
arbftrary cosbinstions of ¥ and %r , as
vell a& for fuazy srithietic operations.

Teoren'2.

Given any ordinary neary opsrator over &
collection of power classes of bose spaces
20d any chofce fenction fomily , there ex-
{sts & uoique n.ary fuzzy set operator vaich
*s veeX hozozorphic to the ordinary onc over
the randoz sets icduced through the choice
fuoction faaily. The lstter operator 3s an
extension of the formsr, A1l results can be
explicitly constructed. n

Thus, the conclusions from Theorems 1 and 2
ermphasize that fuzzy sclg Ay be identified
vith classes of randoa sets equivslent under
the one point coversge functions to the
foreer. Thete rendos sets may differ consider-
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'ably, sccordsing to the choice funclion ex-
ployed gencrating then, guck ac tbe nosted
= 5_type aod the very broxen-up T typc. Many

"fuzzy cet operstors correspond veaX homozore
phicslly to natural corresponding ordinary
renfo= et opsrstors , thich arc slso not
usigucly dcterainzé as is the casc for ran-
do= scts rclstive to cquivaleot fuzzy scts,
altboush by spcesfying both roodo="cet
operator end chofce functios family, tbe
vesk hocosorphic fuzzy sct 3s uniguely deter
={ped and is on cxtensioo of tbe.forcer.

Finally, sose recent results of some fcportance will
be nentioned [10] :

(1) There 1s only one possible nested rando= set
(one point coverage , i.e. ¥ ) equivalent to any
given fuzzy set A, nazely, Su(A).

(11) Fuzzy sets vhich adz=it equivalent random inter—
vals have been characterized.

(351} For say finfte space, the maximal entropy
randos subset equivalent to a given fuzzy subset
A fs T(A). S, (A) may or may pot be the minimal
entropy equivalent random subset with respect to
A, depending on further restrictfons on the form

of A,

B. LOGICAL BASIS FOR (b)

Theoren 3| Uniforsly Most Accurate Estimators

Suppose ihat inform:ztion coocerning uoknousn parame
eter Q consists of the folloving forms:s

(1) Data .

(14) latching tzdles M, k., m.

(5144) Relatinoe % P TS N
Let g: o,0% --X{0,1] —+(0,1] be

(=tr factors)

vith respect to the pertial ordering of vectors. In
particular, g can be 2ny t-corm, the patural oper-
stor corresponding to cosjunction ("and"}.{scc (41).

nondecrcasing

Define the possibility distribution KP by
o, 4 o .
del ) = 1.600(2,2,0)) , @
(a2 2 )
vhere It 4s assuzed g is extendéadle to an arbitrary

nusber of srguszots { this is guaraotecd if, ec.g.,
g Is symaetric eod 2ssociative, vhich vill be the

case if g 1s a teoorm ) , and
4
c(z,8,0) = ol ®z,0), w(E,2)) ,

"2,2) ﬂ( stn (4,20
o,

(t0)

ral,t.,

s nstebiog teble effect under.g ,
(D))

~fe

2 or (2,90
{2=1,..,7)
= rclation cffcct under g , (12)

. - 8(z,Q)

ood Q §s ardbitrery € 2o=(Q).

For zny confidcoce levels

4
A, dyun d) (13)
[

B-(Bpbyre) (1)
vith dk. ’@t ¢ [0,17 , s11 k,t , dcfine thbe orige
ina] hynethacis <ot as

10d, 4] & g, 00

k‘,‘_‘l"&‘g’x'th“x’}"“’

Then (ro.-‘i fixed), for say possibility distribu-
tion D%)l Z) &s a fuaction of Q over doz{Q) , Z over
doz(2)," yselds the szsllest sct

1@ ofhrzett, B 2 5L, 80, 26)

sioultaocovsly for sll poscible £ and @ , vben
D is cbosen

) -n@ll) - c(z,2,Q) ,

for all Z,i,Q . Ia turs, ¢ cnjoys & similar prop-
erty vith respecct to the projection 1-g(1-.)
applicd to Bo 2o0d D.

(17}

{For proofs, sce B0l , sectfon 10.) a

Tous, the ebove theorem cxhibits in 8 geocral
settfog tbe unifarmly oost sgcurate single® fuxzy
set description of Q, given Z ood g.

1

For details concerning the asymptotic consisteacy
of ¢ given fn eq.(9), sce [10), section 11.

C. 1OGICAL BASIS FOR (c)

The next theorem displays the concept of a conditic
al fuzzy set. In turn, Theorem S §s a3 fuzzy set an-
alogue of the classical probabilistic Bayes' theorc
Theorea 6 shows that the optimal estimator (f.e., t
un{fornly most accurate fuzzy ser description as
given {u Theorem 3) may be also considered to be a
fuzzy set Bayesian one.
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© fheorea 4 (Related to CooZzan 31,643.)
For say fuzzy subset C of X, XX, soA nsi=F,
the Xl projecuonc(l) of C into Sy is

q
@, o E’fpc (%)), (1)
fer say xlexl . Slaﬂarly,’ro.— c(z) v..—.t.xz .
For sny xJE XJ 5 J=,2, there exist fu::

sub. C, .

ubset (1 1 ,2) of Il apd fuzzy subset C(ZIxL)
of X, svch tbst

CRENEATL GRS

(uz) ¢
- ( x.
1};{4:0(2(‘5),(17%)( -9

(x,))

ir 7}’& 4s mcootone lncreasing io all of its
srguzents, then the conditionsl fuzzy scts
C(1lxz) °°dc(21x1) arc uniguely dcter:.in.cd.

9heoren § Fuzzy Bayes' Theorem (Goodzan {37}
Suppose that & fozzy subset B of Xy 15 given,
calling B the prior set, snd for cach xLexL,
therc is a fuzzy subset Cxl of & indexed

by x3€ » called the ;gnd“jm\n] data (on
paremeter)ssh. Tbep there is a fuzzy subset
D X | -

of ﬁx’a , such that D(l) B, n(alxl)

- C, ; for sll xxe & , aod such ibat

’

D(Ilrz) (a0dD) are deterzined f=plicitly
through cq.(19) in teras of B aod cxl;xle X-

{5 calfed the posterfor sct {con-

Plalx;)
ditioned on xz). -

This result bhes beea vsed to davelop &
theory of fuzzy sct senpliog . See Condcan
(33 for propertics of furzy posierior
sete for botb erall aod esymptotically
Jarge stoplese

Theorem 6. Posterior Form for Optimal Bsticstar
Juppove the sems cozditicss holds es in Tooorea 3o
Then a6 given 1n cq.(q) 15 ths posierfor
possibilistic distribution of Q given { cce[7])
Lhere the follovirg dentifications are mades
W(3,2) « poss(z] 2), (20)

R(z,Q) = yose(@] 2) , (1)

and the su..fﬁcze::cy coxdition

o -

poss{ (@12)] (z12)) = posslR1Z) » (1)
bolds for oll z,i,q ’ end‘;aost“rcftrl: to sry posel
bslsty function (coodirsoonl fors) cosstructed in
accordance vith Ste correspondicg varisvlcs, usizg
Dossibilistic Bayes Tbeorea (£73)- -

(Proof: Sizply vsc the rclstions

“sess(§h23 - ro= (3D

- g( poss({al 2) 1(z12)) , poss(z] 2)) n3)

&nd theo apply the projection operator to both
sfdes vith respect to variadle z.) -

The above results lead to the following procedure:

Procedure

Civen a collection of confidence statements
€ sbout, an~unkove parascter@ vith somc -
statemants CJ representing randon scts and
otbers representing fuzzy scts , coovert
the randoa sct statements to their corres~
pondiog fuzzy set forms resulting froa their
one poiat coversge probabilitics and then
apply Theorcn 3 or any of its extensions
discussed sbove. Alterostively, € , Dy ep-
propriate cboice fupctiops can be converted
to pure random act forms. Xn citber situation
obviocusly a chapge ia faformatico coatent
occurs.{An open research jssue Javolves the

seasurenent of this change.) .

H

3. GENERAL DIAGNOSTIC SYSTEMS
In this section we direct the procedure wentioned st
the end of the last section, wotivated by logical
bases (a), (b}, (c), to0 general diagnostic systems.
Essentially, this apounts to the breaking up of coo”
fidence statevents C, concerning parameter Q into
o groups: matching’tables W and inference rules
F.: as given in Theorem 3. 1n susmary, the rele-
vaot inforzstion ointioned above can be con-
vensently divided up {oto threc parts ¢
1. Observed data.
2. Prior koova distributiops of makhes
petveen observed snd true sttridbute
values,
3. Prior koovo relatioos betveep the
levels of ratching outcomes for suy
attribute or group of atiributes

[V




Ther, tose fuoction or statistic (4o the ex-
- tended cente to Soclude pocsibilitics ac vell
as probabilitics) of tbe relcwsot inforzation
-or of part of the Snfor=stion, such ac ooly
iavolving the first two categorics listed
above= 1s sought vbich vill cstizate the une

known parazeter Q.

L=t attrfbutes A , AZ""’ ‘n be o types of in-
p forzstina over vhlch o5served Oata Z can bc cate-
gorjzed. Thus ve write 1o partitioned fora
-

4
2 - 9

vaere is observed froo the domain of »
coa(A ), for kel,...,3. Jt 4¢ 2ssumad d A) 1s
knova. Ccrresponding jo Zy ve deoote as a varsadble
Zyany possible value %kcou.ld have taken ia dom(Ay);
similarly for Z.

Let Q denote the usknovn paraceter vector of doter-
cst. Dinote the estebing tadle (or by a simple
trugsfors, the crror éistribution) for sttribute A
by K . Typically, )& 45 evslozted as a puzber
betucen 0 and L =

' o sx(f,z) <1 )

Define symbolically to corzespood to the tth
fuzzy relatfon connecing 2oy Z with Q. Specific-

slly,

LI ‘;’g do:(Ak,) K dem() —3f0,3, @9

vhere 14 )& < k2 & <kht£ B represcots the col-

lection of atirfdutes fovolved fn the t'® relaticn
. Typically, 1s evalvated (clearly, as a ocme
bership fuoction) as & pusber between O and X ¢

0SR(ZQEL @n

vith somz sbuse of subscript notation, Fote that
formally M sod R, ere possfbility distributions
{or equivaizrtly,’fuzzy set cembersbip functions).

Ye pay thiok of M corresponding to the folloviog
1ingusstic descript{on 2

X (8 ,2,) = possidility that Z, is the true
x Zx value, vhea data ?Z,i

5 observed,
notisg both Z, aod € don(A,).
Sinilarly, ve way interpret
R:(Z,Q) « possibility tbst Z (through at-

tribvutes sensAy, ) and R are
related. ! yh’- @

Often relations R are in the fors of inference
rules cog:emlngt:he intensity or degree to vhich
1f a group of attributes match betveen potentisl
observed and true values, then a restriction holds o1
particular possibility distribution ({.e., fuzzy set
mecbership function way be assusmed,for the unknovn
paraneter. The exacple below concerning the applica-
tion to the correlation problem will clarify this.
Finally, utilize the cozputitions in Theorem 3 to
obtain the possibility distributfon (posterior) of Q
as given in eq.(9).

-

Correlstion Problem

As sp exzople of the sbove stateoents, cossider tbe
folloving four asttributes vbich are cozzosly Sovoly-
&d in fnforrationel inputs relative to tracking: Al-
clzss, Aye Irequsncy of signal at its source, A3 -
ship code, and A,‘ = geolocation vith conffdzgce’

c114psec. The natural Sozsins of /alues of
these atiributes arc typicslly: doa(Al) -(C‘,..,CJ,
each & 1abel for a category of ship ; doz(A,)=
joterval {0,M J , where M_ 1s sone suitably chosen
vaper bound (S0 bz.); Goaf{A;) = fpy,..,D} , each
teing » label for & modesof operation, noting thes
highly overlapoing flavor in gencral posscsscd by the
CH',S spd D *s, vbhere sooe could actuslly represent
cobeategorics vith respect, to otbers; dom(A, )~
{(P;xp) 1 p eny point in K%, E_ sy conﬂdcgcz cl-
1ipsefccotered at_p ; each E_ "has the same fixed
probability levc).} . Next, get 4 and § represcnt
tvo fixed track histories. Tbat is,esch lctter rep-
reseots a collection o data from possibly scveral =
differcot scosor snd intelligence sources vbich
15 2ssumed to correspond to,the sane (usuully us-
Yoown) target source. This data may be classifled
{nto the four typcs of attributcs mentioned above.
Yo eddition, it is essuscd that errar distridutioss
- or cquivalently, catching lavel 4ables- arc odb-
tafpable for esch of the types of cbserved date.
Fioally, it 4s assuzed that prior hnova relations
are available conpecting ths intensitfcs of matcbes
betveen any poseidble outcones of atiridbutc categor-
1zed dats betvecn 1 and § &nd consequeotial levels
of correlation betveen 1 and J. Usually, the letter
iz in the form of infercoce rules. Both matefling
tables e£nd inference ruvles zay be odbtained either
acclytically , using physics’end geowctrical con-
strafots, ar empiricelly, through the cstablishoent
of & paocl of experts. The term "3astribution” as
used ebove zay refer to classical prodskilistic ar
possibilistic/Tuzzy set definitions. (Sec(Jifor =
survey ond sumrary of possibilistic distributioos
204 properties.) Then, sosc statistic (in the geoer-
al sence) {5 sought vbich will estimste tke unknova
correlation lecvel betveen 4 and 3 , based upon the
aveiledle data, ratching tables, and infercnce rules

Consider Tirst a aset of confuseble track histories
£1,2,..,9) ,soy . Pick out any 4 ¢ § , ecod definc,
oaftticg the obvious subscript dependency,

Q 4 poss{ 4 zod § corrclate, 1.c., beloog
10 the sams target source), (20)




UNCLASSIFIED

Let all of the fuzzy rclstioos bere be of the form
of irferencc rvlzs. Fous, 1icguieticolly, a typical
Rs corresponds 1O the phrase

"If & eatch betueen § ool 3§ occurs relative to
attribute to inoteosity level el ecd, ...
apd Lxl xl o
a match betveen § and J occurs relstive to
attribute Ak._ to sotensity level dkn ’

- e

then & 20d 3 corrclste to {nteosity gfg&)',
boe L) is & puder betueea 0as0d 1l and & is
the vector of o %s ;40 geoersl, both of these
velues ere obtaiced {roz & pencl of experts.
The intepsitics of tbe atlribute csiches s oost
easily trapslsted by =aa expoocotiition process
applied to the appropriate attridute vatching
functions. A siwmple conversion table betveen tbe
degree of matching cxpressed 1icguistically or
fpitislly numcricelly on & scale from O (co mateh)
to 0.5 (pormal eatch) up to 1.0 {completc match),
alght be established by vse of the relution

(N Exa-m @0

for a1l x€©,1] , wbere ((x)) 45 to be used 25 an
cxpooent. Other translations of the intensities of
~atchbes are of course possitle and may bec nore
sppropriate, folloving espiricsl studins. (Future
vork vill coraider this prodlem. See also Dobois

aod Prade [97, pp. 256-266 for similar problems.)

sbove recarks, & ressoosble

Cozbining a1l of the
for iaference rule t is

posesbilistic nodel
5 (2,0) - Yo (), LHA M, 62

(3) ({y ))) e

c(z) & & n( (1, ) v’) (32

t (v1,.., ;}' 5'
RAER? ¢ l's(:,l-y) ; 8=% (326)

date vector Z { and siailarly for

up §nto the f-data and 3-

the appropriste superseript,
atiop still holding far the

Ia this case,
varfable Z) i3 brokeo
data, as Indicsted by
vith the previous not
attridute fndices.

pased oo three general results ((a),{v),( <)), the PACT
algoritha has been developed vhich treats the
ewltiple target correlatios prodlen , ipcluding

Jdata categorized as pongeolocational. rigure L.
evecinetly sumzarizes the structure of the algo-
rithn, vhich depends fuoctionally on the collection
of relevant infcrence rules chosen 88 vell as thet

attribute matching tablcs.

-

& cursary of tbe PACT algorithn is given belov 1o
Fig. 1 =

CORVERT ‘ALL DFORMATION 70_POSSIBILISTIC .-
FORM (JUSTIFICATION-SEE (a))
kd 5

— 1
SELECT PAXR (5,J) OF LYBRARY 3
TRACK BISiERI}S_m‘B ESTABLISEED
m 2 - (8(1),2(3) THROUGE PANEL OF
EXPERTS AND ARALA

R
SELECT APPROFRIATE YTIC PESULLS

FUZZY SET SYSTEM
1-(+), &,1-8(-))
0D Catl- R, , t=1,..,T

DETER? ',
PLETELY BY g)
ATTRORITE FATCE-
G TABLES

M, ¥1,..,n

COMPUTE AND STORE FOR ALL POSSIBLE VALUES
OF Z ARD FOR ANY FIXED VALUE OF Q€fo, 1}

{ R(z,Q) (:5.(122),(32))
#(2,2) (22.00)

¥
o(z,3.Q) (FR.(12))
pROJECT OUT THE 2'S AND OBTATH -
Hal?) (=9

1

REPEAT ABOVE PROCEDURE FOR EACE POSSIBLE
Q

l ESIRED, RECONVERT RESULTS TO PROB:

XF_DESIRED
ABILISTIC PORYM (JUSTIFICATION-SZE (a))

Fig. 1. Ovtline of the vaiic correlation
algoritha.

A nusber of problems bave arfsen in the {oplencota~
t4on of the PACT algorithms

(1) Hov sbould sttrfdutes be choseal Vhat eyst.o-
atic procedures erc svajladlc for deterniping {rom
avafledle experts sod other $nformatiopal sources
vbat arc the most fmportant end distfoct sttributes
to coosider. Nowvukowska's clustersng-like approach
(19} or elterostively a modified factor apsysis
approach might lead to satisfsctory cholcese.
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(11) Yo utilizing a psncl of experts, the vay
questions are forculsted s criticel. Consequently,
use of qucstiontaire and psychosctric tecboiques
to extract maxicsl uobisscd inforzatios is nccess-

ary.

(511) Perbaps the post critical problesm s the
actual deterzinstion of the inference rules. Even
vith a rclativcly fev attributcs uscd or a basis,
tbere arc myriad cozbinstions of poscidble fotensi-
tics of attributc catches leadfng to the correc-
ponding infereoce rvles, Thus, a metbod 1s needed
to geperatle inference rules vhich are relatively
distioct (too many redundaot-like rules vill ceuse
unpecessary cozputer running time vitbout edding
such foformstion conteot). Can a metric be designed
vbich dctermines the amount of "dfstioctoess betveen
rules? The aosver to these problems may vell lie
vithisa the purviev of Artificial Yotelligeoee tecu-
niques or rclated scarch tbeory procedurcs.

(4v) Complete flov charts for tbe PACT algoritha
ia $te geoeral fora have been nmede {2nd arc avail-
atle 0 interested resders upoa request). Prelimina-
ary puzerical runs {odicate a long xunoing progrem.
Copsequently,by utilizing the basic boundins prop-
erty of t-corms apd t-conorzms (see , c.g., 0101,
scction %) , an algorithm may be obtained vhich

25 sixpler in form than the original PACT algorithz
apd vbich yiclds ec outputs lover beunds to the
posterfor correlatfon dfstributicn.

4, MODELING NATURAL LANGUAGE DESCRIPTIONS IN FUZZY
SET NOTATION

As wentioned previously, one of the apparent assets
of the dlagnostic system established in the previous
section {s the ability to handle and fntegrate natur=
al language descriptions of an unknown parameter vith
nuzerical or statistical descriptions, due to the
conversion of all imput information into fuzzy set
forrm. The last statezent involves the assumption

that »11 relevant linguistic informatios can be con~
verted in some reasonable vay te fozzy set {omm,

Sowe exawples 4n uhich arguments can be estadlished
for the fuzzy set represcntation of sentences are:

1. x Is a large number,
2, y is wmuch larger than x,

3. “Uike is ouch taller than most of his close
friends” seems to be true,

4. The probability that this urn contains many
wore black balls than vhite £s not very high.

5. The, possibility tbat the ship's classification
4s of type C chen type A is observed is 0.4.

6. The probability that posfitfon x is correct
given position y 4s observed fs 0.6,

7. 1f tvo track histories (suitably updated to
2 cormon present time) are such that their
geolocations patch closely, fa a veighted
statistical sense and their classificatfons
only moderately overlap, then the possibilr
that they correlate is rxather lov.

See [9],(24),{15) for s number of other examples.

([9) 21so contains extensive references to the srea

of fuzzy logic and approximate reasoning.).In all of
the above exawmples, relatively primative attributes
way be obtained which can be buflt upon, by use of
appropriate fuzzy set operators, to yield back a
nodel of the original sentenece restructured in
complete fuzzy set form. Thus, sentence 1, probadbly
the simplest, is replaced by the structure 4>u(‘¥)c

or ) rod , for some varlnble(?ezftsentingfthe
conf{{dence level in the truth value of the sentence.
(Sce Theoren 3, eqs.(13)-(17) for justificatfon of

this approach, instead of the more common fuzzy set
approach outlined in (9) or [14).) Sentence 2 can be
described {n a fuzzy set context as@,{‘vbk)&.%))Zd,
vhere f1:(0,1) -» (0,1} &s some appropriate wapping
representing intensificatfon of an atrribute hy “very"
or "much wore”. Some candidates for this are §fz)~z?,
or §ifz)= zta, for some appropriately chosen constant a,
a >0. Analagous to the modeling of statistical var-
iables.¢,¢, as vell as ¢ u‘could be paraseterized
with, vhere required, t*ﬁ Televant parameters eval- .
vated through en estimation/empirical procedure.(Again,
see {9), especially sectfon4]for such techniques.)
Sentence 3 involves use of fuzzy cardinalities, since
“most" , a counting concept, is involved. A reasopr-

able model for it is given as follows:

‘1’) E(Pnoxf‘ (S {'ﬁ(%,.kh(%‘u_:(ﬂ-k,x»,
Seeen ¢ xf‘.‘ y

s
Gomy (4 (0tis0Rs /
« r’it,,,, e j)
(%, Hde)) 2d
2 B Frge 3
Tk
(33)

hemde

Sentence 4 is a mixture of probability and possibili-
ties. Sentence 5 15 an example of a matchinz titde
evaluation as discussed in the previous sections of
this paper, Similarly, sentence 7 is an exawple of
an inference rule avaluation. fSentence 6 is 2n ex-
ample of a linguistic description of a pure probabil-
istic statewent. Sywbolization of these last &4 sen
tences can be completely carried out, but for reasons
of brevity will not be displayed here. Note, in xe-
gard to sentence 6, all numerical or probabilistic
sentences may be put in linguistic form without los-
ing waaning, but,in general,require long synbolic
forws. In turm, the fuzzy set descriptions of these
“noo-pvecifnguisric " forms colncides with the orig-
{nal pathematical sywbolisa. In a sinilar manner,
synbolization may be extended to reflect tense, nood,
verbal relatdions and various semantical connectors,
by careful cousideration of the primative attributes
involved and pertinant varjables, such as tiwe,
type of muasurement, degree of Intensification
involved, etc. That language , linguistic descriptions,
syntax, and semantics are very difficult areas to
wodel from a comprehensive rizorous viewpoint, &
attested to by the many different cozpeting approaches
found in the literature since Chomsky's ground break-
ing vork. (See, e.g. (16),{17),(28}.) that is
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