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Ocopio TOV ATodEIEE®Y
oty Tolivounon Ewovov Thniemokonnong

YXTEAIOX I1. MEPTIKAX
Kabnynmg [HoAivteyveiov Kpnng

Hepilnyn

210 aplpo avtd mopovoraletar n «Bewpio twv amodeiewvy oty
taéivounon eikovov Thlemorxonnong. Kopiog atoyog eivai va g100-
xBobv o1 Arydtepeg dnuopiieic évvoieg twv covaptiioewy allomiotiog
oty taéivounon. H covaptnon aéiomotiag umopel va Oewpnlel w¢
Hio yevikevon g KAQOIKNG Evvolag e avvaptions mbavotnrog
koata Bayes mov mepilaufaver, ouwmg, évav tpomo alloloynong e
16Y00G WOG oTaTIOTIKNG VTOOEoNS PaoIlOuevnS o€ ATOOEIKTIKG. 0TO1-
xeta. Télog, mapovoidloviol entd, mopadelyiLoTa yio. THY KOTavonon
¢ «Bewpiog twv amodeilewvy.

1. EIXAT'QI'H

H to&wopunon eivar pébodog kupimg g morlvdidototng
Yrotiotikg (Duda and Hart, 19735Anderson, 1984HAwcock
and Thomas, 1995HCastleman, 1996) mov agopé otov dta-
KOPIOUO OVTIIKEWEVOV KOl TNV KATAYDPLON TOVG 68 dVo N
TePIGGOTEPEG OUGoES N TaEelc. [IpdTog otodY0g TG TAgIVOUN-
ong tvat 1 TepLypapn g “Slapoporoinong” TV avTIKELE-
vov. AedTEPOg 6TOYOG eivat 1) ETAOYT EVOG “Kavova” (KotaA-
Miov aAiyopiBuov), dote vo SloxmploTody To ovTIKEIpEVa
oe 600 1) TEPLEGOTEPEG OLOEDEIG TAEELC.

H to&wopnon g ynoukig suévag (Jensen, 19950
Richards, 1993HCongalton and Green, 19985Schowengerdt,
198381997) givon n Srodikasio aviiotoryiog § Tomodétnong
TOV TILOV QOTEWVOTNTOG TOV EIKOVOGTOLYEIMY O OLLASES TOV
OVTIOTOLYOVV G€ SLOPOPETIKG EMUPOVELOKA VAIKE 1) GUVOT|KEG,
Ko T omoia mapovctdlovv Ty ida popen, Tig idleg mepinov
WO10TNTEG. Xg HEAETN 0ELOAOYNONG TG TOLOTNTOG TOV VEPOU,
Yo Topadetypa, £va Tpmto Prpa Ba NTav va xpnotporon et
N Ta&voOUNoT TG EIKOVAG, MGTE VO OVOYVOPLGTOVV OAOL TO
glKOVOoTOLYElDL TG €KOVOG TOL OVTIGTOLYOVV GTO VEPOD.
Merténetta, n tagvounon pmopel va emkevipmbel oe Aento-
HEPESTEPN LEAETN TMV EIKOVOSTOLYEIMV OLTAOV, MGTE VoL yaop-
Toypapnbei 1 motdtnTeL TOV VEPOD, TOo PAbog Tov TVLOUEVE
K.0.K.

Ot teplocotepeg mapadoctakég péhodot tng Tasvounong,
Om®G TG HLEYIOTNG TOOVOPAVELNG, TNG EAAYLIOTNG OTOGTOOTG
YropinOnke: 17.2.1999 Eyive dexriy: 8.7.1999

k.. (Curran, 1985DCampbell, 19875Richards, 1993), amot-
tovv (1) 6l ta ooty eia va etvarl ymoeakd, (2) facilovtotl o
TOPAUETPIKG GTATIOTIKG LOVTELD, OTTMG TG KAVOVIKNG KOTO-
voung tov Gauss, Kot (3) etvot oyediacuéves va iy Lmopovv
va dayepilovrar dedopéva amd SPOPETIKES TYES 1 aKpi-
Beteg. Opmg oty mpa&n, moAld dedopévo eV 1KAVOTOLOVY
OAeg T mapamdveo cvuvonkes. H pobnpatiky «Bempia tov
amodeiemvy (Theory of Evidence) (Shafer, 19765Shafer and
Pearl, 1990%Yager et al., 1994) § «Ocwpio Tov Dempster-
Shafer» eivon éva medio, oto omoio ot myég dedopévav (m.y.
EIKOVEG, YOUPTES, TPOCOTIKY EKTIUNGT UNYAVIKOD K.AT.) - TTOV
avtpetoniloviol Eeywplotd Kot aveldptnto 1 pio amd Ty
AN - dev amortovvTon va gival oe ynoakn popen|. Emiong,
ot Bewplo oVTN TO CTATIOTIKO LOVIELO deV amolTeiTal Vo
akoAovBeitatl ovoTNPd oAAG va divel T SLVOTOTNTO VO OVTL-
petonicel kaveic dedopéva (TNyEg) TOMDVY, SLOPOPETIKMOY
OALG KOt pEYOA®V S100TACEDV.

H feopla tov omodeiewv ypnoonoleitar televtoio
GTNV TEYVNTI] VONHOGUVT, 0oL e T Bewpio TG padnpott-
KNG TOovOTNTAG TPOSTOOEL VO VAOTOUGEL TV DITOKELLEVIKN
Kkpion.

2. AZIOHIXTIA XTH XTATIXTIKH
YIIO®EXH

H ta&vounon pmopet va Oewpnbei po dtadikacio amet-
KOVIGNG 0O TOV YOPOo X TV dEG0UEVOV 1] TMOV TAPATIPNCEDV
GTOV YOPo ToV Taéemv  (oxnpa 1). Xy Tniemiokonnon o
1®pog X cvuviBwg exkppdletal and TV TOAPAGUATIKT KO-
VoL IOV €ivoit To cOVOAO TV yneidwv. Ta ototyeio Tov ydpov
Q elvar Odeg o1 emnrovpeveg TaEeLG TG £00PIKNG KAAVYNG
(m.y. €dapog, PAdoTnon, vepd K.AT.) oV o TPOoKLYOLV 0T
) Sdikacio g Ta&vounong.

"Eoto 6011 og pio ta&vounon eovag avoéveTol va mpo-
KOyouv 1écoepls thEelg A={ddcoc}, B={KolAiépyela},
C={vepa}, D={actikn mepoyn} (oyMua 2). To memepacpévo
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h(x)

2y 1: To&ivounon wg pio d1001kaoio 0melKovIong.
Figure 1: Classification as a mapping procedure.

oVVOLO OL®V AVTOV TOV TdEemv cupPoriletal pe Q={ddcoc,
KaAMEPYEL, VEPQ, aoTkd} Kol ovopdletot wlaioto diaxpi-
oewv (frame of discernment). To cuvoro avtd Bempeitor 6Tt
TEPLEXEL AVEEAPTNTO GTOLYELD KOl KOADTTTEL OAES TIG SUVOTEG
TAEEIG TOV EVOEYOVTAL VO TPOKVLWYOLV artd TV Ta&Ivounc).

Mepikd amodelktikd otoryeia (T.y. otoyein exmaidevong
Tov akyopifpov tovounong) pmopodv va mbficovv Tov
avaAvTn va dei€etl Kamolo Pabpd epumoTocHNg Yo TV VIo-
Bgom tov cuvorov {4, B}= {ddcog, kaAlépyewa} tov Q. H
véo avutn vrdbeorn aviotoyel oty vadbeon {4 M| B}=
{ddooc N kaAMépyela}. Emiong, éva v€o omodelkTikd GTot-
yelo pumopel va Pondnoet tov avaivt) va omokAeioet v
14En A={d4c0g} o Kamowo Padud.

Amodeiktikd ototyeia, mov dev emPefardvouy v TEN
A, 1oodvuvapovv pe emPefainon g vndbeong {oyxt 4} mov
avtotolyel otV amodoyn ¢ vedbeong {B M C 1\ D}. Amo-
dewktikd otolyeio, mov dgv emPefordvovv v TAEN A4,
KGvouv TovV ovaALT va V0BETAGEL Vol aVAAOYO TOGOGTO
EUMOTOGVUVING GTO GVUVOAO TV TPV tdewv {B 1 C M D}
OV OTOUEVOLV.

‘O)a ta Svvatd vrocvvola TV vrobécemv, Tov pmopsl
va Tpokdyovy and 1o mThaiclo dakpicewv Q, cupPorilovral
e 2. Te kdbe vwdPeo MOV TPOKVTTEL PTOpPEl KAVEIQ Vol
dmoel kdmolo Tocootd gpmiotocuvng (agtomiotiog). Xpnot-
pomotovpe €06 Tov 0po “vrdBeon” pe avth TN Stevpvpévn
£€vvola 1o, vo. SNADGOLLE 0TOL0ONTOTE VTOGVVOLO TMV OPYL-
KoV vobéoemv (ta&ewv) oto Q.

e éva cOVOAO 1 oTolyelmv Tov TAatsiov Q vdpyovv 2"
vmocvvora Q.. To kevo chvolro, U, eival kot onto £va amod
TOL VTOGVVOAD, GALG OVTIGTOLYXEL OTNV LITOBEST OTL £Vl YeL-
Mg kat dgv aivetat, Yo TapddeLya, 6To oL 2.

H Bempia tov anodei&emv ypnoonolel Evav aptbpod oto
dtaompa [0, 1] yua va dei&et tov Babuod epmiotocvvng (agto-
moTio) MG OTOTIOTIKNG bdbeomng, Oedopévav Kamolmv
OmOdEIKTIKOV ototyeimv. O aptBpdc avtdg etvar o fabuog pe
TOV 07010 TO ATOdEIKTIKG ototyeio emiBefatdvovy I amoppi-
TTOVV Lo, VIOOEST). ZNUEIDVETOL OTL OTOJEIKTIKG GTOLYELD TOL
dev emPefardvouv pia vdBeon), Bempohvtal G amOdEKTIKA
ototyeia (amodeifelg) yio v avtipatiky vdbeon (Ot 4).

Q={4, B, C, D}={Forest, Agriculture, Water, Urban}

{A,B,C} {B, C, D}
e RSP
{A, B} (B, D} {C,D}

A={Forest} B={Agriculture} C={Water} D~={Urban}

Zynua 2: Tocivéunon ue m Oewpio twv anodeilemv.
Figure 2: Possible classification from a four-element frame of dis-
cernment.

O cvvteleotiig Bapous (Babpog) TV amodeKTiKGV 6Tol-
xelov oe emPefoimon pog cvykekpipévng vmobeong €
OVTITPOCMTEVETAL OO Lot GUVAPTNOT TOL ovoudletat faai-
ki mbavotnro, katoywpione (basic probability assignment,
bpa). H Bacikn mbavotta eivat pa yevikeoon g mopado-
GlOKNG GLVAPTNONG TukvoTnTag ThavoTnTeG Kotd Bayes.
SouPoriCeton pe m kai opiletat oto ddomua [0, 1]. Avoeé-
pETaL 0€ KAOE VITOGVVOAO £2; 0O TOV YEVIKEVHEVO YDPO OA®V
v vroovvorev 22 H Bactky mBavomTa Katoydpiong
m(Q,) avtictoyel oe k4be sroryeio €; (singleton) tov mAoL-
clov Q éto1, dote OAeg ot TIES Tov m va. abpoilovtar 6T
povéada:

im(Qi):l 0Q,0Q (2.1

Emopévac, to m givar évag Pabuoc epmictocvvng (ato-
motiag) mov avaroyel oe kGHe cuvoro €; ToL GYApTOG 2
Kat Oyl povo og ekeiva T, cvuvola (otoryeia) g TerevTaiog
YPOUUNG, OTT®G eivol 1 TEPIMTMOON TG GLVAPTNONG TVKVOTN-
tag mhavomroc. EE opiopod to m=0 mpénet va avtictoyel
670 KevO obvoro, U, emedn to 6hVoro ovTd avTIcTOLYKEl OF
yevdn vdOeom.

H nocémta m(4), 6mov 10 A givar éva. oTotygio Tov 22,
elvat éva pétpo g alomiotiog mov oviieTol el 610 4 Kot
uévov oto A. To m(A) dev pmopel vo, vtodiapedel TepatTEp®
peta&y vmoovvormv tov 4. Emopévamg, dev mepiapPdvet
Tuquate g aglomotiog Tov TPocdidovTal GTo VTOGUVOLL
oV A. Oa NtV ENOUEVAOS PO Vo, oproTel pio TocdTnTaL
7oL va vtoAoyilel Tov 0Ako Pabpd aglomiotiog Tov GLVOAOL
A. H mocomta avt) Ba meptrapfdvet oyt povov v a&lomi-
otiot amoKAEIGTIKG Tov A oAAG Kot OA®V TOV VTOGLVOA®V
tov. H cuvéptnon avtm ovopdletal cuvaptnon a&lomotiog
(belief function).
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Av m(A) givar o Pabpog a&lomiotiog Tov avTIoTOl EL 6TO
VTooOVOAO A kot dev dwotifeton Kamola aglomotio Yo To
édAlo vroroimo vrosvvora Tov Q, tote m(Q)= 1 - m(4). H
nocotta m(Q) givol éva PETpo TG OMKNG 0E0TIoTIOG TOV
EVOTOUEVEL LETA TNV KATOVOWN TNG GTO S10(pOP0. VITOGHVOLNL
tov Q. AnAadn n vroiewmodpevn adomotia, 1 - m(A4), dev
avatifetol 6To GUUTANPOUOTIKO GVVOLO TOV 4, T0 AS, OIS
amotteitol 6tov ovpPatikd optopd g mBAvVOTNTAG KATA
Bayes, aALG og 0A0 TO Q.

YnUELDOVETAL OTL Ol GUVOPTNOELS 71 KOTEYOLV U1 UNdEVIKO
Babuo a&omiotiag (dnradn, m#0), poévov OTAV VIAPYOVV
OTTOOEIKTIKA GTOLYELD, EVD ATOKTOLY UNdeviko Padpd a&omt-
otiog, m(A4)=0, 6tov dev VLIAPYOVV ATOSEIKTIKG CTOLYEIL
(evidence).

Mopaderypa 1

‘Eoct® 611 vtdpyovv amodelkTikd cToyygio mov vo emife-
Boatdvouv pe Pabud a&romotiog 68% 10 yeyovog OTL KATO!
amd TG empavelokég kKohoyelg sivar gite 4={ddcog} eite
B={xoAMépyeln}, oAhd dev emPBefardvetor n emiloyn pLeTa-
&0 4 xar B. O vrolewodpevog fabuodg aglomotiog, 1 - 68%=
32%, avotifetor oto Q. Apa m({ddcoc} {kaAlépyeia})=
0,68 ka1 m({84c0g, KoAMépyeta, vepd, aotikd}) = m(Q) =
0,32 kot 1 Tiun tov m yo kK6Oe GAlo vrocHvoro Tov Q eivar 0.

Hapéaderypa 2

‘Eot® 611 amodeiktikd otoyyeio dtonyevdovy katd 73% to
yeyovog 6tL ) ynoida Ba mpénet va kataywpiobel oty téén
A={ddooc}. Tovto 1coduvapel pe emPePainon g KoToyod-
pong g yneidag oe omoadnmote TAEN TANV TG A pe
Babuo a&omotiag 73%. Apa m({vepd, KaAMEpyeld, OOTL-
kG})= 73% wor = m(Q) = 27% , evd M TY TNG CLVAPTNONG
m Yo Kafe dAro vrocvuvoro Tov Q givar 0.

Hopaoderypo 3

Y7obBéote OTL dgv LILAPYOLY ATOSEIKTIKG GTOLYEIN TOV VOl
TPOGODOCOVV KATO10 a&lomIoTiO KOTO TNV KOTOYMPLoN MG
ynoeidag otig Taéelg {ddoog, kaAlMépyela, vepd, aotikd}. H
Baocum mbavotnto Kataydpiong avietoyel m(Q)=1 kot 0
o€ omolodnmote vmocvvoro tov Q. H cvvéptnon aflomi-
OTI0G, TOL TPOKVMTEL GE QTN TNV TEPIMTMON, OvopdleToL
kevr ouvaptnon aglomotiog (vacuous belief function).

Katé ) fempia mbavotitov tov Bayes Oa ywvotav wpo-
ondbetn va avtimpoconevdel avti n “dyvown” pe to 25% oe
k@B povoovvoro tov Q (m.y. P({ddcoc})=25%), yopic va
VIAPYEL OWONTOTE TANPOPOPia. (ATOSEIKTIKA GTOLYElR) Yo
T0 yeyovog avtd. Apa m avabeon tov 25% oe kabe povoov-
volo tov Q Ba onpove emmAéov mAnpopopia mov Oa Enpene
va glyov mopdoyetl To amodelktikd otowyeio. To omoio O
dev etvor aAnféc.

H ovvaptnon aliomotiag (belief function) evog cuvorov
A elvar 10 GBpowopa OA@v TV Pabumdv aflomiotiog mov
npocdidovral o kK&be vTocvvoro 4; Tov 4 (dnradf 4; O A4).
YopPorileton pe Bel(4). I'a to ovvoro {4, B, C}, yio mapd-
detypo, n ovvaptnon olomiotiog eivot:

Bel({4,B,C}) =m({4,B,C})+

+m({4,B}) +m({4,C}) +m({B,C})+
+m({4}) +m({B})+m({C})

2.2)

Apa Bel(4) eivan éva pétpo Tov oAkov Pabuov alomt-
otiog Tov 4 Kot 6yt Tov Babpov a&omotiag, m(4), Tov Tpoc-
didovpe amokAeloTikd 610 VTOcHVOAO A. H cuvdptnon atio-
motiog Yo T0 oAMK6 cOvoro Q, dniadn 1 Bel(Q), 1codtar,
QVOIKE, [E TN povada, emedn Bel(Q) eivat to dBpoiopa tov
TV ToV M(L2;) Yo KGOE vrochvolro €; Tov Q. To dBpoiopio
avtd Oa mpémet va woovtan pe 1 (e€iomon 1) and Tov opiopd
g Bootkng ThavotnTog Kataydplong.

Enopéveg, o pabuos alromotiog (support, belief
measure), oL dgiyvovpe oTNV KoTay®PoN TG WNneidag x
otV taén 4 N Kol 6€ OMONTOTE VIOGVVOLO A; avTig,
gtvat:

Bel(4) = ;m(A,-) (2.3)

Av 10 chvoro A4 eivar o Kevd chvoro, tote Bel(Ll)= 0,
EVO Y10, 6A0 T0 cvvoro Q &yovue Bel(Q)= 1. Opilovue edmd
tov Badud a&lomotiog avti g mbavotTag, enedn ot fabd-
pot a&lomiotiog dev akolovBolv Tig W1OTNTEG TG KAAGIKNG
Bswplog v mOavoTHTOV.

To mheovéktnua ¢ ypnong g Bempiag tov anodeitemv
oe oyéon pe 1 Bewpia ToV TOAVOTATOV Elval 1 IKOVOTITO
va ekepalet Kavelg Tov Babud g dyvolag katd v Ta&vo-
pnon. Aniadn o Pabuog spmiotoohvig, mov delyvovpe yio
TNV KaTo®pLon TG ynoeidog X oty taén 4, dev 1600ToL [LE
TNV VTOAEWTOLEVT] TG LOVADOG EUMIGTOGVVN TIoL Ba TPoGdi-
S0LE OTO GUUTANPOUATIKO GUVOLO TOL A (Oyt TaEN A). Qg ek
TOVTOV 1oYVEL 1] GYEON:

Bel(A) + Bel(A°)= Bel(4) + Bel(= A)<l (2.4)

H nocotta Bel(—A4) exopdletl to 6pto péypt 1o omoio ta
amodelkTikd atoyeio otnpilovv v avrtipaon tov 4 (dnio-
o 10-4). Enopéveg, to 1-Bel(=A4) elvar to 6po péypt 1o
omoio 10, amodEIKTIKG oTowyElon dgv emitpémovy TAEOV va
AUPBAAAEL KAVEIG TNV KOTOXOPION TS WNeidag X ot Taén
A. H mocémta avtn, 1— Bel(=A4), etvar o fabuog evloyopa-
verog (plausibility) g mpotiunong oty Katoy®pon e
Ynoeidag X yo v TN 4 Kot 1600TaL LE:

PI(4) = 1-Bel(=4) (2.5)
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AnAodn To €OA0YO TPOKDOTTEL, EMELDN 1) KOTUXDPIOT| GTNV
Té&n A dev pmopel va dtoyevchel kot emopévog etvar mhavn
Kot evdoyn. Aomotio g Kataydpiong empeitar o edayi-
otog Babuog epmotocivng (Katm 6pto g mhavoTnTag) Tov
TPOKVTTEL OO TO ATOSEIKTIKG GTOLYEID MG TPOG TNV TPOTi-
UNON NG GLYKEKPIUEVNG KATOXMDPIONG TG YNeidag X otV
14&n 4. Eved gvhoyopdveia givar o uéyrorog Babpog epmoto-
ovVNG TV amodeibemv (vo 6plo g TOOVOTNTAS ) G TPOG
v Tpotiunon g tagvounong e ynoeidag X oty taén 4.

H mBavomra katd tnv onoia 1 ynoida X dev kataympi-
Cetan oOte ot T6EN 4 0ALG 00TE KOl GTO GUUIANPOUY TNG
A€ (hodi, oy 4, ) = A) Beopeiton o1t sivan o fabudc e
ayvoiag.

To Sonuo peta&h Tov HETPOL TNG ELAOYOPAVELNS KOt
a&lomortiag [Bel(4), P1(4)] ovopdletan didotnuo aéiomoriog
(evidential interval, belief interval) tng koataydpiong ynei-
dog x oty téén 4.

Hapdocrypa 4

BempnoTe OTL POl EIKOVA OTOTEAEITAL OO [0l PAGHLOTIKY|
C{ovn xataypaeng. Katd mv ta&vounon g ot ynoeideg mpé-
TEL Vo KaToyoptoBodv oe Tpelg Ko povov tpels taeig: A=
{daoucég extdoeig}, B={aypotikéc} kar D={aotég}. Oew-
pnote, emiong, 01l glval katd kémolo TpOTO YvmoTd OTL Ot
Baoikéc mBavotnteg Kataydplong TV TaEemv eivat m(A4)=
33%, m(B)= 27% ko m(D)=14%. Ynobéote, 6pmG, OTL €lpa-
ote aféfatot yo T Sadikacion KoToydPong TV yneidmv
OTIG TPELS TOPUTAVE® TAEEIS 1] OKOUN KOL Yo TNV TOLOTITA
TV dedOUEVOVY £TOL, MGTE Vo (NTOVLLE VO TPOGIMGOVLE EVal
eninedo a&omotiog m(AUBLD)=87% katd v tavopnon
pog ynoeidog o omotadnmote taln. Apa 1 afefotdtnTa
Kotoymplong v yneidov oe théelg stvan 1 - 87%=13%,
7P’ OAO OV EILAOTE GlyoLPOL Y1 TIG TPONYOVUEVEG POcicég
mhavoTTeg Kataydpiong tov taéewv m(d)= 33%, m(B)=
27% ko m(D)=14%.

Xpnoylomoldvtag Tovg cupfolcpovg g Bempiag tov
amodei&ewv (Shafer, 1976), ov cvvapticelg aomictiog,
EVAOYOQAVELNG KO TO, SLOCTHHOTO a&LOTIOTIOG Y10 KOTOXWPi-
o€l yneidag x oty 10N 4, B xau D givat:
Bel(4)=0,33 PI(4)=1-0,27-0,14=0,59 PI(4) - Bel(4) =0,26
Bel(B)=0,27 PI(B)=1-033-0,14=0,53 PI(B)-Bel(B)=0,26
Bel(D)=0,14 PI(D)=1-0,33-0,27=0,40 PI(D)-Bel(D)=0,26

2.6)

Hopaderypo 5

Bewpnote £va GALO TAPASELYLLO, TO OTOI0 AVOPEPETAL GE
tagwounon ynoeidog oe téocepig 1a&eis: (1) A(daowkm), (2)
B(aypotikny), (3) D (actikn) ko (4) eite otv A(daoikn) gite
omv B(aypotikn)). Aniady omv tétaptn téén Exovpe v
nemoibnon 6t n yneida avikel o pio omd T dvo TAEELS,
elte otV A(aypotikn) ite oty B (daoikn), aArd dev yvopi-

Covpe og mowa amd T1g dvo. Ymobéote 6t 1 aflomiotion KaTd
v katayoplon otig tagelg A={daowmn}, B={aypotikn},
(4 OB)={bacunUaypotwkn} kot D={actikn} didetor:
m(A)=0,33

m(B)=10,27

m(A0OB)=0,05

m(D) =0,14

SOUEOVO [LE T TOPOTAV®, EVO EILACTE TPOETOYLOCILEVOL
vo avtiototyicovpe mocootd adlomotiog m(4)=33% o10
yeyovog 6tL 1 yneida avikel atny téén A={dacwkn} Kot &vo
noc0ootd m(B)=27% o10 Yeyovog OTL avikel oty Ta&n
B={aypotikn}, elpoocte TOLTOYPOVO TPOETOLUAGUEVOL VL
avtiototyicovpe évo emmiéov mocootd m(ALB)=5% oto
yeyovog 0Tl umopei n yneida vo avikel og pio omd Tig dvo
avtéc 1aéelg (A0B) - xmpic va yvopilovpe mola - Kot Oyl 6TIG
VTLOLOLTEG.

H a&omotio g katayopiong oy taén A={dackn}
eivar 33%. Evd 1 gvAoyo@dvelo, cOLpoOva e TNV omoio M
1a&n A={dacwn} eivar n opBog emAeyuévn Taén yoo TV
ynmoida, wodtor pe ™ povada peiov tn cuvaptnon aglomt-
otiog Yo TG avTipaTikeéS Katoympioels (tov eivatl 1 aypott-
K1), 1 AOTIKN KOl 1] LEWKTH TAEN). Apa, KOTA TNV KOTOY®DPIOoN
ynoeidag oy T6EN A(aypoTikn) oyvEL:

Bel(4) =m(A4)=33%
Pl(4)=1-Bel(=4) =1-27% —14% — 5% = 54%
PI(A4)-Bel(A4) =(54-33)% =21%

2.7)

(2.8)

H cvvaptnon a&lomiotiog g Kataydpiong yneidog ot
pewtn taén (A0B) elva:

Bel(AOB) = m(A)+m(B)+m(A0B)

=33% +27% + 5% = 65% (2.9)

Aniadn n cuvaptnon aélomotiog eivatl To aBpoilopa TV
TOGOOTAV TOV ANMOJEIEEMV TOV AVTIGTOLOVY GTNV TAEN avTn)
KOl GTO VITOGVVOLA TNG.

3. LZYNAYAXMOZX AITOAEIZEQN

H Bempia tov amodeiewv pag enttpénet va cuvoVAGOLLE
TOL OPYIKA TOGOGTE 0EIOTIGTIOG TTOV TPOEPYOVTOL OO JLAPO-
peTikég TNyéG amodeifewv (m.y. 6edopévav) Kot va Tpocdio-
picovpe TV TGEN eKElvn IOV €ivol TO KOOV OIT0dEKTN Yol
v Kotoyopton yneidag. H dwadikacio avt mpaypatomot-
eltan pe tov kavova Tov opboydviov abpoicpotog (orthogo-
nal sum) tov Dempster (Yager et al., 1994). O kavovag avtdg
QVTIOTOLYEL OTN CLVEVOGT TOV OTOOEIKTIKAOV GTOLYEIY TOV
Tpoépyovtal and dtapopeTikég mnyés. Lo va ioydet o kavovag,
T0 oToyEln mpémet va efvar PETAED TOVG GTATIOTIKA OGVOYE-
TIOTA.
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m(A) r’d
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- of measure m(A) m(B)

m

2ynue 3: Yroloyiouol tov fabuod aliomotios twv tolivouncewy
e Tov kavova. tov Dempster:

Figure 3: Geometric representation of Dempsters rule of combi-
nation.

‘Eoto Bel; xau Bel,, xou m; xoi m, 600 cvvapthioeig
a&lomoTiog kat ot avtictolyeg Puctkég TOAVOTNTEG KOTOoY®D-
plong og éva mAaicto dwukpicemv Q. O kovovog Tov Demp-
ster vroloyilet pia véa Pactkn TOavOTNTO KATAXDPIONG, M
omoio cvpBoliCeton pe myOm,, Kot avTMPOCOREDEL TOV GUV-
VOO TOV EMSPUCEDY TOV 711y Ko 11,. H avticToyn cvvap-
mon ofomiotiag Bel;[0Bel, vmohoyiletor amid amd ta
my0m, kot cOUeoVa e Tov 0pIoUd TNG GLVAPTNONG aLoTL-
otiag.

O kavdvag gtvor o KoTovontog, 0tov mapactadel ypo-
QIKdG. Av Oewprjcovpe 0Tt o cOVOra Ay, ..., 4;, ..., A}, TOV
petpodvar omd ™ Pacikn ToavoTTo Kataydpiong m(4,),
..., m(4;) Baciopévn oV TPOTN TYN GLOSEKTIKOV GTOL-
xelov, tote ot apBuoi ovtol AVTICTOOVV GE TUNHO LLOG
YPOUUNG, TO UAKOG TNG omoiag exteivetat amd 0 puéypt 1 (BAE-
me oynpa 3).

INao ™ devTepn TNyN omOdEKTIKOY cTotXElwV ot aplBpol
™mg Paciknig mhavomnrag Kataydpiong my(B), ...,
m2(Bj),. .., My(B)) propodyv, eniong, va aviiotorodv o€ Tun-
potae pog GAANG ypappns mov cuvévaldpevn pe v mpon-
yobuevn oynuotilet éva tetpbymvo. Oswpnote 0Tt T0 TETPh-
Y®OVO VT AVTITPOSOREVEL TNV OMKN péla G mbavotnTog
amod TG OV0 TNYEG AmOdEKTIKMV ototyeimv. H topn tov dbo
ropidov £xer uétpo m (Ai)mz(Bj) Kot gtvor | mbavdtTa Tov
KaToywpeitar otV Toun Tov 4; N Bj.

Av afpoicovpe Ao T yvopeva ml(Ai)mz(Bj), omov 4;
Ko Bj givor OAa To VITOGVLVOAL, TOV TAaGiov Q, TO amoTéAE-
oua Tpémet va gival 1, cOUPovA Le TOV 0pIGUO TG BOCIKNG
mOAVOTNTOG KOTUXDPLONG:

> m(A)m,(B) = m(4)y m(B)=1x1=1  (3.1)

H Baoum mbavomta kataydpiong, Tov avTioTolyel 6Tov
GLVOVOCUO M KOl 1,, KOTAvEUEL TOV aplOud 1, v olkn

T Agriculture, Water, Urban r Q —

0 0.72 0.28 1

° > m,

fe—

0.55X0.72=0.40 0.55X0.28=0.15

Forest
Agriculture
0.55

0 —
0.45

0.45X0.72=0.32 0.45X0.28=0.13

T

-«

ny

2ynuo 4: Yroloyiouol tov fabuod oliomotiog ue tov kovove too
Dempster.
Figure 4: Computations of belief based on Dempster’s rule.

TocoTNTA a&OMoTIOG, LETAED TOV VTOGLVOAWMY TOL L, 0Vo-
Bétovtag ml(Al-)mz(Bj) GTNV TOMY TOL A; Kot B/ Apa, v
KkG0e vrocvvoro C tov Q, 0 kavovag Dempster opilet o
mOmy(C) wg 10 Gbpoiocua TV Yvopévmv Tov THTOoV
m I(Al.)mz(B_]-) ywo. A0 TO. VTOGUVOAQ, TOV OTOI®V 1 TOUN
gtvar C=4; n Bj.
MMopaderypa 6
‘Ecto 61t amodsiktikd otoryeior ompilovv xatd 60%
(=m,) v emroyn g taéng G={ddco0c, KoAMEpyela), eVod
Kémoto, GAka otoygia emiBefordvovy katd 70% (=m,) v
emAoy H={kaAMépyeta, vepd, aotikd}. O telxdc Pabpog
a&lomotiog, Tov kataloyiletal and TIg LETPNOELS AVTEG, Opi-
Cetar oto mUm,(C). o vroroyioTikovg Adyovg Do mpemet
Vo KOTooKeLooTel £vag Tivakag T TOUNG TV GUVOA®V UE
TIG OVTIGTOXEG TULEG 71| KOLL 1115 GTIG YPOLUES KOLL GTIG GTNAEG.
Moévo ot pn pnOEVIKEG TULEG TOV 11y KoL 112, EEETALOVTOL PO
av m,(G) kavn m,(H) etvor 0, ot T0 Yvouevo m (G)m,(H)
dtver 0 oto mOmy(C), 6mov C eivon n topn Tov cuvormv G
kot H. H tym tov myOmy(C)= mOm,({8dc0c, xaAiép-
vela}) vrrohoyiletat abpoilovtag Oda ta yvopeva (oynpo 4).
1o oynpa 4 éva vrocvvoro eppaviletot pia poévo eopd
Ko emopévag to mydm, vroloyileton evkoda:
m, O m, {kaAA1épyela} = 40%
m, 0 m,{8a00¢, kKOAAIEPYELa} =15%
m, O m, {KAAAIEPYELD, vepd, aoTikd = 32%
m, Om,{Q}=13%

Inueidote 61t N Pactk THAVOTNTO KOTOYDPIONG TOL
cvvdvacpoy m;m, ikavomotel Tov opiopd tov, dnrady:

Zmlez(C)=1, we C=(4nB)0Q kat Y m Om(0)=0
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Ene1dn to opboymvio dOpoiopa Bel,OBel, eivar apretd
TOAOTTAOKO, 010eTOL LOVO €V TTOPASELYLLOL:

Bel, ® Bel, {ddc0¢, kaAlépyeia} =

m, ® m, {ddcoc, kahhépyeta} +

m, ® m,{ddcoc} +m, ® m,{koAMEpyeELO) =
=0,15+0+0,40=0,55=55%

Katd ovvénewa, av vrdpyovv dvo Pacikés mbavotnreg
KOToydplong, mov dnpovpyodvral omd 600 aveEapTnteg evo-
mreg ynoeidwv 1 dAAov dedopévev, tdte 1 cuvdvacuévn (n
amd KowvoD) Bacucr] mboavoTnta Kataydpiong nyUm, yio v
t4&n C vroroyileton and Tov kavovae tov Dempster (Yager et
al., 1994):

Z m(A4,)m,(B,) Z m (A4, )m,(B,)

AB;=C 4,08, =C

1-x T1- Z m(A)m,(B,)

4,0B;=0

m 0 m,(C) =~

(3.2)

omov o teleotig U ovopdaletar opboydvio abporoua. Topa-
TNPNOTE OTL OTNV MAPUTAVED CYECT) EYOVLLE OLOPECEL e EVOV
mapovopaot (1—Kk) mov avtiotoryel 6to vo e&avayKaoTel To
G0potopa my Om,(0) va wéper tnv Tiun 0 (Aemtopépeieg otov
Yager et al., 1994). Xpnoylonoudvtag to opboymvio abpot-
ol pumopodue va mpocdiopicovpe Ty aflomiotio Kol v
gvhoyopavela e ) Bempia tov onodeitewv. o va epappo-
otel 1 Bewpio TV amodeibewv oty TaSvounon TG EKOVAG,
0o Tpémet va akoAovOnBovv ta e&ng Prinata

1. KaBopiletar n ovvaptmon mukvomtog f(X) yuo kabe
M X. Kébe poaouatiky {dvn (Kovait) g eikovog Oempei-
Tt 6Tt amotelel TNV ave&dptnn Ko EgmploTy YN amodei-
Eewv. Xg auTh TNV TEPIMTMON, TO POCUATIKO KOVAAL ¢ TOV 8-
bit g eKoOVOG ExEL 1IOTOYPAULLE TTOV dIvETOL A T GUVAPTN-
on mokvotnrag: f,(x) x0{0,1,2,3,...,255}

2. IIpocdopiletar n cLVEPTNOT TOL TOGOGTOV TMV ATO-
deitewv (o&lomotio) yoo TV KATAXDPLON EKOVOCTOLXEiOV
otV TaEN Qj U {4, B, C, ...} ot0 kvl g: mq(Ql), mq(Q2),
m q(Q3),. ..

3. Zuvdvalovtat ot Baotkég mOavOTNTES KOTUXMDPLOTS Yo
KGOe KovaAL g TNG EKOVOG (PNOLLOTOLDOVTOS TNV GYECT] TOL
Dempster (3.2). H ntopandve oxéon ypnoytomoteitol dado-
KA TPocHETOVTOG Vo KOVAAL TG €1KOVAG GE KATO0 (A0
KGBe popd, péEypig 6TOV GLVOVAGTOVY OAES Ot Pacikég mbo-
VOTNTEG KATAYDPLONG 0O OAQ T KOVAALD TNG EKOVOG.

4. TIpocdopiletan to TeEMKO ddotTnuo a&lomioTiog TG
KATAYDPIoNG EIKOVOOSTOLYEIOL GTNY KAOE TAEN Qj={ {4}, {B},

{C}, ...}
Hapddcrypa 7

To mopddetypo mov axorovbel ypnoonoteitar yio va
deiket tov Tpdmo pe tov onoio voAoyilovron Ta Prjnata 3 Kot

4 mapamdve. Osmpnote | 1kOva ToL dtafétel dVo Kavalia
kataypaens (¢ =1, 2), To omoia Bempovvtar OtTL gival ove-
Eapmta to éva amd To GALO. XNV TPAYLATIKOTNTO, 1] GLV-
ONKN avt) g oTaTIoTIKNG aveEuptnoiog dev 1oyveL oxedovV
movBevd otig ynoelakés sikoves. EEetaleton Opme mopakdto.
O1 Baowkég mboavoTTEG Kortomdpilong m (cuvaptioelg mba-
VOTNTOG) TPOCIOPIGTNKAY OO TN GTATIOTIKY AVAALGT TOV
gwovootoyelov g ewdvag oc:

Iivaxog 1: O mbavotnteg kataywpions talewv o€ pia g1kova.
Table 1: The classification probability in an image.

IMOavotTnTo EREGVIENS TAEEMV 6TV EIKGVOL

Aooin Aypotikn Nepd Aot

(Forest) (Agriculture) (Water) (Urban)
1]0.2 0,3 0,3 0,1
210,1 0,3 0,4 0,0

Amd Tov mivaxa 1 TpokdRTEL OTL TO TOCOGTA TMOV UMOdEL-
EemV m TNG KOTOXDPLONG ELVOL EVOEIKTIKAL:

m,(4)=0,2
m,(B)=03
: 3.3
m,(C) =04 G-
m,(D) = 0,0

OOV Ol JEIKTEC AVAPEPOVTOAL GTOL PUCUATIKG KOVAALDL TNG
ewoédvog. o tov vroroyopd tov opBoydviov abpoicpatog
myOm, (), omov ={dac1kn, aypotikn, vepd, aotikn }={F,
A, W, U}, ypnowomoteitot o mivakag 2.

Av vmpye kot Tpito eoopatikd kavdir (“omodetikn”
nyn dedopévav), tote Bempovpe 0 Tapandveo opboydvio
GOpowopo m;Um,(L,), 6mov Q={dac1Kn, aypotikn, vepd,
actikf}={F, A, W, U} @g é&va véo m; 1 m, kot epappolovue
10 My akpiPmg pe Tov 1310 TpOTo OnmG Kol £Y1VE TAPATAVE.
To opBoydvio dBpotopa propel, emiong, va exkppactel akye-
Bpkmg, dote vo pmopel vo evoopatwdel oe TpoypappoTe
AOYIGLUKOD Y10, TNV €QUPLOYT TOV HeBddwV TG Bewpiog TV
amodeifev Kot avaAvong TOAAUTADV TNY®V SedOUEVOV
(Tessem, 1993).

Av dtatiBevtot meprocdtepeg and 600 mnyég dedopévmv
gldvag, TOTE 1 oEPA EPapuoyng Tov opboymwviov abpoicpo-
T0G Ogv ennpedlel To TeMKd omotélecpa. AnAadr| yio TEPLo-
ootepeg and dvo mnyég dedopévav o opboydvio dbpotoua
(e&iowon 11) umopei vo epappootel Srodoykd, emeldn 1
oxéon ot etval kou mpooetoupiotiky (associative) (umopei
va €poplooTel Yo omotodnmote (EVYApL TNYDOV KOl KOTOTLY
o€ o Tpitn nyn 1 10o0dVVALO VO EPUPHOCTEL O SLOPOPETL-
k0 Cevydpt ko og o Tpitn wnyn), kabodg Ko aviiuetabetixn
(commutative) (n owdtaén, katd tnv omoia dlepeuvVMdVTOL
(e&etdlovtar) ot mnyég TV dedopévav, dev arddlel To amo-
TELECLLOL).



Teyv. Xpov. Emot. ‘Exd. TEE, 1, te0y. 2 2000 Tech. Chron. Sci. J. TCG, I, No 2

79

Iivoxog 2: Yroloyiouoi tov fabuod aliomatiog kar 0A0YOPAVEINS TV TACIVOURGEDY TV OTOLYEIWOY ULOG EIKOVAS [E OVO Kavalio. ue T uéBodo

WV amoosilewy.
Table 2: Computations of belief and plausibility.

Kavam 1

F (=0,2) A (=0,3) W (=0,3) U (=0,1) Q(=0,1)
Kavair 2
F(=0,1) | F(=0,02) @ (=0,03) @ (=0,03) @ (=0,01) F (=0,01)
A (=0,3) & (=0,00) A (=0,09) & (=0,09) & (=0,03) A (=0,03)
W (=0,4) | I (=0,08) < (=0,12) W (=0,12) & (=0,04) W (=0,04)
U(=0,0) | @(=0,000 @ (=0,00) @ (=0,00) U(=0,00) U (=0,00)
U(=0,2) | F(=0,04) A (=0,06) W (=0,06) U (=0,02) Q (=0,02)

Dm(GYymy(H Y m(Gym(H)  D2om(GYm(H) 2 m(G)ym(H) Y m(G)my(H)
=0,07 =0,18 =0,22 =0,02 =0,02
1= > m(G)m,(H)
GNH=0

=1-0,49=0,51
m, @ m, 0,07/0,51= 0,18/0,51= 0,22/0,51= 0,02/0,51= 0,02/0,51=

=0,14 =0,35 =0,43 =0,04 =0,04
Bel, o, | 0.14 035 0,43 0,04 1
Pl 0,18 0,39 0,47 0,08 1

H ypnon mg Beswpilog tov anodeitewv anatei ot myéc EYXAPIZTIEX

TOV 0ed0UEVOV VO, Eivol HeTaED TOVG OTOTIOTIKG ove&dptn-
1e¢. H ouvOKn vt kavomoleital [l TO va XP1GLLOTON-
covpe teYVIKEG amoovayétions (decorrelation) Twv dedoué-
vov, 0Tmg ival 11 aviivon kopiov cvovictocdv (Richards,
1993).

4. XYMIIEPAXMATA

A@ob epoppoctel 10 opboydvio GBpOIoHA, O OVOAVTNG
umopel va. vmoAroyioet tov PBabuo afomotiog (beleif) ot
gvhoyooavelag (plausibility) yio ka0s ymoeido ce ke Taén
€daPKNG KaAvyme. T v teMKn Kataydpion TV EKovo-
otoyelmv TG eKOVOG O€ TAEELS TG €0QPIKNG KAALYNG M
amogacn propetl va Aneoei, apov ypnopuonombel To kpin-
po g péytomg oélomiotiag (Lee, Richards and Swain,
1987) f ¢ wéylomg evioyopdvelog (Srinivasan and
Richards, 1990) 1 kot To 600 (Peddle, 1995). H amdépacn
umopel va BewpnBel 01t epmepiéyet kbmoto Pobud Srokvdv-
VELOTNG, TAVTO.

To mheovéxtua g Bewpiog Tov amodeiEemv oe oyéon
pe ™ cvuPotikn TaEvOUNoT TG EIKOVAG EIVOL OTL EMLTPETEL
TN xpNon SSOUEVOV amd SLOPOPETIKES TNYES Kol S10POPETL-
KoL TOmoV Ko akpifetag pe peydieg dtacTdoels, Vo TaVTO-
XPOVO amoPELYOVTAL avatnpoil optopoil mlavotntev. Ia
TOPASELY L, GE EPUPLOYES OOV Ol LOVO OTAUTOVVTOL TOAL-
PUOUATIKEG EKOVEG OAAG Kot Ogpatikol cuopPatikoi xapteg,
TPOCHOTIKEG EKTIUNGELG OO EVOV EG0POAOYIKD YAPTN, TOTE M
Bempia TV amodeibemv pmopei va ypnoipomomei kdAiota,
pe v mpodmdheomn OTL LITopPovV Vo VTTOAOYIGTOUY 0L GUVApP-
TAGELG KOTOVOLMV TV TAEE®V TG ed0QIKNG KEALYTG.

Evyopiotd wbuitepa tovg 300 Kpitég yo o 06TOY GYOALLL
Kot TIg mopotnpnoelg tovg. O ayyhkog 6pog pixel (picture
element) amoddOnke oto EAANVIKA ©C "elkovooTotyeio” aAld
Kot oG "yneida", coppova pe T VITodei&elg tov Kptdv. Ot
gAnvikot avtol pot ypnoipomoovvtot eVOALGE, cupfadifo-

VTOG LE TIG ATOYELS KOl TV 000 KPLTAOV.
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Extended summary

The Theory of Evidence
in Remote Sensing Image Classification

STELIOS P. MERTIKAS
Professor, Technical University of Crete

Abstract

This article introduces the mathematical Theory of Evidence in
classifying Remote Sensing images. Its main intent is to introduce
the less familiar concepts of belief functions in image classification.
The belief function can be considered as a generalisation of the
classical Bayes probability function that includes, however, a way to
assess the strength of evidence. To illustrate the Theory of Evidence
seven examples are given.

1. INTRODUCTION

Classification is, in general, an area of multivariate stati-
stics (Duda and Hart, 1973; Anderson, 1984; Awcock and
Thomas, 1995; Castleman, 1996) that deals with grouping a
set of items by assigning them to several similar classes. The
first goal of a classification procedure is to describe the
degree of similarity or disjointness of the items under con-
sideration. The second goal is to select a proper rule (algo-
rithm) so that the items are separated into groups of similar
properties.

Classification of a digital image (Jensen, 1995; Richards,
1993; Congalton and Green, 1998; Schowengerdt, 1983;
1997) is a procedure of converting image pixels with similar
properties, structure etc., into similar descriptive labels that
correspond to different surface materials or conditions. In the
evaluation study of water quality of a remote-sensing image,
for example, the first step of image classification would
include identification of all pixels that correspond to water.
Then further steps of classification would include a detailed
description of the water pixels and a pixel labeling into other
subgroups designating water quality, depth, amount of
suspended particles, etc.

Most traditional methods of image classification, such as
minimum distance, maximum likelihood, maximum a poste-
riori, etc. (Curran, 1985; Campbell, 1987; Richards, 1993),
require that the data are digital and assume parametric stati-
stical models, such as the Gaussian distribution. These methods

are not designed to handle data from different sources or of
Submitted: Feb. 17, 1999 Accepted: July 8, 1999

varying accuracy and they cannot cope with non-numerical
data. In practice, the data usually do not obey the conditions
imposed by traditional methods that classify pixels via crisp
rules. The mathematical Theory of Evidence by Dempster
and Shafer (Shafer, 1976; 1996; Shafer and Pearl, 1990;
Yager et al., 1994) is a scientific field that can deal with
statistically independent sources, which may not give digital
data (e.g., photographs, geological maps, engineer’s judge-
ment, etc.). It does not require the specification of a complete
probabilistic model that relates the set of class hypotheses
and can handle data of high dimension. In the following, we
briefly discuss the problems encountered in remote sensing
image analysis and review methods available for classifi-
cation.

The Problems

In remote sensing applications, there often exist multiple
data that can be used, including multispectral data from dif-
ferent sources, thematic maps, spatial databases, elevation
data, etc. These data may be in point or area specific form
and can be numerical (pixel values) or nominal (maps of
labels) in nature. With the advent of sensor and computer
technology, there exists an increasing demand for combining
information from heterogeneous sources in order to exploit
knowledge as much as possible and derive accurate analysis
systems for remote sensing data (Lee et al., 1987). The com-
bined analysis of data sources referring to different spatial
representations (pixel, line, or area) becomes difficult, requi-
ring human expert interaction for some form of registration
of the various spatial systems. In this paper we are concerned
with information sources defined on the same coordinate
system deriving data in pixel-specific form. Therefore, the
major issue under consideration becomes the joint analysis
and classification of pixels from heterogeneous sources of
information, with particular emphasis on handling uncertainty
in the nature of data (numerical or nominal) and in the
accuracy of data (noise, blurring, etc.).
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Multichannel data encode information from different fre-
quency bands at each spatial location (pixel). These data can
be presented in a pixel-specific vector form and analyzed
jointly via multidimensional statistical methods. Such me-
thods rely upon multivariate distribution functions that can be
inferred from the data. For non-numerical data, however,
such a consideration through classical approaches is not
suitable.

Initial approaches to the study of heterogeneous pieces of
information considered sources independently and focused
on the combination of results. In Strahler and Bryant (1978),
the elevation data are used to define elevation regions of
interest and, subsequently, multispectral data are classified
within each elevation range separately. Hutchinson (1982)
uses information from other sources only to resolve ambigui-
ties created in the classification of spectral data.

These approaches do not exploit to the maximum degree
the amount of correlation existent in the multi-sensor data. To
handle such information accurately, we need rigorous ap-
proaches for the joint consideration of evidence from multi-
ple sources, for each single pixel. Towards this direction, the
notion of the global membership function as an extension to
the joint probability function, its relation to evidential cal-
culus and their applications in remote sensing are presented
in Lee et al. (1987). We continue with an overview of the the-
ory of evidence and examine its application in the classifi-
cation of remote sensing data.

Classification Approaches

The information employed in classification regards
aspects of pixel or region similarity. Deterministic techniques
rely on spatial similarity expressed by distances of measure-
ment vectors. The classical Bayesian theory deals with the
stochastic nature of data/measurements based on specific
models of distribution and on the Bayesian logic for hypo-
thesis testing. Modern approaches alleviate assumptions
regarding precise distribution models, which are only
approximations of reality. Neural approaches cope with
unknown nonlinear models underlying the distribution of the
data, but they still implement the Bayesian logic in classifi-
cation. The Theory of Evidence expresses the degree of igno-
rance in the classification problem, based on approximate
reasoning. It considers crisp sets, but introduces uncertainty
in the decision making process (logic) by considering proba-
bility intervals with lower and upper bounds rather than
explicit probability values. The Fuzzy Set theory expresses
uncertainty in the definition of the sets or classes and, thus, it
necessarily handles uncertainty in its reasoning logic.

The Theory of Evidence provides the means of dealing
with data uncertainty in complex mixed data sets (numerical

or nominal information) with reasonable cost, thus providing
the ability to analyze data sets of high dimension. The Theo-
ry of Evidence has recently been used in artificial intelligence
to provide a way of deriving subjective judgment in a more
natural way than the probability theory (Shafer, 1996). In
essence, the probability assignment describes the frequency
of observation of a pattern in a set, whereas the belief func-
tion in the theory of evidence reflects the degree to which a
pattern resembles the characteristics of this set.

In this paper we present the fundamental issues of the the-
ory of evidence and trace its application in the classification
of remote sensing images. In Section 2 we discuss the con-
cept of the belief function as opposed to the probability func-
tion in the context of statistical hypothesis testing. The
advantages of the belief function over the probability func-
tion are elucidated through several examples. Section 3
provides the basis for combining evidence from different
sources through Dempster’s rule of combination. The deci-
sion-making logic according to the theory of evidence is pre-
sented and discussed through classification examples. Sec-
tion 4 concludes the paper by summarizing the potential and
the advantages of the theory of evidence in remote sensing
data analysis.

2. BELIEF FUNCTIONS IN STATISTICAL
HYPOTHESES

Classification could be considered as a mapping from the
space of data X onto the space of (feature) classes Q (fig. 1).
In Remote Sensing the space of data X is commonly
expressed by the multispectral image which is the set of all
vector-valued image pixels. A feature vector h(x) is assigned
to each element x of X. The space Q spans the entire feature
space and is composed of a set of mutually exclusive and
exhaustive (i.e. cover the entire space) classes of interest. In
our consideration, the elements of Q represent the land cover
material (i.e., soil, vegetation, surface water etc.). The classi-
fication process assigns (labels) each image pixel to one
class, by testing the corresponding hypotheses about these
classes based on the evidence provided by the data. In most
realistic cases, however, this evidence is not enough to di-
stinguish among the different classes, implying uncertainty in
the hypothesis testing and imposing the need for testing com-
binations of hypotheses.

The set of all possible subsets of the frame of discernment
Q is denoted by 22 and defines the complete set of hypothe-
ses about the classification problem. Here we use the term
“hypothesis” in that generalized context to declare any subset
of the initial hypotheses in Q.

Consider, for example, a classification scheme of four
classes, i.e., A={Forest}, B={Agriculture}, C={Water},
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D={Urban}, as in fig. 2. The finite set of all possible classes
is denoted by Q ={Forest, Agriculture, Water, Urban} and is
commonly called the frame of discernment. Figure 2 presents
the frame of discernment Q and its subsets. For a frame of n
elements, there exist 2" subsets Q.. The empty set, [, is also
one of the subsets, but corresponds to a hypothesis that is
false and is not shown in figure 2.

The theory of evidence attempts to quantify the natural
process of subjective judgement. It is important, therefore, to
characterize the positive or negative influence that evidence
creates towards one hypothesis. Some evidence (e.g., data)
may support a certain hypothesis and convince the analyst to
place some degree of belief in the choice of , say, a two-ele-
ment subset of Q, such as the class {4, B}= {Forest, Agri-
culture}. Alternatively, some new evidence may lead to
exclude the class 4={Forest}, to some degree, from further
consideration.

Evidence that does not support class 4 is equivalent to the
negation of the hypothesis for the class A ={Forest}. In this
case, the support leans on the choice of {NOT 4 }, which
obviously corresponds to the choice of the hypothesis {B OR
C OR D}. Evidence that does not approve class 4, convince
the analyst to adopt a degree of belief in the subset of the
remaining classes {B OR C OR D}.

The mathematical Theory of Evidence does not assume
hard definitions of probability because the stochastic distri-
butions of classes and the precise probability assignments in
Q are unknown. It rather assigns lower and upper bounds to
the distributions and, in addition, expresses the degree of
ignorance in the classification. The Theory of Evidence uses
a number in the interval [0, 1] to indicate the strength (or
degree) of belief assigned to a hypothesis given a piece of
evidence. This number is the degree to which the evidence
supports the specific hypothesis. Evidence against a hypo-
thesis 4 is regarded as evidence for the negation (NOT A) of
the hypothesis.

3. DISCUSSION AND CONCLUDING
REMARKS

Instead of producing a thematic map of classification
showing the various land cover types, the Theory of Evi-
dence allows the construction of a map showing each class
and at the same time depicting the distribution of belief in
classification (or plausibility). This is always useful in prac-
tice, where there are doubts in assigning a certain pixel to a
class.

The main advantage of the Theory of Evidence versus
conventional image classification approaches is that it allows
the use of data, or pieces of evidence, from different hetero-
geneous sources, in diverse forms (numerical and/or nomi-
nal). Compared with the classical Bayesian theory, the theo-
ry of evidence is distinguished by its ability to express the
degree of ignorance in a classification process. Moreover, the
theory of evidence handles problems under uncertainty and
provides a means of deriving, as well as exploiting subjective
judgement. As opposed to the probability theory, it does not
assume specific definitions of probability. Thus, the theory of
evidence alleviates restrictive assumptions regarding specific
distribution models and precise probability assignments,
which are unknown in practice. Therefore, the theory of evi-
dence renders the reasoning process robust to model
uncertainties, as well as noise disturbances. As opposed to
the fuzzy set theory, the theory of evidence considers crisp
sets, but incorporates approximate reasoning in its logic to
express uncertainty and possibility in the classification of a
measurement to a set. Thus, the theory of evidence deals with
uncertainty in the classification process itself rather than in
the definition of classes. It provides a powerful means of
dealing with data uncertainty in complex mixed data sets at a
reasonable cost, thus providing the ability to analyze data sets
of high dimension.

In summary, the Theory of Evidence does not examine
the probability of belonging in terms of how often (in the
universe of discourse of images) the pixel x truly belongs to
the class 4, but the possibility of belonging in terms of how
similar the characteristics of the pixel x are to those of the
class 4. It provides a natural way of examining similarity and
uses approximate reasoning to model subjective judgement
in grouping pixels together. The major characteristics of the
theory of evidence that make it useful in the classification of
remote sensing data are the following:

e Enables subjective judgement that relates to the natural
way of operation of the human expert.

e Can deal with data from different sources and can handle
different forms of data (numerical or nominal) with dif-
ferent natural properties.

e Does not require fitting of specific distribution models to
the data and does not force the data to obey strict assump-
tions.

® Does not require precise specification of probability
assignments for each measurement value.

e Provides robustness in the classification process and can
handle noise corrupt or blurred images.
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