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AWy eipron TaPAKTIOV VOPOPOPEMYV
ILE YPN O TEYVNITAOV VEVPOVIKOV IKTVOV

XPIXTINA KAPAMITEPIAOY

IMoMtikdc Mnyavikog, Yr.Ap AII®

Tepilnyn

H vpoiuvpion amotedei onuavtikd mpofinue twv mapaxtiwv vdpo-
QOPEWV UE ETUMTWOELS OTNV TOIOTNTO, TWV VOGTWV DOPEVONS KAl
dpdevong. Xty mopodoa epyacio Vo, TEYVHTO VEDPWVIKO OIKTDO
IOA0YI(EL TOV GVVOLIKG OYKO DPGIUVPOD VEPOD, TOD OVTAEITOL OO
YOI G TOPBKTIO DOPOPOPé. TS Avatodiknc Moxedoviag.
Ipokeitar yio. teqvnTo VEVPOVIKO OIKTVO OVAIPACHS UE VEVPDVES
EL6OO00D TTOD AVTIGTOLYOVV OTIC TOPOYES AVIANONS TV TNYAIIWDV KOl
&vay veupavo. eC000v Tov aviiaroyel oty ovvoliki mapoyl Golao-
ovoD VEPOD, TOV OVTAETaL Om0 owTa. 110 TNV EKTAIOEVOT] TOV XPNOL-
HOTOLOVVTOL OTOTEAETUOTO, OPIOUNTIKHG TPOGOUOIWONS THS PONG UE
0 (00 TWV 0PLAKMDY GTOLYEIWY.

H ovoyétion twv tiucdv, mov ekTiid, 10 vevpwviko JIKTO, UE OVTES
oL VTOAOYIOVTAL ATTO TOV KWOIKO. OPIOKMDV GTOLYEIWY, evioppiver
TNV TEPOLTEP® OLEPEDVNOTN KO ETEKTACN THS EPOPUOYHS UE TNV EKTOL-
0EVON KL TOV EAEYYO TOD VEDPWVIKOD OIKTOOV UE OEOOUEVA UETPHOE-
wv mediov. Eva koldd exmoidevuévo diktvo, Adyw e anAdtyrag e
EQPOPUOYIS TOV -KOODS JEV OTOITEL ATO TOV YPHOTH ECEIOIKEDUEVES
YVOOEIS TAV® TTO POIVOUEVO TOV TPAYUATEDETAL- UTOPEL VO. OTOOEL-
xOei yprioio epyaleio atov touén TS SIOYEIPIONS DOATIKOV TOPWV
0€ EMITEDO AEKAVNS OTOPPOTG.

1. EIZXATQT'H

To teyvntd vevpwvuwed odiktva (artificial neural
networks-ANN) TpoGopoIdVOVY [LE ATAOTOUEVO TPOTO
T Aettovpyia tov avBpdmvov gykepdiov. Xtnpilovrot
oTNV 1060 OTL OPICUEVEG YOPOUKTINPIOTIKEG WOOTNTEG TOV
Bloloyik®v veupmdvev pmopodv vo aropovobodv Kot va
xpNoonomBodv yo ) dNUovpyic VO OTAOTOUUEVOL
«EYKEPAAOLY OV UIUEITOL KATOIEG IKOVOTNTEG TOV OVTi-
GTOLYOV AVOPAOTIVOL, 131AITEPA TNV AVAYVAOPLOT TPOTOHTOV
KO T1) GUVELPUIKT] AOYIKT].

Me 1o vevpmvikd diktoo dev emyelpeitan pobnpatiKn
TPOGOUOImOT TV eEETALOUEVOV QUIVOUEVOVY, AALG E0ryw-
Y1 TOGOTIKOV GUUTEPUCHATOV Y10, GUYKEKPLUEVA dEdOUEVAL,
pe Baon avaroyesg mepumrtmoels. Enopévmg to veupwvikd di-
KTuO €ivor 10104Tepa YPNGLILO OTAV: 0) 1 LOONHOTIK TPOGO-
YroprqbOnke: 12.5.2008  Eywve dextij: 18.9.2008

MAPI'APITHX BAOEIAAHX

Avarmk. Kabnyntig AII®

KQNXTANTINOX
KATZI®PAPAKHX

Kafnynmgc AII®

poimon Tov PLGIKoV TPoPANATOC dev gival duvatn 1 eival
Wioitepo ToAOTAOKN Kot ) 6TAV SV £YOVV TPOCIIOPICTEL pLE
EMOPKT akpifelo amapaitnTeg TAPAPETPOL (TT.Y. 1 VOPAVAIKN
AYOYLLOTNTO EVOG VIPOPOPED).

AOY® ™G TpoavapepHeicag KAVOTNTAG TOVG Yo OVO-
YVOPION TPOTOT®V, OAAG KOl YlO. OVOTOPOUY®OYT] GEPDV
OedOUEVOV TTOL APOPOLY KOBUPH GTOYOCTIKA (QOIVOLEVA,
TOL VELPAOVIKA SIKTLO £XOVV XPTCYLOTOMOEL EMTVYDG, 1010G
amo TIG apyEs g dekaetiag Tov 1990, og didpopovg Topelg
g vOpoAoYiag OTwS N TPOPAewn Bpoyortdoemv [1][2] [3],
1 o0VOESN KoL OVAAVGT) YPOVOCELPDY VIPOLOYIK®DV SESOE-
vov [4], 1 Tpocopoinon g oyéong BPoyodnT®oNG-amoppo-
16 [S][6][71[8][9] xar n mpoPreyn g xeapPIKNG TopOYAg
[TO][11][12][13].

Akoun to vevpmvikd oiktoa €yovv ypnoiLomonel
oe Oépoto modtntag voatikdv mopwov [14] [15] [16],
Aertovpyiog tapuevtnpov [17], violoyiopol T®V Tapopé-
Tpov vépoopinv [18] kat TpoPreync ¢ otdBung tovg
[19]]20], mpoPreyng g Kivnong puT®V G€ VTOYELL VEPQ
[21][22], BeAlticTtomoinong NG Olaxeipiong VIPOPOPEDV
[23][24] ..

Ymv mopovca epyocio dlepevvaTol 1 duvatdTnTa
evOg TEXVNTOL VELPOVIKOD OtkTOOL avadpaong (back-
propagation feedforward neural network) va mpocdiopicet
TNV TOGOTNTA VOAALVPOL VEPOV OV OVTIAEITAL GE TOPQ-
KT10 VOPOPOPEN, YPNCYLOTOLDOVTOG OG OTOLXELR E1GOO0L TIG
TOPOYES YEMTPTCEMV.

Qg dedopéva o TNy eKmaidogvon tov diktHov XpPNot-
pomofnKay amoteAéouato HLabMnUoTiKod HOVTEAOD, TOL
TPOCOUOIDVEL TNV Kivnon tov BoAaccivod vepold GTov
vOpoPopEn Kol EMAVETOL aplOunTKd pe tn pébodo Tmv
oplaK®V ototyeiov. OvclooTiKodg 6TdY0G Elval 1) dlepevvn-
o1 NG WKAVOTNTOG EVOG VEVPOVIKOD S1KTOOV VoL TPOPAEWEL
TOV KivOUVO VQAAUDPIONG G TOPAKTIO VIPOPOPEN, TOL
omoiov M okpPfg pobnuoTikn Tpocopoiwon dgv ival
ekt (m.y. AOY® avopoloyévelng, vmopéng pnypudtov M
KOPOTIKAOV POVOUEVOV).
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2.IEPIOXH MEAETHZX-KQAIKAX
MNPOXOMOIQXHX

H gpappoyn Tov veupovikol S1KTOOL TPayoTOTomon-
ke ot Aekavn EAevBepdv Kafdrag, n omoio avikel oty
vdporoyikn Aekdvn IMvaroywpiov Tov voatiKoy dapepicpo-
10¢ Avatokng Maxedoviag. T ) pedétn tov gavopévou
™G VEUARVPLong emAéyOnkay 21 yeotprioelg (10 epguvnti-
k&g Kot 11 apdevtikéc), TV omoimVv Ol aTOGTACELS Umd TNV
aKtq etvor yvootég pe akpifeta [25].

Avti yuo dedopéva, LETPGEDY, YPNCILOTOWBNKAY Omo-
Tehéopata aplBUNTIKNG ETAVONG HOG KIGOOVVOUNGY 01014~
oTOING PONG e TN péEBodO TV oplakdv ctoyygioy. H pédo-
d0g avt mapovotdlet Ta akdAoVOa TAgoVEKTALOTO: O) Agv
amottel Katookevn kavapov 6to medio pong, oALG Boacileton
o€ S10KPITOToiNoN T®V 0pi®V ToL Kot VIToAoYilel amevbeiog
TG KGOETEG TAYVTNTEG GTA OPLOL VT

‘Etor mpokbdntel dpeca n mapoyr Baiacoivod vepoo,
mov glopéel otov vopoopéa B) H emppor tng moapoyng
Kk@0e yedtpnong Aopfavetar v’ oy pe axpifeta (o¢ pe-
LOVOUEVO pOopTio, ONANdT YOPIg KOTAVOUT TNG 68 KATOL0
ototyeio kavdfov) katy) O VTOAOYICUOG TOV TAYVTNTOV GE
€0MTEPIKA oNpeia Tov Tediov pong givat amiog, ondte cuv-
dvaletor amoteleopatikd pe tn pEBOSO TOV KIVOLUEVEOV
onpeiov, ool ypnoLoTolEiTal Yio TV TapaKolovnon
g Kivnong tov giopéovtog BaAdooiov vepol Tpog Tig ye-
WTPYCELS.

Zynua 1: diaxpitoroinon twv opiwv tov vépopopéo.

T v epappoyn ToL KOJIKO 0pLaK®V GTOLYEI®V TO Oplo
TOL VOPOPOPEN amlomomBnKe Kot dlakpitonomdnke o 57
gvBVYpapa oplakd ototyeio pkovg S00m to kabéva, OTmg
eatveTon 6to oynuo 1.

Kaé0Oe koppoc tomobetnfnke oto péGOV TOL avTicTOLOV
oplakov atotyeiov. I'a tovg mapdrtiovg kdpPoug (koo 1
¢mg 20) 1oyvel oplakr cuvBnKkn oTabepol Ppoptiov, Evd Yo
TOVG LITOLOLTOVG Bepeital oplakr] GUVONKN YVOGTNAG Tapo-
NG, M omoia gival undevikn yo 660vg kOpPoug Ppickovtat
o€ 0d1UmEPATO OPLO.

3. TO TEXNHTO NEYPQNIKO AIKTYO

3.1 I'evika

Onwg avaeépbnke, évo 1exyNTd veEupmVIKo dikTvo &ival
évag ahyopBpog Tov pupeitat tov Tpomo encEepyaciog TA-
POQOPIAOV 0md TOV avOpOTIVO eyKEPAAO0. AmoteAeitan and
TIG povadeg emegepynoiog 1 VELPAOVEG Kot TIG LETAED TOVG
ovvdéoels. OL VELPAOVES, TOL GTO GYNLO 2 TAPLGTAVOVTOL LE
KOKAOVG, gival Kotd Kovove datayuévol o€ 3 TovAdyloTov
otpopata. Eva otpopa 166600, HEcm TOL 0noiov E1GAY0-
vtat To. 6edopéva, Evo 1| TEPLOGOTEPD. EVOLAUETH CTPDLOTO
(mov amoxaAovvTal Kol KPLeA), Kot £va otpdpe e£660v,
10 omoio divel ta amotelécpota. Ot cuvdéoels peta&d T@v
VELPAOVAV, TOV TOPLOTAVOVTOL LE EVOVYPOLIL TUNHOTO GTO
oYL 2, CLVOOEVOVTOL OTO GUVTEAEGTEG, TOV OTOKOUAOVVTOL
Bapn kat deiyvouy v £vtaom g EidpAcS Tov avaver (g
TPOG TN PON NG TANPOPOPING) VeEvpdVE GTov Katavtn. Ta
KPUQE CTPOUOTO ELGAYOLV UN-YPOLLUKOTITO OTT| S1adIKAGT-
0, VTTOAOYIGHOV TG ££080V TOV SIKTVOV.

Zynua 2: Teyvnto Nevpawviko Aikroo

Ta tpie PaciKd YOPUKTNPIOTIKE €VOG TEXVNTOL VEL-
pOVIKOV dKTHOL givar 1 apyitektoviky tov (architecture),
dMAadn 0 TPOTOG S10GVLVOESTG TV VELPOVAV, O AAYOPIBLLOG
ekpadnong (learning algorithm), n pébodog dniadn mov axo-
AovBeitan yio v Tpocsapproyn Tov Papovg kibe cuvdeong
o710 e&etalOpeVo TPOPAN O KOl 1] GUVAPTNOT| EVEPYOTOINGTG
(activation function), pe tnv omoio vroloyileton 1 €0dog
KG0e vevpdva yio dedopévo dBpoicpa £1600mV (Kot pumopet
Vo givot S10popETIKT Yo KGOg eminedo) [26].

TNo éva vevpovikd diktvo pe Eva Kpueod enimedo (OTmg
OVTO TOL YPNCILOTOWONKE GTO TAPOV TPOPANLA), 1) YEVIKN
e&lomon mov divel v ££060 ToL dIKTVLOVL Eiva:

y=h Zwﬁ(ﬁwﬁgJ

o6mov, y 1 €£0d0¢ tov diktvov, k 0 aplBpdc TV KpLEGV

3.1)
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VELPAOVAV, N 0 aPBUOS TOV ELGOSMV, W, ol Bapn mov cvv-
O€0VV TOVG VELPAOVEG €1GO00V LE TOVG KPLPOVG VEVPMVEG,
W, ta Bapn mov cLVOEOLV TOVG KPVPOVG VELPAOVEG WE TNV
£€odo, Q, ta otoiyeio e106d0v, kar h;, h) o1 cuvapticelg
EVEPYOTOINGTG Y10 TO KPUPO EMINMESO Kat TO enimedo €660V,
OVTIGTOLY WG,

H ocvvéptnon evepyonoinong mpémet var £xel OPIGUEVEC
LAONUOTIKEG 1010TNTES, OTMG GLVEYELD Kot opoAdtnTa. H
emioyn g e€optdtor and T QLON TOV JESOUEVMV KoL
v vrotebeioa katavopn tTov petafintov e&o6dov. ‘Etot,
Yy €va KAOOIKO TPOPANUO YPOUUIKAG TOAVOPOUN oS, M
GLVAPTNGON EVEPYOTOINOTNG EIVAL TOVTOTIKT], OVTMG DGTE ATO
mv e&icwon (3.1) va mpokdrtel pio ypoppiKy oxéon g
£E0d0v y pe Tig £10600vg Q.. e cvvletdtepa TpofAnpata
YPNOLOTOLEITAL TTOAD GUYVE 1] GLYHOELDNG CLVAPTNGT 1 OVL-
vaptnon vaepPoAKnG EQATTOUEVNG. TNV TopoDCa EPYOCIO
YPNOLOTOIEITAL GIYLOEONG GLUVAPTNOT EVEPYOTOINGTG GTO
KPUQO MIMEDO (Y100 VOL ELCOYAYEL T UN-YPOLLKOTNTA), Kot
YPOUUIKT cLVAPTNOT 6T0 enimedo e£6d0v (Yo vo SMGEL TO
NTodpEVO OMOTELESHLO TTAPOYTG).

3.2 O aryoprOpog Quickprop

H ocvvnfng popen vevpaovikdv Siktdmv, Tov ¥p1oiuo-
moteiton ota TpoPAnpata vdpoAoyiog, ival ta dikTva pe
avadpaon (back-propagation). I'a. tv mpocappoyn tov
Bapovg TV GUVIEGEMV XPNCILOTOLOVY TNV TUAIKT HEB0dO
exmaidevong pe emifieyn. Aivovtar dnAadh o610 diKTLO
oelpég dedopévav (gicodol) kot To avtiototyo emBountd
OTOTELEGLOTO, TO, OTTOI0, CVYKPIVOVTOL [LE TO ATOTEAEGLLO-
ta (e£660vg) mov mapdyst to diktvo. To vmoAoylopevo
OQOALO YXPTOULOTOLEITOL YO TNV OVOTPOGUPUOYN TMV
Bapdv ot cvvdicelg TV vevpmvav. Kptrfplo emituyiog
NG TPOGEYYIoNG 68 KABe KOKAO ekmaidevong omoteAel 1O
péco teTpoyvikd opaipo (€. 3.2), dmov d® to divvoua
emBopntov e€6dwv kot yP 1o didvuopo tov e£0dwV TOL
SKTVOV.

e %pz‘l"d(p) _ym"z

O Khoo1KOG ahyOpOpog avadpacng VITOAOYILEL TV TPO-
N LEPIKT] TOPAY®DYO TOV GUVOAMKOD GOPAALOTOC OG TPOG TO
avtiotoo Papoc, dNAadT TNV KA NG EMPAVELNG COAA-
HLOTOG, Y10L TNV EACYLOTOTOINGT| TOL ONOlOV XPNGLUOTOLEL TN
péBodo g mo andtoung kabodov (steepest descent). H pé-
0000¢ VTN £)xEL KATO0VG TEPLOPLGHOVGS, TOV OPEIAOVTOL GTO
OTL YPNOIUOTOLEL TOTIKT TANpOQOpia LOVO, Y1’ aVTd PTopEl
Vo 00N YNGEL 68 PeYAAOVG XPOVOLS EKTOIOELONG.

TlNo v emtdyovon g dwdikaciog otov aAyoplpo
Quickprop mpotiunfnke N mpocéyyion tov Fahlman [27],
TOV EMTPEMEL PEYOAVTEPQ Pripata Kot ypnoLomotel v e&i-
owon (3.3) yio tov vroloyopd g peTafoArng Tov Papovg,
oTNV omoia A‘”Wij N wpaypatiky petofoir Bapovg, ST n

(3.2)

UEPIKN TAPAYWOYOS TNG CLUVAPTNONG CPAALATOC MO TPOG TO
Bapog W, Ko St 1 mponyovpevn LePIKN TAPAYWYOG.

Kw, = (3.3)

s

To mdoeg oepég dedopévmv Ba ypnoionombovy oty
EKTaidEVON €VOG VELPOVIKOD OKTVOL, €fapTdTol amd
@Von tov e€etaldpevon TPOPANUATOS KOt TV OPYLTEKTOVIKN
TOL S1KTVOL (0 OTOLTOVUEVOS 0PLBROG avEdvet e To TAN00g
TOV GUVOEGEWDV).

3.3 E@appoyn otov mopdktio vopopopia

Tt peAétn Tov PaVOUEVOL TG VOUALDPIONG GTOV
e&etalopevo vopopopia emhéyBnKe Eva diKTLO OVASPOOTG
7o eptAapPavet 21 vevpdveg €10650v, 0 kabévag and Tovg
0TO10VG AVTIGTOLYEL GTNV TAPOYN AVTANGCNG HLOG YEDTPNONG,
&va KpLEO GTPAOUA Kot TO oTpdpa €£660V OV amoTeAEiTOL
amd €vav veupdva, 0 omoiog divel T cuvolikn mapoyn Bo-
Maootvod vepod Q 6tov vdpopopéa. To mANbog TOV KpLPMY
vevpdvav kabopictnke pe dokipéc. H ovvoeon petald tov
oTpoOUATOV gival TAPNG, INAdN KGOe vevpdvag Tov gvOg
OTPAOUOATOC GUVOEETOL LE OAOVG TOVG VEVPMVEG TOL EMOUE-
vov. Atvoope dnhodn o€ OAa To dedopéva 16050V TNV 1010
duvaTOTNTO EMNPEAGHOD TOL TEMKOV amoteléopatoc. Emt-
TAéov eEeTAOTNKE KOl 1] EXLOPACN TNG TPOGONKNG amevbeiog
OLVOECEMV LETAED TOV GTPMHOTOG LGOS0V KL TOV VELPOVA,
e&odov. INa v exmaidevon Tov dikTdoV YpMoyLoTomOnKe
0 aAyopiBpog Quickprop, mov oxlaypagndnke oTo VIOKE-
@droto 3.2.

4. EKITAIAEYXH TOY AIKTYOY KAI
AIIOTEAEXMATA

INHovTikotaTo pOAO OTNV OTOS0CT €VOG VELPOVIKOD
OIKTOOL €YEL M EMAOYN TV SESOUEVOV EKTAIdEVONG. XTO
oyfuo 3 TopovctdleTal 1| CLOYETION TOV ATOTEAECUATOV
TOV VEVPOVIKOD SIKTVOL LE T OVOUEVOLEVE, OTAV 1 EKTTO-
d€VOT TOL SIKTVOL YIVETOL [LE OELPEG DEQOUEVMV (TPOTLTCL),
TOV 0TOIMV TO EVPOG TILAOV (SNAAOT TOV TAPOYDV AVIANGNG
a7to TIG YEMTPNOELG), CUUTIMTEL [LE OLTO TV TPOTOTMV EAEY-
yov. Hapatnpeitor gppovy tov e£6dmv YOpo and v Tiun
Q, = 0.69, ®51660 aVTEG aKOAOVOOVY Tig S1OKVUAVOELS TOV
OVOUEVOLEV®V KO, LAAGTA, avTidpohy oty akpaio Tiun 0,
drapopomotoVpeveg onpovtikd. H avénon tov evpovg tudv
TOV TPOTUIOV EKTOIOEVONG TEPAY OLTOV TOV TPOTLIDV
eAéyyov odnyel oe onuaviikny Peltioon Tov cuvvieheotn
ovoyéTiong HETAED TOV OVOUEVOLEVOV TYAV KOl OOTOV
7ov vroAoyicOnkav and 0.56 ce 0.77, 6nwg PaiveTol 61O
oyquo 4. Iepartépm d1e0PLVON TOV TPOTOHTOV EKTOIOEVOT|G
Bektidvel akoOUn TEPIGCOTEPO TOV GUVTEAEGTN] GUGYETIONG
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og 0.92, 6nwc paiveton 6To oYU S.

Hopoanpnbnke, ®otdc0, TOC AKOUN PEYOADTEPT 1€~
puvon odnyel og avtifeto amOTEAECUOTO KO TTMOON TIG
ovoyétions. To avtioToyo CUYKPITIKE OTOTEAEGLOTO TTo-
povctaovtal 6To GYua 6.

Aoy 21-10-1 TTAfipNG UVSEoN
MpéTuTa exTRiSeUoNg 31
MpéTuTTa EAéyXou 40

Sokipég

‘+a\up€\épc\£gnpég +a<n|.necictgnué§‘

Yynua 3: Exraidcvon & éleyyog ue to id1o epog Tiucdv

Aoy 21-10-1 ARG oUVBeon
NpéruTra exTroidevong 30
Mp6TuTra eA£y)0oU 40

NPT ONEoo TN TN PR ARN RN RRBSHIR B85 B
Sokiuég

‘ —&— QVOPEVOUEVEG TIJEG —=— EKTIUNGEICEG TIPEG ‘

Yynua 4: Exraidevon pe ovlnuévo opog Ty

Aoy 21-10-1 iipn ouvBeon
Flp6TuTTa exTroideuons 76
MporuTra eAéyxou 31

rrrrrrrrrr Q
Bokipég
[—— avopevOpeveg TEG —=— expnBeioeg kg

FTAMYTOLON®OO-ANNYLONRR2O I NRYRENERS S

Zynua 5: digbpoven Ty ekmoidoevons

Bop 21-10-1 AN CUVSEDN
TpéTuTror eAéyxou 31

&

Boxapég
[—+— avopevdpEveg TG —=— 0-123 —+— 0-400 —— 0-600 —+— 0-700)

Zynua 6: Zoyrpitika awoteAéouata

Adym g onuaciog Yo T0 QUOIKO PAVOLEVO TNG Amo-
otoong ke yedTpnong amd to Oplo ¢ Bdhacoag, emt-
YEPNONKE OTN GLVEYELD 1 «KEVOOUATOOT Uiag TPOGOETNG
TAnpogopiag ota TpdTLTa ekmaidevonc. Eivar yvootd ot
oe Poviun pon, N TTOoN oTAOUNG TOL TPOKAAEL 1 AVTANON
napoyng Q amd pio yedTPNON HEIOVETOL e TOV AOYAPIOLO
m¢ amoéotacng and T yedtpnon. [a tov Adyo avto, 1
VOOUALDPION TOPAKTIOV VIPOPOPEDY eEQPTATOL GUESO ATTO
™V andoTaon HETAED TOV YEMTPGEMV KO TNG OKTOYPOL-
puns. ‘Etot to diktvo exmandevtnke pe dedopéva to mniiko
™G TopoYNG KABE yedTpnong pe to AoyapiBpo g amdoto-
ong ¢ and T 0dAaccea. AT TO OTOTEAEGLOTO GUVAYETAL,
TG, OTOV TO €VPOG TIHAV EKTAIOEVONG EIVOL HEYAAO, 1) GL-
oyétion Peltidvetot onpavtikd (oyqpa 7).

Téhog, TpomomomOnie 1 dopn ToL SIKTVLOL e TPOGHN KN
TEPIGGOTEPMV VEVPDOVMV GTO KPP EMIMEDO, KO, KATOTLY,
pe mpocOnkmn véwv amevbeiag cuvdécemv Peta&d Tov emue-
S0V 16600V Kot TOV EMTESOV £E050V.

To mopddetypo mov TopovclaleTol 6To oyNUo 8, a@o-
PG OTNV TPOTOMOINGCT TNG SOKIUAG OV TEPIYPAPETUL 0T
10 oynpa 5. X véa Sokyn mpootédnkay déka emumAéov
VELPAVEG OTO KPLEO eMinedo (mpoKeLTal dNAadT yio. doun
21-20-1). H amddoon Peltidbnke Kot 0 GUVTELEGTNG CLGYE-
Tiong aviAfe oty T 0.9449.

Bopr 21-10-1 AN oGVBESN
MpéTuTma exraideuong 31
log

00— T T T T T T T T T T T T T T ¥ T T T e T
TNotboreo o IR O RNNNNRRNRRBE
BoxipEg
‘+uvawvéu:vz:§11u’:g+0—123+0—4m+ 0-600 —=— 0—7(1)‘

Synua 7: Evewudtwon emmAéov minpopopiog

et o elolo T u e e e e e R R NRIRENER B ®

Bokipég

‘ —4— QVOPEVOUEVEG TIEG —%— TTAFPNG OUVBEOCT) —&— ETITIALOV OUVBECEIG ‘

Yynua 8: Tporomoinan doung d1ktoov

e embpevn doxun dwtnpnbnke n doun 21-20-1, aAld
pootédnkay anevbeiog cuvdéoelg LeTaby emmeédov 16650V
kot emumédov e£0dov. H amddoon tov diktvov Pertidbnke
KOl 0 GUVTEAEGTNG GLOYETIONG £POUCE GE TOAD 1KAVOTOU-
TKd eminedo (96.9%). Ot 600 doxég ametkovilovtol 6To

oy 8.
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5. XYMIIEPAXMATA KAI XYZHTHXH

To mpdTo Pripa Yo v e&okpifoon ™G KavOTNTOG TOV
TEYVITAOV VELPOVIK®OV SIKTO®V VoL TpofAEyoLY v e&€MEn
€VOG QUGIKOD QOLVOUEVOL glvat 1 dlgpebivnon NG tKovOTN-
TAG TOLG VO VTOKABIGTOVV TN AEITOVPYiO TOV KAUGIK®OV [O-
VIEA®V TTOL YPTGLLOTOLOVVTOL Y10 TOV GKOTO OuTo. X’ avTod
70 TAOIG10, 1 AOGH0CT| TOL VELPOVIKOD SIKTVOV UTOPEL GTNV
KOADTEPT TEPIMTMOT VAL TPOCEYYIOEL TNV 0TGN TOL VIO-
KOOIOTOUEVOD KAAGIKOD HOVIEAOV, TTOL YPMoLLomomonke
KoL Y10, TNV EKTOIOEVLGT TOV. ATTO TNV £PEVVA LG TPOEKVYE
OTL TO GUYKEKPIUEVO VEVPMVIKO SIKTVLO UTOPEL VO DITOKOTO-
OTNOEL IKAVOTOTIKG TO HOVTEAD TOV OPLUKAV GTOLXEI®V,
€pOooV ekmandevdel KoTAAANAQL.

BéBata, o8 anTég TIC TEPIMTOGELS OEV AVOUEVETOL OVGLO-
OTIKO OQENOG GE VIOAOYIGTIKO YPOVO. AVTO GUUTEPOIVETOL
1660 amod ™ debvn PPproypapia, 660 KoL 0O TV TAPOVGO
gpyaocio. [Ipdypatt, av Kot xpnoiporotidnke 1 eVOALOKTIKN
péBodog exmaidevong pe avadpaon mov ewonyaye o Fahlman,
kot M omoia Bswpeitan ToOTEPN, YO VO TOGO AmAO Omd
GTOYN LTOAOYIOTIKAOV OTOTNCEDY TPOPANLO TO VELP®VL-
k6 dikTVO dgv givar TaOTEPO OO TOV KOSIKO TOV OPLUKOV
oToryeiov.

MdMota, otav avdvetatl To TAR00g TV KOKA®V ekmai-
devomng tov diktvov (amd 1000 g 2000 17 5000 kdKAovg) Ko
Buotepet og Kamolo Pabpd M eEoy@yn UTOTEAEGUATOV, Y®-
pig, TOVTOYPOVE, VO GIUELDVETOL CTUAVTIKO KEPOOG MG TPOG
v okpifeld toug. Extipdtor mog ovclaoTiKy cuvelspopd
oTNV TOYVTNTO TPOCPEPOVY TO, VEVPOVIKA dIKTLO GTNV TTE-
pintmon mov cuvepyalovtal 1 VIOKAOIGTOVV HOVTEAN TNG
pneBddov Monte-Carlo, ta omoia amartodvv peydro apldpd
TPOYLLOTOTOGE®V Yl Tr ovvleon ypovooelpav [28], ka-
B¢ Kot 6TV VITOKAPIGTOVV To LOVTELD TPOGOUOIMONG TG
pong ot cuvaptnon oanotipnong [evetikov Alyopibuwmv.
YTIG TEPMTMOGCELG AVTEG TO VELPAOVIKO OIKTVO YP1GLULOTOL-
eltan TOMEG QOPEG e SLOPOPETIKA dedopéva, PETE 0o iial
ekmaidgvon povo.

SuyKPIVOVTOG TIG ATOLTHOELS TOV KMOIKO OPLOKAY GTOL-
YElOV LE QVTEG TOV VELPOVIKOD SIKTVOV, EIVOL CAPEG TOG TO
VELPOVIKO OIKTVLO €ivol amAOVOTEPO OTIV KOTOGKELN TOL
Kot dev TPoviToBETel TOPAdOYES, OMMG 1 ATAOTOINoN TOV
opiv Tov mediov, OV ival ATUPOiTNTES Yo TNV EQAPHOYN
TOL KOOIKO TOV 0pLoK®V oTotyeimv. I'io Tov Adyo awntd givat
mOavo va emtevydel peyoakvtepn axpifeto Le TO VELP®VIKO
dikTLO, av 1 eKTOidELOT TOV Yivel e dedoUEVO amd HETPT]-
oelg mediov.

OvGloTIKA 1] XPNON TOV VELPOVIKGOV SIKTO®V OTIV
VOPAVAIKY Kot TNV VOPOAOYia TPOGPAETEL GTN pHipnon TV
VIOKEIUEVOV VOPOLOYIKAV SlEPYUCIDV, TIG OTOlEG M EmL-
ot dev Kotavoel TANPOG 1| OeV UTOPEL Vo EKQPACEL LE
T1g oLV OEIS PaBNUOTIKEG SOTVTTOGELS. 20TOGO, TPETEL VOl
onuelwdel Twg, AOYm Tng 1010 TNG PVONG TNG SOUNG KaL TG
AELTOLPYLOG TOVG, TO VELPOVIKG SIKTVO YEVIKMG OEV TPOCPE-
POLV KAADTEPT] KOTAVOT G TOV VOIPOAOYIKAV SIEPYACLOV KOl

TOV PLOIKAV PAVOUEVOV, KAODG amAoTolohV T QUGIKT Kot
v «ekeLAiovvy og Bapn kot Tieég kKatoeAov [29]. Etot
KOl OTNV TEPINTOOT TOV QULVOUEVOL TNG VOOALDPIONG TTPE-
TEL KOVEIG VO KATOVOEL TO QUOIKO QOIVOUEVO Y10 VO KAVEL
opBn emhoyn G SoUNG TOV SIKTOOV KOl TOL KATAAANAOL
aAyop1OpHoL EKTOIOEVLONG TOV TTPETEL VAL EQPUPHOCTEL.

Emumdéov, dev pmopel va tekunpumBei n opbn emioyn
OPYITEKTOVIKNG OIKTVOV, GUVOPTICEWDY EVEPYOTOINGCTG KoL
pnefddmv ekpddnong, mapd povo péca omd pio dadikacio
dokipdv kot ehéyyov. To id10 woydetl kot yio TNV opb1| emt-
AoY1| dedOpEVOV EKTTAIdEVONC, TV OTTOI®V gival omapaitnTn
N KATAAANAN TTpogTolpacio Kot kavovikonoinon. 'Etot kot
oV mapovoa epyacio evd Ba mepipeve kaveic n amdédoon
TOL OIKTOOV va ivol BEATIOTN, OTAV Ol TEG EKTOIdELONG
Kot EAEYYOL KvouvTal 6T0 d10 dtdoTnpo, KATL T€T010 dgv
ovpPaivel, icog MOy TG HIKPNG SIUKVOLOVOTG TOV TIUAV
TOV TPAYLOTIKOD PULVOLLEVOU.

Avt 1 advvapio eEfynong g CVUTEPIPOPAG TOV SIKTV-
oV pmopet va avtalel P amodEKT Y10 TOV UNYOVIKO, GAAG
dev mpémel va Egyva KOvelg Mg, 0TV KIVEITOL GTA Ac0pN
TAOICL0. TOV GTOXUCTIKOV PUIVOLEVOV KOl, 310iTEPA, TNG
TEYVNTIG VONLOGUVTG, avTo, Oyt pdvo pmopel va givar omo-
deKtd, 0AAG, {omg gival kot To {ntovpevo. Me diia Adyia,
etvar {nTodpevo va Tapéyetal HEGH TG dOUNG KoL AELTOVP-
yiog TOL 6TO SIKTLO 1 FLVATOTNTO VO KOVTOVOUEITOY ATd
TOV EKTOIOEVTN TOV, MOTE VO EMTVYEL TNV 100 TNG «KVOOV-
ong UNyovigy». Amod v AN, av Ppedel kdmolog tpodmTOg Vo
e&hryovtol cupmepdopata and o fépn Kot To KOTOEAL Yo
TN GLOYETION VIPOAOYIKOV HETARANT®V, 1 OToia £G TOPA
dev €yel EVTOMIOTEL, To VELPOVIKG dikTVa givar tkavd va fo-
N6MCOVY ONUOVTIKA, T.Y. OTNV ETEKTOOCT] KOL TNV AVAAVOT
YPOVOGELPDV.

[Mavtog, og éva mAaiolo dtoyeiplong VOATIKAOV TOP®V GE
TOTKO €MiMed0, AOY® TOV QUMKOD TPOG TOV YPNOTN YAPO-
KTNPO. TOV VELPOVIK®V SIKTO®OV, QUTE LITOPOVY VO EPOPUO-
Covtar og TpaypaTIKO ¥pOVo amd Un e01KOVS, KoBMS LeTd ™
(@AoT TNG EKTOIOEVLONG TOVG OEV OMOLTOVVTOL YVAGELS TAV®D
GTO QPOLVOLEVO Y10 TNV JlEPEVVON JLAPOPOV GEVAPI®V.
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Abstract

Seawater intrusion into coastal aquifers is an important problem
worldwide, since it renders groundwater unusable for drinking or
irrigation. For this reason, the respective scientific literature is very
rich. The present paper addresses the issue of training an artificial
neural network (ANN) in order to estimate the total volume of salt
water that is pumped from a coastal aquifer in Eastern Macedonia,
Greece.

The ANN used consists of input neurons that represent the wells’
pumping rate, one hidden layer and a single output neuron that
represents the volume of seawater that is pumped from the wells.
The network uses the Quickprop Algorithm, a method of speeding
back-propagation style training that was developed by Fahlman;
the training patterns are derived from numerical flow simulations,
by means of a Boundary Element Code.

The correlation achieved between expected and estimated values of
seawater intrusion, although highly dependent on the training data,
encourages further investigation that should include training the
ANN with actual field data. The final product, namely a well trained
ANN, could be easily used, even by non-specialists, in the study of
basin-scale water resource management problems.

1. INTRODUCTION

Artificial neural networks (ANNS) are based on the idea
that certain properties of biological neurons can be isolated
and used for the creation of a simplified “brain” which
imitates to an extent the computational capacity of a human
brain.

ANNs do not use mathematical simulations of the
phenomena. They try instead to achieve quantitative
results, based on similar known cases. Thus, they are
particularly useful when mathematical simulation of
the physical phenomena is either impossible or too
complicated.

ANNSs have been used extensively to address problems in
Submitted: May 12, 2008 Accepted: Sep. 18, 2008

hydraulics and hydrology, owing to their capacity for pattern
recognition and reconstruction of time series. Since the
1990s, ANNSs have been used successfully for rainfall-runoff
modeling, stream flow prediction, groundwater modeling,
water resource management, precipitation forecasting,
hydrological time series analysis and reconstruction and
reservoir network operation. Articles addressing the flow
of pollutants in groundwater tables, as well as optimization
of groundwater resource management in coastal aquifers by
means of artificial neural networks, are also available in the
international literature.

This paper is an attempt to assess the ability of a back-
propagation artificial neural network to estimate the total
volume of salt water that is pumped from a coastal aquifer,
using pumping rates as input variables. Training patterns are
produced through the implementation of a numerical model
that combines a boundary element code with a particle
tracking scheme.

2. AREA OF STUDY

The aquifer of Eleftherae, Kavala is situated in the region
of Eastern Macedonia, Greece. Pumping from twenty-one
existing wells (10 research wells and 11 irrigation wells) was
taken into account.

The aquifer’s boundary was simplified and divided into
fifty-seven linear boundary elements, each 500m long, as
shown in fig.1. A boundary condition of constant hydraulic
head h=0 was considered for nodes 1 to 20, which lie on
the coastline, while the nodal flow rates were set equal
to zero for nodes that lie on the impermeable boundary.
Finally, known constant inflow rates were considered for the
remaining nodes.
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3. ARTIFICIAL NEURAL NETWORK

ANNsSs consist of simple interconnected processing units
(neurons) that present complex parallel behavior; the latter is
determined by the properties of their connections. ANNs use
learning algorithms that alter the strength (weights) of these
connections, in order to achieve optimal results.

Back-propagation ANNs in particular, use supervised
learning algorithms, namely they are provided both with
input patterns and desired output patterns. Then they
calculate the error between estimated and expected output
values, and adjust their weights in order to minimize this
error. Learning is completed when the Root Mean Squared
Error (RMSE) is minimized (eq. 3.2). Commonly used
back-propagation networks minimize RMSE by using a
gradient descent technique. In this article, the network
uses the Quickprop algorithm proposed by Fahlman, which
encompasses training speeding techniques.

The network used in our case consists of an input layer
with 21 neurons, which represent the 21 well pumping
rates, one hidden layer, and an output layer with one neuron
representing the total pumping rate of salt water. The
number of hidden neurons was determined by trial and error.
Neurons in different layers were fully connected, as shown
in fig. 2. In addition, the result of introducing additional
cross-cut connections between the input and output layer
was investigated.

4. TRAINING AND RESULTS

Sets with different ranges of input values were used
in the training process. As shown in figures 3 to 6, ANN
performance improved, up to a certain point, when the range
of input values used in the training sets exceeded that of
the control sets. Moreover, as shown in fig. 7, performance
definitely improved when well flow-rate values used for
training were divided by the logarithm of each well’s
distance from the coastline, since in this case the ANN was
fed additional important information.

Finally, as shown in fig. 8, the network achieved very

good correlation (96.9%) between calculated and expected
results when a more complex architecture was used,
including a 21-20-1 structure and cross-cut connections
between the input and the output layer.

5. DISCUSSION

The first step in determining the ability of ANNs to
forecast values in hydrological processes is to determine
whether they can efficiently replace the respective simulation
models. Of course, a network trained with patterns produced
by a classical model cannot exceed its performance. This is
the case of the ANN described in this paper, which achieved
a satisfactory performance.

ANNSs are particularly useful in dealing with complex
processes that cannot be described adequately by typical
simulation models. In our case, the ANN could probably
achieve better results if trained with measured field data.

Regarding the gain in computational speed and burden,
it is negligible in straightforward and simple -in terms of
computational requirements- problems. However, ANNs
may offer faster responses when multiple realizations that
increase computational burden are required, e.g. in time
series reconstruction using the Monte Carlo method, or
for flow simulations included in the evaluation function of
genetic algorithm models.

It should be mentioned that, due to their structure and
way of function, ANNs generally do not offer a better
understanding of the underlying natural processes, since
they reduce physics to a set of optimal weights and threshold
values. Moreover, their capacity for self-organizing and
autonomous function may lead to fallacious results and
conclusions; thus, controlling the ANN’s output with classical
methods is suggested, when applicable. Accordingly, in the
case of salt water intrusion, one has to understand the physical
phenomenon in order to evaluate training data, choose
appropriate network architecture and training algorithms,
and decide on the value of the network’s output. After proper
training, though, an ANN can be considered a robust, fast, and
user-friendly tool that can be easily operated by non-specialists
in basin-scale water resource management problems.
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