Teyv. Xpov. Emot. 'Exd. TEE, 111, e0y. 1-2 2004, Tech. Chron. Sci. J. TCG, 111, No 1-2 51

Béltiotn Tomoroyio AwktO0V Awavopung Hiektpiknc
Evépyawog pe E@appoyn e Evioyvtikng
Mnyoavikinc Madnong

I. I. BAAXOI'TANNHX
Ap Hiextpohdyoc Mnyovikog A.IL.G.

Hepitinyn

H epyaoia mapovoidler ty uédooo Evicyvuikie Muyovikie MaOy-
ong (EM) e oxomo tn Péltioty tomoloyio twv OIKTOWV O10VOUNS
niextpixng evépyeras (AAHE). H pélnioty tomoloyia apopa ornv
emAoYn 1OV KaTAAANA00 GVVOAOD TWV KAGOWY WOV TPOKEITOL VO
amevepyoroinbovv, évag omo kdbe Ppdyo, étor wote 1o tehikd AAHE
va Eyel ) Pédtiotn amdédoon. Kpiripro yio. t féltiorny anddoon Oe-
WPELTOL N ELOYIOTOTOINGN TV ATWAEIDY EVEPYOD 1G)YDOS EVED TAVTO-
XPOVOL TPETEL VO, IKAVOTOLOOVTAL TO. OpLa. TV Taoewv. H uéodoc EM
avupetwniler ™ Péltiomy toroloyio twv AAHE w¢ npofinua Anyng
OTOPACHS TOALDV EMTEIDV OTEIKOVILOVIOS EUTEIPIKG, KOTAOTACELS
Aertovpyiag tov AAHE oe ovykexpiéves dpaocels uéow Pobuwv
emPpdfevons. O alyopiuog avtog mEPoUaTIKG EPapuoletal oy
Pérniorny tomoloyia evog AAHE epopuoyng 33 {oyov. To amotelé-
OUATO, TOV TPOKDTTOVY OVYKPIVOVTIaL UE EKEIVA OALwV elelikTiKdOV
ueboowv teyvnig vonquoovvg (TN).

1.LEIXATQI'H

H dopdpemon evog dikthov Stovopng NAEKTPIKNG evEép-
vewg (AAHE) ctoyever ot Péltiom) Aettovpyio Tov tko-
VOTIOL®VTOG TOLTOXPOVO TOVG (UGIKOVG KOl AEITOVPYIKODG
neplopiopovg [10].

‘Eva and ta kprripla BEATIoTg Agttovpyiag eivan 1) Ao~
YIOTOTOINGT) TV OTWOAEIDV EVEPYOD 1GYVOG EVAD TAVTOYPOVA
TPEMEL VO, IKAVOTOLOVVTOL T OPLOL TOV TAGEWMV AETOVPYIaGC.
Ia ) Aon Tov GUYKEKPEVOL TPOPALATOS £XOVV OVOTTTL-
xOel ToAloi aAyopiBuol, ot omoiot Paciloviol o e&eMKTiKEG
VIOAOYIOTIKES TEXVIKEG [1-5].

Qo1600, 0wTEG 01 PEHOSOL dEV LITOPOVV VO TAPEXOVV TIG
BélTioTteg TomoAOYieg GUVOALKE Yo OAOKANPT TN AELITOVPYL-
k1 mepiodo tov AAHE.

Ye avt TV epyocia, to TPOPANUO TG PEATIOTNG
tomoAoyiog T@v AAHE emildeton péco g Evioyvtikng
Mnyavikng Madnong (EM) [6-9]. H EM zmpoépyetat amd
™ Bempio TOL ELEYYXOVL Kot TOV SUVOULKOD TPOYPOULOTL-
OHOV KOl OTOXO €YEL TNV TPOGEYYIOT EUTEPIKAOV ADGEDV
oe mpoPAnuata dyvootg dvvapkng [8]. Oswpnrikd,

N.A. XATZHAPTYPIOY
Kadnyntig E.M.IL.

&yovv mpaypotonombel amoEUcIoTIKG PLOTe LE OKOTO
™ ypryopn ovykAnon g EM xat v epapuoyn mg o€
Un ypappikd cvotipata [6, 8] pe v avdmtuén mold ano-
dotikdv aryopiBumv. Televtaia N poaydaio avantvén tov
VTOAOYIGTIKAV cuoTNUdtov Bondnce mold oty eatpeti-
K1 anddoon Tv aiyopibuwv EM [6, 8]. ['a v epappoyn
TOV TPOTEWVOUEVOL ahyopiBuov EM, to mpofinpa tng BEA-
TiotNG TomoAoyiog T@v AAHE petatpénetar g npofinua
AMYNG oamdPOoNG TOAADY EMTEI®V.

Ot Bédtioteg dpdoelg (amd khBe evdeyopevo Ppodyo Tov
AAHE amokonteton Kot £vag kKAGd0g) amekovilovtot eumelpt-
K@ oTig Kotaotdoelg Asttovpyiog tov AAHE. Ot dpdoeis Po-
oiovtar o€ emPpaPevoels, ol omoieg ekPpdlovv TV entTvyio
aVTOV TOV OpAceV og OA TN Aettovpykn tepiodo. Kpirnipilo
™G emPpapevong amotelel | ELOYIOTONTOMGT) TOV OTOAEDY
evepyov oyvog. Emiong, mpémet va npovdvtan ta dpia Aettovp-
Yiog TV TAGEWDV.

Ymv gpyacio o aiyopiBpog ekpdadnong Q [6] mpocap-
pnoéleton yio ) PéATioT dapdpewon tov AAHE, oot6c0, 0
aAYOPIOLOGC ElVOL YEVIKOG KOL UTOPEL VO EQAPLOCTEL GE pEeYa-
An opdda TpoPAnudtov PEATICTONOMONG TOV CLOTNUATOV
nAexTpikng evépyelog. H epyacia otn cvvéyela opyavmvetal
0€ TECOEPLS EVOTITEG.

H Evomta 1 meprypdoet ) pébodo g Evioyvtikig Mn-
yavikng Madnong (EM).

Ymv Evomra 2, o akyopifpog pabnong Q [6] mpocappod-
Ceton yio ) PéhTiot Tomoroyia tv AAHE.

Ymv Evémra 3, mapovcidlovtat to amoTeEAEGUATO TOV
TpokOTTOLY amd TNV €Paproyn Tov oAyopBpov oe AAHE
epappoyng 33 Luymv.

To amotedéopato cuykpivoval pe ekeiva evog eEeMiTt-
ko0 aAyopifuov Teyymtig Nonpoovvng (TN) [1], katadet-
Kkvoovtag tnv vrepoyn g EM. EmmAéov, yiveton epoavég to
TAEOVEKTN O TOV TPOTEWOLEVOL aAyopiBlov kabmg Tapéyet
™ PérTIoT TomMOAOYia Yo OAOKANPY TN AEITOVPYIKT TEPIOSO
tov AAHE.

Téhog, otv Evotnra 4 e&dyovtar yevikd GupmepdcpoTo,
™G EQOPROYNG.
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2. ENIZXYTIKH MHXANIKH MAGHXH
(EM)

Ot teyvikéc EM eivan amAol emavodnmtikol adyopiduot,
ot onoiot pofaivouy EUTEIPIKA Vo, vepyolv KoTd PBEATIOTO
TpOmo PEc® ™G €EEPELVIONG EVOG GLGTNHHOTOG (YVMGTOL
duvapukng [6-10]. H EM vroBétet 6tL 0 «kOGpH0G» Umopet va,
TEPLYPOPEL [LE TNV YPNON €VOG GUVOAOL S OO KOTOGTAUCELG
(states) ko €vag «mpaktopocy (“agent”) pmopel vo. emAgyet
pio dpdom and Eva cuvoro dpdoemv A (actions). H Aettovpyia
ekpabnong tov EM vionotgitot o€ draprtd frpoto. X kdbe
o pédnong o mpaktopog £eTAleL TV TAPOLGO, KATAGTO-
o1 S TOV «KOGHOVY (s € S), Kot emAéyel pio dpdon a € A, n
omoia LEeYIOTOTOLEL HOKPOTPODEGLLO TO AVOUEVOUEVO KEPSOG
emPpapevong [6-8]. Ztn cuvéyela, apov EKTEAEGEL TN Opdion
(a), dldetan otov TpdkTopa o aueon emPpafevon (reward)
r € R, mov ekppdlet v anotedespatikdTnTa TG HpAong oL
EMAEYONKE TOPATNPOVTOG TO OTOTEAECHA TNG OTN VEN KOTA-
otaon 8° € S ToV «KOGHOVY. TNV EPYUTio ypnoyomomonkKe
0 EM aiyopiBpog pabnong Q [6]. Znv evioyvtiky pébnon Q
N BéAtiot cvvaptnon emPpapevong opiletar pe ypron g
e&iowong Bellman, wg e&ng:

Q*(s,a):E(r(s,a)+7ma}xQ*(s',a')) (2.1)

H &&icoon avt avorapiotd to avopevopevo aopolspa
TV emPpafedoenv Tov Aappdvetol EeKvavTog amd o op-
YUK KoTdotaon (s), eKTeEA@VTG T dpdon (a) Kol emAéyo-
vtag BéAtioteg dpdoeig (a') oTig emopeveg avalntoelg. Avtod
yivetal o€ meplopiopévo 1 Bempntikd dmepo ypovikd opilo-
vta péypt va emrevydet n BéATIoT TP g cuvaptnong Q
(Q*(s, a)). H exntoticn mopapetpog vy (0 <y < 1) ypnoio-
moteitan yuo vo pembet exbetikd to Bapog TV emPpofev-
oe®MV OV AOUPAvETAL KOTd TIG emdpeves avalntnoelg [6-8].
Epocov érovpe ™ Bértiom Ty Q*(s, a) gival gvkoro va
kaBopiotei 1 fEXTIOT dpdon a* pe T ypron g PEATIOTG
moMtikng [6-9]. 'Evag amAdg tpdmog givar va gpguvnBodv
OAeg o1 duvatég dpdoelg (a) yio pia dedopévn Katdotaom (s)
KoL Vo ETAEYel ekelvn Le TN peyaAdTepN TIUN:

a’ =argmax Q' (s,a)
a

2.2)

H ovvapmon Q (uvqun-Q) ocuvbog amobnkevetol oe
KGO0V TVOKa e SLOTAGELS TOV aplBld TV KOTOOTACEDV
Kot Tov apBud tov dpdcewv. Aappdvovtag apyucd avdai-
PETEG TIWEG UMOpPEl, LECH EMOVUAWYE®VY, VO TPOGEYYIOTEL
N Pértio cuvapton Q ovppova e ta Tpokafopiopéva
KpLThpiao.

311 CLVEYELD 1] EYYPUPT] GTOV TIVOIKO, TOL ATEKOVILEL TNV
amodoor g dpdong (a) mved oty katdotoon (s) yivetol
GOLOOVO, [LE TNV TOPOUKAT® ETAVOANTTIKY e&icwon [6]:

Q(s,a) = (l—a)~Q(s,a)+a(r+7/m2}x Q(s',a") (2.3)

Eivar onpovticd vo onpelodet 6tL n véa Tiu g puvn-
ung Q(s,a) Paciletar 1600 oy TpéYovca TN ™G Q(s,a),
(LMun-Q) 6co kot otig TG (Gueceg emPpaPedoelg) Tov
dpaoewv Tov Aappdvovrol amod Tig emdpeves dpaoels. Etot,
N mapauetpoc a (0 < a < 1) avomopioTavel T0 TOGOGTO TG
VEOG YVAOTG TOL eVOTOTIOETOL GTN PviUn EXnpedlovTag £Tot
ToV aplBpd TV eravorlyeav padnong. H mapduetpog (1-a)
eKQpalel To GUVOMKO TOGOOTO TOV TIL®Y Q OV Topopé-
VOUV G «Uviun» otn cvvaptnon Q [6].

3. EPAPMOTI'H THX EM XTH BEATIXTH
TOIIOAOI'TA TQN AAHE

TN Tovg 6KOTOVE TNG CLVYKEKPIUEVTG LEAETNG Be@podLe
pio dvadikn tagvounon tov «kocuovy tov AAHE. Anladn
0 «KOGHOG» T®OV KaTAoTAcEw®Y Abong (s € S) and v EM
OmOTEAEITOL OO OMOOEKTA AELTOLPYIKA «oMUEio», OTOL
OAOL 01 TEPLOPIGLOT IKAVOTOLOVVTOL, KOL [UT) OTOOEKTE, OTTOV
TapafraleTol 0mTO0CONTOTE AO TOVG AELTOVPYIKOVG TEPLO-
popovg. To dudvuopa tov dpdoewv (a € A) gival o GOVOAO
oo Tig mbavég dpdoelg (apaipeon evog kKAGOOL and kabe
ev duvapetl Ppoyo tov AAHE). O alyopiBuog eEehicoeton
g &8f¢:

Emdéyetar éva toyaio Altovpykd onpeio Tov GuumEpt-
Aoppavet pio toyaio katavopr optiov Kabmg Kot £va chvo-
Ao dpdoewv. O TPAKTOPOG TOPATIPEL TNV KATAGTOOT (S) TOL
GLGTNHATOG, OTMOG AT TPOKVTTEL ATO TN AVON TNG PONG
(QOPTIOL, KOl OTT) GUVEYELD ETAEYEL VO GUVOLAGLO dPACEDV
(a) amd o ovvoro TV mBavedv dpdoswyv. Exteleitan pia
véa pon} poptiov. O pdkropag mapatnpel tn véa Kotdota-
o™ OV TPOKVTTEL Ao T Ao (8”) Aappdvovrag pia dueon
emPpdafevon (r): SxA— R, n onoia ek@pdletl Tig andAgleg
gvepyov 1oyv0og Tov AAHE.

31 ouvéyewn emAéyetal €vag vEOG GLUVOLAGHOG dpd-
oEMV, OOMNYAVTOG o€ vEo ADON TNg Pong QopTiov Kot véa
emPpafevon.

H emhoyn véov dpdoewv emavarapavetol péypt vo pnv
napovctalovtal TAEOV OAAAYEG OTNV T TNG GUEONG EML-
Bpapevong 1 v entheydpevn dpdomn. Ltoy0g ToV TPAKTOPa
glvat vo Tpocdiopicel v PéAtiomn cuvaptnon Q (Q*(s,a))
XPNOLOTOIDVTAG TIG OVTIGTOLYIEG TOV KOTOOCTAGE®OY TPOG
11§ Opdoelg (S—A), dote vo peyiotomomBodv paKponpo-
Beopa ov emPpaPedoerg. H dwdikacio emavarappaverol
Yy ueydAo aplpud AEITOVPYIK®OV OMUEIOV TOV KOADTTOLV
oAOKAN PN TN Agttovpykn mepiodo Tov AAHE. O mpdkro-
pog Ppiokel T1g PéATIoTEG Opdoeig (a*) xpMOYLOTOLDVTOG
T BéATiomn moMTiKn oV mEptypdpeTal and T oxéon 2.3.
O Mivaxag 1 Tapovoualet tov odlyopidpo EM ot Bértio
tonoloyia Tov AAHE.
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3.1. AleviopaTa KOTAOTOONG

O1 koTootdoelg Aettovpyiag (s) evog cvotyuatoc AAHE
dwaxpivovtol og e&ng:

Ortav pio and g petafintég (edd THEG TOV TACEDV)
Bpioketon ekTog TV 0piv Agttovpyiog g, Bopeitan 6Tt 1 Ko~
Tdotaon givat enutédov —1, StupopeTikd Bewpeitan KoTdoTooN
emmédov 0. Katd cuvéneio, av Egovpie n Aettovpykég petofin-
T£G, 0 GUVOAMKOG aPOUOG TOV SLVOTMOV KOTUCTACEWDVY Eivat:

s=2n 3.1

31V Topodoo EQOPHOYN M XOUNAOTEPT TAOT o KAOE
Bpoyo mpémel va Ppioketor TAVE amd To KATAOTOTO OPLO. KO
avtioToyo 1 VYNAOTEPN KAT® amd TO AVATATO.

ITivoxag 1: Epopuoyn tov odyopiGuov EM oty péltioty diouoppwm-
on twv AAHE.

1. Apywomoince ™ pvaun Q(s,2)=0.0 kot TIC Gpeceg
emPpaPevoec(s,a)=0.0, V s € S,V a € A

2. EmavilaPe yo toyaio aplOud Asitovpyikdv onueiov omd
OAn v Aettovpywkn] mepiodo tov AAHE (tuyaio Swocdpovon
poptiov)

2.1. Erovdiafe. ..

2.1.1. THopatipnoe v katdotaon (s) ™G AVong g pong
poptiov

2.1.2. Enike&e éva duvuopa dpdcewv (a)

2.1.3. Extélece ) por| poptiov

2.1.4. ITapatipnoe v véa Kotdotaon (S’) Tov TPOKVHTTEL Ond
™ pon eoptiov Kot voAdyloe TV dueot exPpafevon (oy. 2.3)
2.1.5. Evpépwoe m ocvvdptnon Q (oy. 1.3)

2.1.6. AvTikotdotnoe TV TaALd LE TN VEL KATAGTOoN (S«—s”)
...L€xpt ToV TPOoGdoplod ™G PéErTIoTNG cuvaptong Q (kapio
mepAUTEP® aAANY] oV emPpdPevon N oto Svvuoua TOV
emleyOUEVOV dpAGEDV)

3.2. Awevoopata opacemv

Av k@Be 8paom (a) dwkpiveton e d, emimeda (apdpuog
KAGO®@V OV UTOPOLV Vo amEvEPYOTONBovV amd kabe fpdyo
to0v AAHE), 0 cuvolikog aplBpoc tov dpdoswv sivat:

A=]]d

i=1

(3.2)

ul

Omov 10 m ek@pdalel T0 GUVOMKO OplOpd HeTABANTOV
eAEyYov (apBpog TV Ppoymv).

3.3. Emppapevoeig (r)

H Béitiomn Swopdpomon mpoimodétel v emioyn tov
KOADTEPOL GLVOVAGHOD KAGS®V TTov Ba amevepyomonBovv,

évav amod kabe ev duvapel Ppoyo, £tot dote to AAHE mov
pokvnTel va el T PérTiot (embBount) omddoon. Avd-
peco og mOAAG KpiTplo BEATIOTNG amddoong evog AAHE,
EMAEYONKE 1) EAAYIOTOTOINGT TOV OTOAELDY EVEPYOD 1OYV-
o¢. H gpappoyn tov aiyopiBpov EM ot Bértiotn Tomoro-
vio tov AAHE givor cuvdedepévn pe v Aym g QUeoTG
emPpdafevong (r), TETOWG OOTE 1 EMAVOANTTIKY TN TG
ouvaptnong Q (oy. 2.3) vo LeYIGTOTOLEITAL EVD TOVTOYPOVE,
VO, IKOVOTIOLELTON 1) EAOYLOTOTOINGT TV GUVOMK®DV OTOAEL-
@V evepyol 1oy00¢ kaB’ OAn TN Agttovpykn mepiodo Tov
AAAHE. Enopévag 1 dpeon emPpdfevon (r) vroroyileton
g &8fe:

r = -OMkéc Andrereg Evepyov Ioyvog (3.3)

4. AIIOTEAEXMATA

O zmpotewvodpevog adlyopBpog (Mlivakag 1) epapuoletar
v ) BéATIoT TomoAOYia Tov AAHE gpappoyng 33 uyov.
To povoypappikd didypappo Kot To SES0UEVO TOV CLYKE-
KPLEVOL S1KTOOV TTapaTifevtal 0To TapapTra Kabdg Kot
omv [1]. Ot dpdoelg amoteAodV T0. GOHVOAL TOV KAAS®V
nov Ba anevepyomomBovv, éva and kabe Bpdyo. Ymdpyovv
névte v duvdpet Bpodyot Kot Katd cuvETELn KABe dldvoc o
dpdoewv g EM eivar 1x5. Etov ITivaka 2 eppaviCovral
ot kKAGdol mov amotelobv kaBe PBpdyo. ZOpeova pe TOV
[Mivoka 2, 0 cuvolkdg ap1Bpdg Tbavodv dpdcemv vroloyi-
Cetar og 10x7x7x16x11 = 86240. Epdcov ta katdtepa Kot
avatepa peyédn thong (v) oe kabe Ppoxo mepropilovron
ota Aettovpyikd 6pta [0.96 , 1.05] pu, o cuvolikdg apBudg
TV TBavav Kataotdoemv Avong g EM vroloyiletan og
25=32,

ITivokxag 2: Klddor mov Oa arevepyomoinBoiv oe kabe Pfpdyo tov

AAHE 33 (oydov.
Bpdyog KAddor
1 2-3-4-5-6-7-18-19-20-33
2 9-10-11-12-13-14-34
3 8-9-10-11-21-33-35
4 6-7-8-15-16-17-25-26-27-28-29-30-31-32-34-36
5 3-4-5-22-23-24-25-26-27-28-37

O oiyopiBpog EM (ITivoxag 1) pmopei vo. epappootel
og peydho mANnBog amd cvvdvacHobs eoptimv (Aeltovpykd
onueia) mov &yovv emileyel amd OAOKANPN TNV AEITOLPYIKN
nepiodo Tov AAHE. Apyikd epappoletor oe cuYKEKpYEVT Kol
TOVOWT] POPTIOV TTOL AVTIGTOLYEL 0T pLéom T o€ KaBe kOpPo
Kotovaioong [1]. Zmv mepintmon vt ot TaPAUETPOL TNG
pnabnong tov EM eniiéyovton 0=0.99 kot y=0.01. To Zynua 1
epeavilet v dueon emPpdafevon r (oy. 2.3) mov Mednke ce
KkaBe Prpo g padnong. Kabe Prpa g pébnong aviietoyet
o€ pio emavaAnym Tov odyopiBuov pabnong EM (Iivakog 1).

O mpdxtopog ektérece mepimov 46000 Prjpoto padnong
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Yo VoL TPocdlopicet Ti¢ PEATIOTES OPACELS. ZVUVOALKEL ALITOLTY-
Onkov 100 sec oe PC 1.4 GHz Pentium-IV yia t cbykinon
g EM. Eniong oto Zynua 1 eaivetot 011 1 6OyKANGoT TOL
aAyopiBpov padnong métvye péyiotn Tun emPpdaPevong
-0.354, avtwotoyy®vtag 0 BEATIOTO GUVOVLAGHO dpAcE®DY
oTNV mo enBuunT Kotdotoon Avong g EM.

. EEAFERFIIFE L - LA 2RI 000 ~ a i

2ynuo 1. Aueoeg emfpofedoeis tov alyopibuov uabnons EM.
Figure 1:(Immediate rewards of Q-learning algorithm)

O ITivaxog 3 gpeavilet to fEXTIOTO GLVELOCUO dpUcEDV
(to kaAbTEPO GVUVOLO aveEVEPYDVY KAAS®V) 7-10-13-31-25 Ko
TIG OMMAELEG EVEPYOL 1GYVOG OV VoAoyilovtat ota 110,05
kW. EmmAéov, otov Ilivaka 3 eppaviovtarl ot Taoelg mov
EMTVYYAVOVTOL 0O TOV e&eMKTIKO aAyoptOpo TN [1]. Zop-
@OV e AVTOV, KOADTEPOG GUVOVOCKOG dpdoewy Bewpeital
1 aoKonY TV KAAdwV 6-14-9-32-37.

O Iivaxag 3 mapéyet eniong 1ig tdoelg tov AAHE gpap-
poyng tov 33 Luydv yio ) Bactkn TEPITTMOON LLE AVEVEPYOLG
KAddovg tovg 33-34-35-36-37. Zuykpivovioag T PélTio
Aoon g EM pe v avtiotoyyn tov geMkTikod aiyopifpov
TN [1], n TpdTN VEEPEYEL KABDS OAOL Ol TEPLOPIGHOL TAGNG
KOVOTIOLOUVTOL KOl Ol OTAAELEG EVEPYOL 1oYDOG Eival PKPO-
tepeg (110.05 kW évavtt 118.37 kW).

O aryopbpog EM mpoceépet emiong, on-line €éleyyo tov
AAHE o¢ tuyaio duvapkod mepifariov [8]. Mia tétota epi-
TToon Bewpeitar OTOV TO POPTIO TOL GLGTHLOTOG KVUOIVE-
Tot TVYoio EVTOG oG KOBOPIoHEVIG AEITOVPYIKTG TTEPLOSOV.
H dwxdpovon tov goptiov €dd Oewpeitor mpooeyyloTikd
KuKAIKN pe mepiodo 50 Pnudrev pabnong EM kot dwopop-
Q®OVETOL COUP@VO, e TV e&lomon:

z(Is)=z_, 'sin(z‘ﬂllsj

0 4.1)

omov z_ cupPoliCet to péyioto goptio oe kdbe Cuyo.

311 cLYKEKPLEVT TTEpImT®ON BETOVE TIC €ENG TOpOLpLE-
tpovg a=0.1 ko1 y=0.98.

H yvdon mov amoktd otadiakd o TpdKtopag oe OAn
SLpKeELDL TNG AELTOVPYIKNG TTEPLOSOV OMEIKOVILETOL OTO Zy1|-
pa 2. H ovykinon tov adyopifuov EM ypeidotnke nepimov
78.000 prpota padnong.

Kaé0e pnpo nabnong aviiotoyet oe pio exaviinym tov
adyopiBuov pdédnong (Ilivakog 1). H cvvolkr didpketa

vroloywopov Ntov 190 sec oe PC 1.4 GHz Pentium-IV.
Y10 Zyfuo 2 emiong amewcoviletal n ovyKANOT TOL OAYO-
piBrov nabnong EM oe éva péyioto gvpog emppofevcemv
petagd -0.467 wai -0.155 p.u. xaf’ OAn ™ Aetrtovpyikn
nepiodo Tov AAHE, avtictorydvtag €10t éva BEATIOT0 Guv-
dvaopd dpdcemv oTIg KoAOTEPES (EMBLUNTEG) KOTAGTAGELS
Avong g EM.

ITivoxag 3: Zvvolikés anwleles evepyod 1oydog ko tdoels {oywv
oo v EM, tov eCehixtino adyopifuo TN kor v opyi-
k1 kardotaon oo AAHE 33 {oyov.

E&ehikticn ,
MéBodog EM néBodog AI?XIKTI
TN [1] KOTOOTOON
Bétiom 6-13-10-31-  7-14-9-32-  33-34-35-36-
dpdon 25 37 37
Ohucég
ombOAEIEG 110.05kW 139.83kW 181.53kW
gvepyov 1oy bog
Zvyog Téoeic
1 1.020 1.020 1.020
2 1.017 1.017 1.017
3 1.007 1.007 1.003
4 1.005 1.003 0.996
5 1.003 1.000 0.990
6 0.998 0.991 0.974
7 0.998 0.982 0.972
8 0.986 0.984 0.961
9 0.981 0.981 0.956"
10 0.982 0.982 0.952"
11 0.986 0.983 0.952"
12 0.987 0.984 0.951"
13 0.985 0.980 0.946"
14 0.976 0.979 0.945"
15 0.977 0.979 0.944"
16 0.974 0.977 0.944"
17 0.969 0.973 0.943"
18 0.968 0.972 0.944"
19 1.015 1.015 1.016
20 0.997 0.995 1.012
21 0.992 0.990 1.010
22 0.988 0.986 1.009
23 1.001 1.004 0.999
24 0.989 0.997 0.990
25 0.980 0.993 0.985
26 0.982 0.989 0.972
27 0.982 0.987 0.970
28 0.980 0.978 0.960
29 0.978 0.971 0.953"
30 0.976 0.968 0.949"
31 0.974 0.965 0.944"
32 0.966 0.962 0.943"
33 0.967 0.971 0.942"

* r 7 ’. r
H tdon mapofiélet to kotdTaTo dpto

H tehwkn Bédtiom dpdomn dnwg mpokvmtel amd T PEATL-
o1 ToATIKN (Y. 2.3) VTOSEIKVIEL TNV ATEVEPYOTOINGT) TOV
KAadwv 6-10-8-32-37 and to AAHE epappoyng 33-Luydv,
EAUYLOTOTOLOVTOG TIC GUVOMKEG OMMAEIEG EVEPYOL 10YVOG
KO IKOVOTTOLDVTOS TOVG TEPLOPIGLOVG GTA OPLOL TV TAGEWDV
ka0’ OAN TN S1EPKELD TG AELTOVPYIKNG TEPLOSOV.
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LR S 1 - el

2ynua 2: Aueoeg emfpafedoeis tov alyopibuov EM ue kouorvouevo
popTio.
Figure 2: (Immediate rewards of Q-learning algorithm over the
whole planning period)

5. XYMIIEPAXMATA

Yy gpyacio ovt epapudéomke n pébodog EM oty
Bértiotn tomoAoyia t@v AAHE. Epapuodletor évag emava-
mtikog odyopidpoc EM pe okomd va mopéyet o BEATIOT0
GLVOLAGHO dpdcemV (To GLVOLO TOV KAAO®V TTOL TPOKELTAL
va anevepyomomBovv, éva omd Kabe v’ duvapetl fpdyo Tov
AAHE) kovomoldvtag TanTtdypove. To. Opio. Aeltoupyiog TV
OeoUEVUEVOV HETAPANTOV (TACELS) Kol EANYICTOTOLOVTOG
TIG CUVOMKEG amMAEIEG evePYOV toyvog. Ot dpdoelg avti-
otoyifovion pe epmelpcovg (podnolokodc) Kavoveg oTig
KOTAOTACELG Agttovpyiag péom Pabuav emiPpapevons. Qg
cuvaptnon eniPpdpevong opilovtal ol CUVOMKES UTMAELEG
evepyoD 1oyvog. O adyopiBpog pabnong epapprocTnKe yio ™
Bértiotn Tomoroyia tov AAHE epappoyng tov 33 Quyav. Ta
amoteAéopato £01EaV OTL 0 TPOTEWVOLEVOG 0AyOpiBog EM
glvat kavog vo tapéyel T PEATIOT ToToAoYio 0o OTL GALOL
e&elkrticol adyopifuotl TN. Emmdéov, o EM mapéyet on-line
Bértiotn tomoroyia tov AAHE twv 33 Quydv kaf’ 6An
SLapKELDL TNG AEITOVPYIKNG TEPLOSOV.

BIBAIOT'PA®IA

[1]  Venkatesh, B., Ranjan, R.: Optimal Radial Distribution System
Reconfiguration using Fuzzy Adaption of Evolutionary Programming.
Int. J. Electrical Power & Energy Systems, 2003, 25, 75-780.

[2] Baran,M.E., Wu, F.F.: Network reconfiguration in distribution
systems for loss reduction and load balancing. IEEE Trans. on Power
Delivery, 1989, 4, 1401-1407.

[3] Shirmohamaddi, D., Hong, H.W.: Reconfiguration of electric
distribution networks for resistive line losses reduction. IEEE Trans. on
Power Delivery, 1989, 4, 1484-1491.

[4]  Peponis, G.P, Papadopoulos, M.P., Hatziargyriou, N.D.:
Distribution networks reconfiguration to minimize resistive line losses.
IEEE Trans. on Power Delivery, 1995, 10, 1338-1342.

[5] Kashem, M.A., Ganapathy, V., Jasmon, G.B., Buhari, M.1.: A
novel method for loss minimization in distribution networks. Proc of
Inter. Conf. on Electric Utility Deregulation and Restruct. and Power
Tech., London, 2000 251-255.

[6] Watkins, C.J.C.H., Dayan, P.: Q-learning. Machine Learning,
1992, 8, 279-292.

[71  Kaelbling, L.P., Littman, M.L., Moore, A.W.: Reinforcement
Learning: A Survey. Journal of Artificial Intelligence Research, 1996, 4,
237-285.

[8] Sutton, R.S., Barto, A.G.: Reinforcement Learning: An
Introduction, Adaptive Computations and Machine Learning. MIT
Press Cambridge MA 1998.

[91  Bertsekas, D.P., Tsitsiklis, J.N.: Neuro-Dynamic Programming.
Athena Scientific Belmont MA 1996.

[10] Vlachogiannis, J.G., Hatziargyriou, N.D.: Reinforcement
learning (RL) to optimal reconfiguration of radial distribution system
(RDS), Lecture Notes in Artificial Intelligence, 2004, 3025, 439-446.

ITAPAPTHMA

Movoypappkd Stéypappo. Tov StkTOov Svoung NAe-
kTpkng evépyelog (AAHE) tov 33 Quydv.
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Extended Summary

Optimal Reconfiguration of Radial Distribution System
using Machine Reinforcement Learning

J. G. VLACHOGIANNIS
Dr Electrical Engineering AUT

Abstract

This paper presents a Reinforcement Learning (RL) method for
optimal reconfiguration of a radial distribution system (RDS).
Optimal reconfiguration involves selection of the best set of branches
to be opened, one from each loop, such that the resulting RDS has
the desired performance. Among the several performance criteria
considered for optimal network reconfiguration, an important one
is the minimization of real power losses while satisfying voltage
limits. The RL method formulates the reconfiguration of RDS as
a multistage decision problem. More specifically, the model-free
learning algorithm (Q-learning) learns by experience how to adjust
a closed-loop control rule, mapping operating states to control
actions by means of reward values. Rewards are chosen to express
how well control actions cause minimization of power losses. The
Q-learning algorithm was applied to the reconfiguration of a 33-
bus RDS busbar system. The results are compared with those given
by other evolutionary programming methods.

INTRODUCTION

The reconfiguration of a radial distribution system
(RDS) aims at its optimal operation, satisfying physical
and operating constraints. One of the criteria for optimal
operation is the minimization of the real power losses, while
simultaneously satisfying operating voltage limits. A number
of algorithms based on evolutionary computation techniques
have been developed to solve this problem. These methods,
however, are inefficient in providing optimal configurations
for a whole planning period. In this paper the RDS problem
is solved by means of Reinforcement Learning (RL).
RL originates from optimal control theory and dynamic
programming and aims at approximating solutions to
problems of unknown dynamics based on experience. From
a theoretical point of view, many breakthroughs have been
realized concerning the convergence of the RL approach
and their application to nonlinear systems, leading to very
efficient algorithms. Also, the rapid increase in computer
capacities makes RL methods feasible and attractive in the
power system community. Reinforcement Learning (RL)

N. D. HATZIARGYRIOU
Professor N.T.U.A

techniques are simple iterative algorithms that learn to act
in an optimal way through experience gained by exploring
an unknown system. RL assumes that the “world” can be
described by a set of states S and an “agent” can choose
one action from a set of actions A. The operating range is
divided into discrete learning-steps. At each learning-step
the agent observes the current state s of the “world” (s €
S), and chooses an action a € A that tends to maximize an
expected long-term value function. After taking action (a),
the agent is given an immediate reward r € R, expressing the
effectiveness of the action and observing the resulting state
of the “world” s” € S. The particular RL algorithm used in
this work is the Q-learning algorithm. In order to apply Q-
learning, the reconfiguration problem of RDS is formulated
as a multistage decision problem. Optimal control settings
are learnt by experience adjusting a closed-loop control
rule, which maps operating states to control actions (a set
of branches switched off one by one at each loop of RDS).
The control settings are based on rewards, expressing how
well actions work over the whole planning period. The real
power losses function is chosen as reward. Moreover, all
voltage limits must be satisfied. Although in this paper the
model-free learning algorithm (Q-learning) is applied to
optimal reconfiguration of RDS, the algorithm is general and
can be applied to a wide variety of optimization problems
in planning or operational planning. For the purpose of our
analysis a two-class classification is assumed. The “world” of
RL states is binary, comprising operating points characterized
by satisfaction of their constraints and operating points
which violate their constraints. The control vectors that
combine branches to be opened one by one at each loop
of RDS are the actions, and the Q-learning algorithm is the
“agent”. The Q-learning algorithm proceeds as follows: An
operating point comprising a load and generation pattern
including a set of control actions is created randomly. The
agent observes the state (s) of the system, as obtained by
the load flow solution, and chooses one control action (a)
from the control vector. A new load flow is executed. The
agent observes the resulting state of the solution (s”) and
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provides an immediate reward (r), expressing the reduction
of power losses. A new control (switching) action is selected
next, leading to a new load flow solution and a new reward.
Selection of new control actions is repeated until no more
changes in the reward value or in control (switching) action
can be achieved. The goal of the agent is to learn the optimal
Q-function using the mappings of states to actions such
that the long-term reward is maximized. The procedure is
repeated for a large number of operating states covering the
whole planning period. The agent finds the optimal control
settings (a*) using the optimal policy.

The paper is organized in 4 sections. Section 1 describes
the Reinforcement Learning approach. In Section 2, the Q-
learning algorithm is applied to optimal reconfiguration of
RDS. In Section 3, the results obtained by the application
of the Q-learning algorithm to the 33-bus RDS are
presented. The results are compared with those obtained
by the evolutionary programming algorithm, showing the
superiority of RL. In addition, the superiority of the Q-
learning algorithm in providing optimal reconfiguration over
the whole planning period is demonstrated. In Section 4,
general conclusions are drawn.
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