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Evyaplotisg

H mopovoa Aumhopatiky] Epyocio oyedidotnke, eEediyfnke ko oAokAnpdbnke katd to
Axadnuaixkd ‘Etog 2019-2020 oe ovvepyosio pe tov Topéa Ydoatwkov IMopov ko
[epBddriovtoc g oxoAng [ToAtikddv Mnyavikdv tov E6vikod Metodfrov [Torvteyveiov.

Y10 onueio avtd Oa MOl vo omevBiveo €va peEyAAo €VXOPIOT® OO KoPOIS GTOV
emPAénovia kabnynt) ko Anuntpn Kovtsoyidvvn mov pov eumiotednke to BEpa kot oy
TOAOTIHOG apwyOg Ko’ OAN TN SidpKeln TNG EKTOHVNONG TOV, KAOMG Kol Y10 TIG EVKALPIEG TOV
LoV £3M0E VO, EKTPOGHOTNC® TO EPYOCSTNPLO Kol TNV epguvnTikn opdoa «ITIA» 6to cuvédplo
«European Geosciences Union” g Biévvng katd ta £t 2018-2019. Evyapiotd eihkpvd
kot Oepud tov petadddrtopa [Hoavoyidtn Anuntpiédn yio TV oOmoTEAEGUATIKY, GLUVEXN KOl
apépion Ponbetd Tov kaTd TV VAOTOINGT TOV £V AOY® ATA®UATIKOD TOVILLATOG. Oa 10l
emiong va gvyoptotom 6io 1o team tov Touéa Yoatwkav Iopwv kot [eptfdiiovtog g
oxoAng [MoMtikedv Mnyoavikdv tov EBvikov Metoofiov ITolvteyveiov mov 6o avtd To
SloTNUe. oV €EACPAAICE TPOKTIKA, Wuyxohoywkd Kor MmOKd apioteg cuvOnkeg yuoo
OlEKTEPAIMON TNG EPYNCLNG LOV.

‘Eva peydro evyoapiotd ogpeilm Kot Tic moAv KaAég pov gikeg Kovortavtiva M., Eva B., Xapd
B. ka1 Kovotavtiva A. yioo v vroompiEn tovg ko’ OAn ™ ddpkelo. EKTOVNONG NG
gpyaciog Kabmg emiong Kol Yo TL VIEPOYES CTIYUES TOV UOLPOCTNKOUE TOPEN OAOL OVTE TO
xpovio Tov ipacte pall otn oYoAn.

Tinote and 6Aa avtd dev Ba eiye cvuPel yopig Tovg yoveic Katepiva ko Anuntpn mov tovg
euyoploTd Beppd yioo OAN ™ oTPIEN Ko TV VTOROVH oV €0€1&aV, Kol KUPIg TIG 0OEPPES
pov Atva kot Iodvvo aAld Kot to @ido pov Niko mov dev GTOUATNGOV AETTO VO TIGTELOLV
GTOLG GTOYOVG LoV KoL VoL e evOappHVOLV GUVEXMG VO TPOYMPNC®.
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Extetapévn llepiAnym (Extended abstract in Greek)

[Ipdopateg Epgvves avapépovy Tmg 1 {Tnom ¢ evEPYELag TayKooimg Ba avéndel aebntd
péoo otig emdpeveg dexoetiec. H avénon tov mAnbucopod o€ cvvovacpd pe tn cvvexn
avAmTUEN TOAAGDV YOP®V KOOMOC Kol TNV aoTadn KOWMVIKOTOATIKY KATAGTACT) TOAADV
Kpat@v (Kupidwg 6€ MO VLTOOVATTUKTEG YDOPEG) TPOUNVOOLV TN Olpkn avénorn Tov
EVEPYEIOKAOV OVAYK®OV OV £XOVV G OTOTEAEGUO TNV VLIEPEKUETAAALELCT) TWV OPLKTMOV
TOP®V. LVVEMMG, EVOALUKTIKEG LOPQES eVEPYELNS apyilovV Vo VToKaHIGTOOV GTOSIOKE TOVG
LEYPL TOPA O1AOEOOUEVOVS TOPOVS KoL TPOTOVG TAPAYMOYTG EVEPYELOC.

O avavemoipeg myég evépyetag (AIIE) yapaxtmpilovtor and pio tAnddpa mAeovekTnUATOV
OV TIG KoOoToOV 0pKeTd €AKLOTIKEG mALov. Ed0ikd m mAokn Kot M atolky] evépyeia
eoaivetol Twg Kepdilovy ypovo pe To xpovo OAO KoL TEPICTOTEPO £0APOG GTNV TOPAYOYN TNG
EVEPYELOG QLPOV OEV EKTEUTOVLV PUTOVG GTNV OTULOGPALPA, TNYALOVY Al aveEAVTANTES TINYEC
Kot Ady® g porydaiog d1dd0ong TOVG LEWMVETOL S0PKMG TO KOGTOG TAPAY®OYNG TOVG. E@dcov
AOUOV TOPOTNPEITOL QVTH 1| CTPOPN TPOG MO OTKOAOYIKES LOPPES TAPAYMOYNG EVEPYELNS, M
dwyelpion Vv evepyelok®V  cvotnudtov  elval  TAEOV  EMITOKTIKY  OVAYKT,
coumepAapfavopévav Kot OA®V TV avtictolyov povadwv. Mécom g PeAtioong tov
oXeOGHOL OAAG Kot NG Aettovpyiag Tov povadwv evépyslog Ba etvar epiktd vo vdpyet
ovverns, alOmoTn Kol OKOVOUIKE o BEATIOTN evEPYELO.

[Mopd ™V avoykoodta PeAtictonoinong g OdKaciog Topay®yns, TO EVEPYELNKE
GLGTNUOTO UTOPOVV VO, OmOPOVV OPKETO TEPITAOKO POV OTOTEAODV TOAVTOPALETPIKEL
npoPAnuata. Ot eVOAROKTIKEG LOPOES EVEPYELNG, CUUTEPIAAUPAVOUEVOD TNG AOAIKTG KOt TNG
nMokng mov  Beswpodvior  omd TG wo  afomomolpeg, myalovv  amd  QUOIKES
VOPOUETEMPOAOYIKES KOL YEOQUOIKEG Olepyacieg mov eivor apkeTd ompOPAeEnTEC KOl
eueoviouv pn opoAn petafAntotnto. Xvykekpluéva, OAEG Ol QLOIKEG OlEPYNCieg TOL
EUTAEKOVTOL GTNV TOPOYWOYT EVEPYELNS OVOUEVOVTOL VO TOPOVGLAGOVY TO (QOIVOUEVO TNG
nakporpobeounc eppovig (HK behavior). Avtd onuaivel nog n affefardotnto speaviCeton
oTN PLOIKN dlepyasio TOGO HOKPOTPOHOES O OGO KOl GE PKPOTEPES YPOVIKEG KATLLOKEG.

Avt N gyyevig afefordTnTo TOV OTOYKEIOV TNG QVONG HETOPEPETOL KOL OTO OVTIGTOLYOL
EVEPYEWOKA GULOTNLOTO YEYOVOC TOL 0ONYElL OTO GULUTEPAGUO TG EMPOPOVETOL OKOLLO
TEPICCOTEPO 1| TOPAYDYN EVEPYELNG LEGH AVOVEDGIL®V TNYdV. Mia apketd ioyvpn néBodog
Yl TNV TOGOTIKOTOINoN TS afePotdTTag OTIG JAPOPES YEMPLOIKESG dlepyacieg gival M
EQUPLLOYT TOV KMUOKOYPAULOTOG M GLVOLGTIOPAL GLVOPTHCEL ™m¢
ovvabpolopévng KAipakag o€ AoyoplOepuévoug d&oveg). Tuykpitikd pe dAleg pebddovg Tov
Umopovv va dtayelptotovy v afefardtnta (61mg T0 PAcHA 15YVOG KOl 1] LTOGLVIICTOPE),
TO KMUOKOYPOUUO Elvol OpKETO OmMAO OTN €QUPUOYN TOL Kot gppavilel o pkpdTEPO
oTaTIoTIKO c@dApa. TIpdkertor yuo éva a&lOmoTo GTOXACTIKO €PYOAEI0 UECH TOL OMOIOV
extipdTon N wopdpetpog Hurst mov ovslaotikd vwoAoyilet To Babud g un TpoPAreyLOTNTOG
o€ O18QopeS dlEPYNTies- PLOIKEG Kot ).
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Metd Vv 01EpelvNoTn NG GLUTEPLPOPAS OAPOPMOV PLGIKMY JEPYUCSLDY OO TIS OMOIES
umopel va mopoyBel avave®otlun eVEPYELD TO ATOTEAEGHLATO £0E1EAY TG OTIS TEPLOGOTEPES
nepmTOcel; o dgiktng Hurst H ftav peyordtepog tov 0.5 amodeikvoovtag v vmapén g
CLUUTEPLPOPAS NG HakpompoOBecung eppovig. Avtd deiyvel mog dev akoAovBobv ovte
avéMEN Aevkov BopHPov ovte papkofiavi) cuuTEPLPOPA.
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[Tapott oty Kovn YvOUN emkpatel 1 dmoyn T N ofefotdTnTa Kot 0 VIETEPUIVIGUOC OTN
@OoN dgv UTOPOVV Vo SLVLTTAPEOVY  KATL TETOL0 TEAIKA OEV 1GYVEL KOl ATOOEIKVVUETOL TAEOV
KOl om0 TPOCEOATEG £PEVVEC. XTNV TPAYUATIKOTNTO OCO 7O VIETEPUIVIOTIKY &lvar pia
depyacio T660 Mo devpupévo givor kot o mapdBvpo mpoPreyipndmros. To mapdbupo
npoPAreyipndTrag gival £va ypovikd d1doTne KoTé T0 0Toio 0l TPOYVAGELG TOL UTOPOLV Vi
napayBohv elvar peyding axpifetog Pdost OGS EvOg KOBOPIGUEVOL COAALATOC.

2V mopovoa EPELVO, YO TOV VTOAOYICUO TOV YPOVIKOL TEPBDPIOn TPOYVOGIUOTNTOG
EPOUPUOOTNKE VOGS  OTOYOOTIKOG-OVOAOYIKOG OAYOPIOUOG KOt €Vl HOVTEAD «OovopOpac»
(Benchmark model B2) oe diepyacieg taydtntag ovépov kot nAlakng oktivoPoiiog, mov
BpéOnkoav ond maykoouieg PACES E0OUEVOV, OGS KOL 1) OLOAMKY Kol 1 NALOKY evEpPyeln
AmOTEAOVV TIG TAEOV OELOTOUGLUES LOPPES AVOVEDGIL®V gvepYEldV. ['a v ektipunomn tov
Topadvpov TpoyvoodTTag Ypnoonomdnke o dgiktng anddoong Nash and Sutcliff F.
Oco o deixtmg F  Aappdver Betikég tipés, ot mpoPréyelg mov vroloyiloviar amd TOLG
alyopiBuovg mpoyvoong Oewpovvion peyding aflomotiag. Tn ypovikn otiyun mov n
npoyvoon 0o oobtar pe T péon TN G Ypovooelpds, o odeiktng FundeviCetou,
oprobetwvtag étol to mapdbvpo mpoPreyipudtrag pog depyaciag” o6tav F<O 1t6te 10
povtélo eivar aypnoto.

To povtého avapopdc B2 mov epapuoomke Bewpel twg n mpdyvoon piog Tipung 1covTol pe
v mponyobuevn Twn g oveEdptnta amd Tov ypovikd opilovra mov eEetaletal.
Ovo100TIKA TO HOVTELD OVTO EPUPUOCTNKE MOTE VL 0picEL £val EAAYIOTO XPpovikd TeplBdplo
Katd To omoio ot TpoPAréyelg Ba yapaxtnpilovtarl a&lOTIoTEG Kot Yp1CIHLOTOmOnKe g onpeio
avaPOPAG Yo GOYKPIOT] LE TO OMOTEAEGLOTO TOV OVOAOYIKOD 0Ayopifuov.

To avoroywkd povtélo mov ypnolporomOnke ot cuvE e, ivol Eva apKeTd amAd LOVTELD
aeoV doev ompiletan oe kopio pobnuotikn oyéon. H mapadoyr mov akorovbel avtd 10
povtédo etvar mwg egetalovtag to mapeABOV piag YPOVOCEPAG UTOPOLV VO EVIOTIGTOVV
Kkdmota emavaiapfoavopeva potifo péoa amd to onoio pmopel va extiun0et 1 Tpdyvmong g
eKOOTOTE TIUNG 1TNg Olepyaciag. [ v €poppoyn Tov  avoAoylKoD  HOVIEAOL
mpocolopictnray 3 mapdpeTpotL:

® 10 TOGOO0TO P= glval T0 TOGOGTO TNG YPOVOGEPAS 6To omoio Ba yivel n emaAnBevon
me npoPreyng

e 1 mapdueTpoc h= 10 TANOOG TOV YEITOVOV GTOVC 0TOIOVE SIEPEVVATOL TIUT TOPOLOLN.
pe ot wov Béhovpe va mpoPrepbet

®  TO CQAALO = TO COAALLO TTOV EKTIULATOL Y10 TOV TPOGOLOPIoUO TG TPOPAEYNG.

H extipmon tov o@dApotoc £€ytve HEG® OTOYIKNG GLVAPTNONG €VOG GULVTNPNTIKOV-
TEGUOTIKOD GEVAPIOL KOl EVOG TTO EVEMKTOV GEVOPIOV HEGOV GOAALATOG Yia T dlepehivnon
oV TOPaBvPov TPOPAEYIUOTNTOG.
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Kotd ) depedvnon g BpoayumpdOesing mpoyvemsiudTTag GTIG YPOVOCELPES TG TOYVTNTOG
TOV OVEHOL KOt TNG MAKNG akTvoPoAag AN@Onke vmoyly 1 A KUKAOGTAGULOTNTA,
nuepiolo Kot EXOYIKN, TOV gppavifovv ot diepyacies e&attiog g OmAN mEPLOIKOTNTOG TNG
I'mg. 't avtd 10 MOy® amogocictnke va YiVEL KOVOVIKOTOINGTN T®V YPOVOGEPAOV Ylol VO
TEPLOPLOTEL M eMidpaon TG SUTAN] KUKAOGTAGIUOTNTAS. APy, VTOAOYIGTNKE 1| HEOT] TIUN
KOl 1 TUTKY OOKAIoN TG KAOe ypovocelpds PAcel TG MPAG Kol TOV UVO Kol HETA Ol
eetalopeves TIHEG Otoupédnkoy e TNV TUTIKY OTOKAOT Aol apapédnke N avtiotoym

péon Tun.
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H oavdivon evacOnociog mov mpayuatomombnke vy tn oOYKPION TOL  OVOAOYIKOV
olyopiBuov ot tov B2  epappdotnKe Kol OTIG  OPYIKEG  YPOVOCEIPES KOl  OTIG
KOVOVIKOTOMUEVEG TPOKEIUEVOL va. OtepevvnBel edv M emidpaorn NG KLKAOGTAGILOTNTOG
etvar oo Ko otV mpoyvosipudta. TeEAMKE To 6EVAPLO HEGOV GOAALATOG GE GUVOVLAGHO

LLE TNV KOVOVIKOTOIUEVT YPOVOGELPE £0mGay guphTEPO Tapdbvpo Tpoyvaciudttag 15h yuo
Tov avepo kot 13h yio v nhokn axtivoBolio.
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[ToAAd vnold otov KOGHO Oev elval cLVOESEUEVE LE TO KEVIPIKO CVGTNUO EVEPYELNG NG
NAEPOTIKNG YOPOS Ko EAPTOVTOL OO EYKATACTAGEL TOL TPOPOSOTOVVTOL OO OPVKTOVG
TOPOVG YEYOVOG OV UTOpeEl vo empépel aoOnTy owovoutky emPdpouvon oAAd vo givol
emProféc kol yuo o mepPdriov. H cvveyng avamtuén g €Qoproyns TV oVOVEDGILOV
EVEPYELDVY, ONUIOVPYNGE TNV 10€d SOUOPPMOONG €VOG EVEPYELOKOL GULGTNHUOTOS GTNV
ActondAaio (LVOPONAEKTPIKY], OLOAIKT, MALOKY], OKEAVIOL EVEPYEWD) TOV ONOTEAEITOL OO
OVOVEDGLES TNYEG EVEPYEWNG. ATTO TN OTIYUN OV dgv vanpyay otaduoi uétpnong oto vnoi,
INUovpyNONKaY GUVOETIKES YPOVOCEIPEC LEGM GTOYACTIKNG LEAETNG.

AoV eEeTdoTnKOV SLAPOPES PUOIKES dlEPYATIEG HECH TOV KALLOKOYPALUATOS SomioT®ONnKE
v akopo pio @opd g 1 yyeviG afeBatdTNTO TOV PLCIKMV JEPYOCIOV VOl ELEAVIG KOt
pdAioto dtapépet amd depyocio oe depyacia (S1POPETIKY KAIOT TOL KAMUOKOYPAULATOS GE
LEYOADTEPES KAMLOKEQ).

To oavtiotoyo KAMPOKOYPOLUN TOV TOPAYOUEVOV OVOVEDCIL®V EVEPYEIDV £0€1Ee TMG M
CEPELTN afePoOTNTO TOV OEPYACLOV LETAPEPETOL KOL GTO OVTIGTOLYO EVEPYELOKO GUGTILLOL
(MAoK” , OLOAIKT, LOPONAEKTPIKN Kot wkedvia evépyeln). Avty N afefoardtnto pumopel va
etvar vraitio Yo mbavég texvikés PAAPES TV HOVAS®V Tapay®yng dAAL Vo SLGYEPAIVEL TN
Aertovpyio ko ™ dwoyeipton Tov cvotyuatog. EmmAéov, Ba mpémel va Anebel vroym ot
Kopio amd TG TPoovopepOeiceg avavEDGIUEG EVEPYEIEG Oev £XEl TAVTO EMOPKES Kol
ovveyOuevo evepyelokd amofBepotikd. o 1o AOyo owtd oe  mponyoduevn Epguva
dtepevvnnke 1M eykotdotoon Kot 1 Agttovpyion €vOG €QEOPIKOD GULOTHLOTOS EVEPYELNG
TpoPodoToVEVO amtd Propdlo Kot yembeppuia.

H Aoctonédrlowa cav vnoil €xet mAnbopa @uowov oepyoaciov mov Bo pmopovcav va
a&lomomBovv Yoo TNV TAPUy®YY] EVOALOKTIKOV Hopeav evépyewng H PBeitiotomoinom tov
EVEPYELOKOD GULOTNUOTOC NG Actumdioleg Kobiotator mTAEOV avoyKoio Yol TNV OWOAN
Aertovpyio Kol TO GMOGTO TPOYPOUUATICUO TOV HOVAO®V TTapoywyns evépyswnc. I't avtd 1o
MOy depeuvinke M BpayvumpdBecun TpoyveooIdTTe GE dEPYACIiES AVELOV KOl NALOKNG
axtivofoAiag otV  ActumdAdio  MOCTE VA TPOCOOPLSTEL TO  YPOVIKO  TEPB®PLO
TPOPAEYILOTNTOS OVTAOV TMOV YPOVOCEPOV Otav enpokerto vo agtomombodv yu v
TOPUYMYT EVEPYELQG,.
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Abstract

Energy demand worldwide is predicted to increase in the coming decades due to various
economic and social reasons. Consequently, since fossil fuels deposits decrease dramatically
due to overexploitation, renewable energy resources initiate to gradually substitute them.
However, natural processes, from which renewable energy derives from, are characterized by
an inherent degree of uncertainty that is introduced to the energy system. A recent study
suggests that unpredictability and determinism may coexist in nature, defeating the prevailing
theory that randomness is a component to predictability. The current thesis investigates the
predictability time-window of wind speed and solar radiation processes by applying
sensitivity analysis that compares a stochastic algorithm to a naive one. A pilot application of
a hybrid renewable energy system in the Greek non-connected island of Astypalea is also
discussed, for which the significance of uncertainty is examined by exploring the uncertainty
of the input of natural processes and by defining the predictability window in specific
processes, as well.
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1. Introduction

Recent studies indicate that energy demand worldwide is predicted to increase in the coming
decades. Global population is constantly proliferating; countries that keep developing their
economy multiply energy needs; the political scene is unstable in many countries, especially
in the underdeveloped ones (https://www.bbc.com/bitesize/quides/zpmmmp3/revision/1).
Consequently, since fossil fuels deposits decrease dramatically due to overexploitation,
renewable energy resources initiate to gradually substitute them, providing a more feasible
alternative. The continuous advances in renewable energy technology along with the gradual
reduction of installation costs, pave the way towards a wider adaptation of renewable energy
(Figure 1.1).
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Fig.1.1: Distribution of renewable energy resources installed capacity worldwide.
[Source: https://www.worldenergy.org/]

According to the Directive 2009/28 / EC of the European Parliament (Article 2), wind, solar,
geothermal and marine energy, hydroelectric power, biomass, gases released from landfills,
wastewater treatment gases are considered as energy from renewable non-fossil sources.
Renewable energy resources can be beneficial for both humanity and the environment. The
continuing energy supply combined with fewer maintenance requirements (compared to
fossil fuels) and the diminution of greenhouse emissions can urge people to adopt a “more
green” approach to improve the energy balance (https://news.energysage.com/advantages-
and-disadvantages-of-renewable-energy/).

The application of this approach has begun lately to be implemented more and more often
through the shift to wind and solar energy. Both of them are considered as attractive
renewable energy options. Wind is an element that can create renewable energy through wind
turbines. The motion of a wind turbine’s blades turns wind into kinetic energy which is then
converted to electricity through special magnets installed inside the turbine. Solar energy is
produced using the energy that solar radiation generates. Solar irradiance is absorbed by cells
inside the solar panel. The captivated irradiance turns to DC (direct current) electrical power
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and then transforms to AC (alternative current) electrical power in the interior of the
photovoltaic system which is the form of electricity that can feed an electrical system.

Both Wind and Solar energy are sustainable, abundant and free of pollutant atmospheric
emissions compared to hydrocarbons and that is why they are the fastest-growing energy
sources worldwide and are subsequently becoming increasingly popular. Hence, energy
systems management - the operation and organization of all units involved in both energy
production and consumption - is not only crucial but essential too. A long-term energy
strategy should be applied to achieve optimization in energy systems operation and energy
systems in general in order to have continuous and reliable power.

However, management of renewable energy resources systems can be quite complex. Aeolic
and Solar energy derive from phenomena related to atmospheric processes whose behaviour
is uncertain. Provided the aforementioned, unpredictability is inherent to renewable energy
systems (Klousakou et al., 2018) and that makes energy management even harder.
Researches have proven that the degree of uncertainty on the long-term can be identified
among different natural processes and quantified in natural systems (Klousakou et al., 2018).

A robust yet innovative stochastic tool, the climacogram (a log-log plot of variance of the
averaged process versus averaging time scale), can be applied in order to quantify the degree
of unpredictability in a natural process through the Hurst parameter coefficient (H=0~1)
(Koutsoyiannis, 2017). Additionally, the widely accepted opinion that unpredictability is a
component of predictability in nature is invalid and misleading; determinism and
unpredictability actually coexist. However, the greater the uncertainty -and thus the
unpredictability- the shorter the horizon in which a process can be accurately predicted. If a
process follows a more deterministic behaviour, the predictability window widens
(Dimitriadis et al., 2016). The robust characterization of the predictability of the natural
processes related to renewable energy production, or equivalently, of the related uncertainty,
is a key first step for the design and management of energy systems, and it may also inform
more efficient and reliable investments in the energy sector (while as a consequence firmer
energy could be produced).

Prediction of processes is feasible despite the context of the process or situation examined.
Hence, focusing on renewable energy, prediction of wind speed and solar radiation can be
improved by using simple yet accurate models that rely on forecasting methods despite the
variability contained in the processes, by minimizing the statistical error of the prediction to a
degree. Forecasting is necessary for wind farms and solar arrays planning in order to optimize
power generation. This research examines the performance of the analogue model, a simple
yet reliable forecasting model according to recent studies. Since Solar and Wind energy
represent the largest share in renewable energy systems, this research focuses on the
examination of the behaviour of the corresponding natural processes from which energy
derives-solar radiation and wind speed timeseries.
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Due to the reasons mentioned above, humanity has been integrating alternative energy
resources in energy production to cover daily needs. This means that energy production
depends on natural elements that derive from either atmospheric or geophysical phenomena
which successively leads to the conclusion that electricity production inherits a degree of
uncertainty.

Forecasting is a vital solution that helps to cope with the problem of unpredictability in power
generation. By calculating a sufficient amount of time in which predictions can be accurate,
energy systems optimization will be more feasible. Operators could have the ability to adapt
to extreme weather conditions and even identify when to commit or decommit power
generators. In cases where energy production is impossible due to special circumstances
reserves exploitation could be optimized to facilitate the process. That could also decrease
the expanses in power generation creating a more profitable business.

This diploma thesis focuses on the improvement of management of wind and solar energy by
investigating an optimum time window in which wind speed and solar irradiance forecasting
respectively can be fairly accurate. Despite the fact that those natural processes present
significant variability, it is attempted to apply a version of the analogue-ensemble model and
create new timeseries with the estimated predicted data.
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2. Identification of uncertainty on natural and energy demand
processes

2.1 Methodology: Uncertainty quantification based on the second-order

dependence structure

A very common characteristic that has been identified among geophysical and atmospheric
processes is the Hurst-Kolmogorov behaviour; the more complex the processes, the greater
the variability.

The British Hydrologist Edwin Hurst (1880-1978) was the first one to investigate the
phenomenon of long-term persistence after studying the Nile River water fluctuation in order
to determine the optimum size for a dam to be constructed. Afterwards, the Russian Soviet
mathematician Andrey Kolmogorov (1903-1987) expanded the initial research focusing on
the water turbidity.

A recent study has compared the results of roulette with the results of the investigation of
climatological features in order to identify the Hurst Kolmogorov behaviour. Although the
roulette can be described as deterministic, its behaviour was very unpredictable short-term
after taking into consideration the long-term bias. However, its uncertainty faded on the long-
term as the horizon widened, after it was described as a white noise process.

On the other hand different results were retrieved in the case natural processes. Assuming
that the climate can be simulated and explained through chaotic equations, the study showed
that climatological phenomena can be unpredictable in all timescales. To sum up, the
phenomenon when a process reveals long term persistence is called “the Hurst-Kolmogorov
behaviour” (Koutsoyiannis, 2010).

It is noted that a Hurst-Kolmogorov (HK) behaviour (indicating long-term persistence across
scales) is expected in all geophysical and hydrometeorological processes (Koutsoyiannis,
2017), and interestingly, it has been shown that processes with completely different
deterministic nature (such as hydrometeorological ones or experimental turbulence
(Chardavellas et al., 2018; and references therein) exhibit certain stochastic similarities (i.e.,
long-term persistence), revealing a common stochastic nature.

A robust index that depicts the degree of uncertainty presented in a process long-term is the
“Hurst” parameter (Dimitriadis and Koutsoyiannis, 2015). It is applied to define the long-
term memory of the examined timeseries. Not only can it quantify the degree of
unpredictability inherited in a process, but it simultaneously incorporates the phenomenon of
the long-term persistence. The Hurst coefficient is defined as the measure that examines the
long-term memory of the respective timeseries. It also presents the rate of change of the
timeseries autocorrelation as the lag between pairs of values increases. However, although it
would be expected that if the lag widens, the autocorrelation in the process of interest
deteriorates, the reverse effect occurs; as the lag increases, the autocorrelation is still above
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zero. This effect witnesses that nature has inherit persistence which explains the preservation
of the correlation to higher values.

For persistent processes the Hurst exponent appears to be //>0.5. Specifically:

e H=0.5-> There is no correlation between the value on time t and the value on time
t+1. That means that is shows a totally random change (i.e., white noise)
e H= (0.5, 1] ->Persistence: Clustering effects

There are various methods to estimate the Hurst parameter, based on the climacogram, the
power spectrum, the autocovariance, etc. (Dimitriadis and Koutsoyiannis, 2015); the
climacogram is defined as the log-log plot of variance of the averaged process versus
averaging time scale, whereas the power spectrum of a random process describes the
distribution of its variance over the frequency.

Scientific studies (Dimitriadis, 2017) have shown that the climacogram is a more valid
method (Dimitriadis and Koutsoyiannis, 2015), among the three, for estimating the Hurst
parameter and so, it is very useful in detecting long term change or in general the dependence
across scale. As far as the power spectrum or autocovariance is concerned, their estimation
from data may distort the true behavior of the processes and thus, may lead to false
interpretation. Furthermore, the climacogram has the smallest estimation error compared to
the other two methods (with the power spectrum presenting the largest one) and a simple
expression for statistical bias. The autocovariance and power spectrum are also prone to
discretization errors as their values can never be equal with the true value in continuous time.
Finally, the power spectrum has a complicated definition (based on the Fourier
transformation of the autocovariance), which involves computational cost. Therefore, the
climacogram can calculate the Hurst parameter more reliably (Figure 2.1).
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Fig.2.1: True values in continuous and discrete time and expected values of the climacogram (top left),
autocovariance (top right) and power spectrum (bottom).
[Source: Dimitriadis and Koutsoyiannis, 2015]

A flexible climacogram-based stochastic model, GHK model, was applied in this
investigation in each sample in order to estimate the degree of the induced uncertainty of the
parent processes. This is a Hurst-Kolmogorov evolution that maximizes entropy production
on large time scales but minimizes entropy for small ones. It was selected because it
combines markovian behaviour that appears on shorter scales with the long term persistence:

y() = (A +1/9)/( + k/q)E*" (Eq.2.1)

where y is the standardized climacogram, k the time scale (here represented as an integral
multiple of the finest available time scale), H is the Hurst parameter, and q is a scale-
parameter. Due to the effect of the statistical bias, for a robust estimation of the Hurst
parameter, we require either a single long-length timeseries or multiple shorter timeseries in
case where the former is limited.
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2.2 Uncertainty in processes related to renewable energy resources (solar,

wind, marine energy and hydropower)

Solar radiation data were accumulated from the “National Renewable Energy Laboratory”
(NREL)-“National Solar Radiation Database (NSRDB)”. This database includes over 1020
stations that are spread all over the United States of America. However, only a small
percentage of them have actual measurements of solar irradiance hourly data. Specifically, 40
stations provide solar radiation hourly data that are measured in the surface of the Earth. The
length of the timeseries is 15 years-approximately from the 1% of January 1991 to the 31°* of
December 2005. It should be noted that all stations have a modeled hourly solar radiation
measurements that were generated from the processing of satellite images, as well as a
measured hourly external radiation ( which is proved to follow a deterministic behavior)
(Koudouris, 2017). Since this study focuses on Solar Energy, only actual measurements are
taking into consideration to conduct the current research, while the extraterrestrial data is
ignored. In terms of the solar energy, renewable energy can be produced through solar
radiation and solar panels. After collecting the related data from multiple stations located in
the United States of America the climacogram was applied to investigate the behaviour of the
process long-term.

It is noted that the climacogram of solar radiation timeseries depicts double periodicity
caused by the diurnal and seasonal cycles of the sun (which will be extensively explained in
another chapter later), which can be dealt with double cyclo-stationary models (Koudouris,
2017). For this process the Hurst parameter was estimated 0.81 (Figure 2.3).

As far as wind speed measurements are concerned, the corresponding timeseries were
collected from a vast database consisting 15000 meteorological stations from across the globe
(figure 2.2). Approximately half of them are still operating until this very day. Due to the
extreme amount of data that were very difficult to manage, data used in a previous research
were also used in the current study. The more adequate data were retrieved from the
meteorological station installed in Massachusetts Institute of Technology (M.I.T.). The
timeseries of wind speed measurements includes hourly data from approximately 72 years,
where only 0.8% of the data were zeros (483.716 hours counting from the year 1943 until
2015. Another basic advantage that led to the choice of this particular timeseries is that only a
subtle percentage of data were not documented and subsequently considering that the
timeseries had documented data almost throughout its whole length the results could be more
realistic.
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Fig.2.2: Depiction of the exact location of meteorological stations used for wind speed data.
[Source: Gkolemis, 2019]

Additionally, for an illustration of the uncertainty in the wind speed process (related to the
wind energy), the climacogram was estimated for the hourly wind station of MIT (Gkolemis,
2018), with a Hurst parameter equal to 0.61 (Figure 2.4). The climacogram was also applied
to precipitation (related to hydropower; the oldest form of renewable energy)
(Chalakatevaki, 2018), and the Hurst parameter was estimated 0.54 (Figure 2.5).
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Fig.2.3: Averaged climacogram of solar radiation from 40 stations.

29



Stochastic investigation of short-term predictability of basic renewable energy
resources with application on the non-connected island of Astypalea.

1.000 -
z
g) 0.100 -
g
£
© —— Observations

————— Model
0.010 | | | il
1 10 100 1000 10000
Hourly Scale
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Fig.2.5: Precipitation climacogram.
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The exploitation of geothermal energy began in the early 20th century. Up to now, its use has
been extended because of the increase of the energy demand. In order to investigate the
uncertainty for this process, temperature data were collected from a 25 borehole in Idaho,
U.S.A. (https://openei.org/doe-opendata/ ). It is noted that it was extremely difficult to
retrieve borehole temperature data since there are very few databases that offer them. After a
long research, two different measurements (one in 17-01-2012 and the other 4 on 21-01-
2012) provided spatial-series in order to define the Hurst parameter related to geothermal
power. In both measurements (Figure 7-Figure8) the Hurst parameter was estimated 0.75
(Figure 2.6-2.7).
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Fig.2.6: Climacogram for temperature borehole data measured in 17-01-2012.

1.000 N
=
£
)
=}
¥
~
E
o .
—— Observations
————— Model
0.100 : : : |
1 10 100 1000 10000

Spatial Scale

Fig.2.7: Climacogram for temperature borehole data measured in 21-01-2012.
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An alternative but not extensively applied form of renewable energy is the ocean (or else
marine) energy. Although marine energy is a very promising energy source, it has limited
application; this also justifies the limited research made so far on the uncertainty of the
related processes. Nevertheless, the marine energy is expected to have a significant
contribution in the near future, with a theoretical potential energy production estimated at
7500 EJ/year (Edenhofer et al., 2012). Marine Energy components can be classified into two
categories (Edenhofer et al., 2012). The first category includes tides, waves and currents
which are generated by gravitational forces.

NOAA (National Oceanic and Atmospheric Administration- www.noaa.gov) is an online
database that documents the behaviour of o oceanic and atmospheric processes. Not only
does it offer open data for natural processes but it also produces hydrometeorological
forecasting covering a wide area with its measurements. Timeseries presenting data for
currents and tidal behaviour were acquired thanks to the NOAA database.

As far as tides are concerned, 22 stations across the state of Florida in the USA
(https://tidesandcurrents.noaa.gov/products.html ) provided an adequate number of timeseries
to define the Hurst parameter, which varied from 0.50 to 0.87 among the different stations
and was 0.53 in average (Figure 2.8). Data related to currents, were gathered once again from
the state of Florida, and the Hurst parameter was found 0.80 (Figure 2.9).
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Fig.2.9: Climacogram for currents.
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The PaclOOS (Pacific Islands Ocean Observing System) Observatory database covers an
large area in the Pacific Ocean that includes the State of Hawai‘i (Kaua‘i, O‘ahu, Maui
County, Hawai‘i Island); the territories of Guam, the Commonwealth of the Northern
Mariana Islands , and American Samoa; the Freely Associated States of the Federated States
of Micronesia, the Republic of the Marshall Islands, and the Republic of Palau; and the
Minor Outlying Islands of Howland, Baker, Johnston, Jarvis, Kingman, Palmyra, Midway,
and Wake. It is a vast database that can provide adequate timeseries of data related to the
ocean such as waves or currents. It was proven to be of significant importance since all the
timeseries retrieves from PaclOOs were almost full with only a subtle percentage of data
missing through the length of the timeseries, thus it also documentc measurements till this
current day.

In order to investigate the stochastic behaviour of waves, four different variables were
examined from a station in Hilo, Hawaii (data provided by PaclOOS ( www.pacioos.org ),
which is a part of the U.S. Integrated Ocean Observing System (I00S®), funded in part
by National Oceanic and Atmospheric  Administration (NOAA) Award
#NA16NOS0120024. ): height, direction, mean period and peak period. The Hurst parameter
was calculated 0.75 for height (Figure 2.10), 0.87 for direction (Figure 2.11), 0.84 for peak
period (Figure 2.12) and 0.66 for mean period (Figure 2.13).
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Fig.2.10: Climacogram for wave height.
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Fig.2.11: Climacogram for wave direction.
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Fig.2.12: Climacogram for waves’ peak period.
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Fig.2.13: Climacogram for waves’ mean period.
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The second category of marine energy is expressed through sources related to chemical
processes. Specifically, energy can be produced from temperature differences either from
warm surface water (22-27 °C) or very cold water (4-7 °C) at a depth of approximately 1km;
this form of energy is called “Ocean Thermal Energy” (Etemadi et al., 2012). It refers to new
energy sources which can be characterized as innovative. People are not really aware of
energy production through salinity and temperature differences since it is still in the
experimental state. Finding data related to the respective natural processes proved to be
quite inconvenient since there were not enough available databases. Thankfully two different
stations located in Florida provided all the necessary data (SSW28”, DSW407;
https://catalog.data.gov/dataset/temperature-salinity-and-waterchemistry-data-from-the-
comprehensive-environmental-monitoring-p06c6a ). Respectively, in both stations the Hurst
parameter was estimated close to 0.55 (Figure 2.14-2.15).
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Fig.2.14: Climacogram for water temperature in Florida (SSW28”).
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Fig.2.15: Climacogram for water temperature in Florida (DSW40”).
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Moreover, salinity differences can also generate renewable energy. “Salinity Gradient
Energy” (S.G.E) (Schaetzle et al., 2015), often known as the blue energy, relies on the energy
that is released when two solutions with different salinities come in contact and mix. The
same database used for temperature timeseries was also used in the case of salinity. In both
climacograms (each one referring to the respective stations like the temperature data in
Figures 2.14-2.15) the Hurst parameter was found again 0.55 (Figures 2.16-2.17).

1.000 ¢

0.100 -

Climacogram

—e— Observations

Model
0.010 . |
1 10 100
Monthly Scale
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Fig.2.17: Climacogram for water temperature in Florida (DSW40”).
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3.1 Typical forecasting algorithms applied on hydrometeorological
processes

3.1 Necessity of forecasting

After producing multiple climacograms that refer to natural processes from which renewable
energy resources can be produced, the values of the Hurst exponent that were calculated to
quantify unpredictability in those processes pointed that nature can be quite unpredictable.

However, although uncertainty rules most natural processes, natural systems may instil both
randomness and determinism in their processes. A dominant understanding that
unpredictability is a component of predictability, suggests that there is a “virus of
randomness” infecting only specific phenomena. Recent studies indicate that this hypothesis
is inaccurate and misleading (Dimitriadis et al., 2016); in fact, determinism and
unpredictability can actually coexist, although the latter has a wider time-window of
predictability than the former, in which predictability dominates unpredictability.

Since solar and wind energy seem to be very appealing worldwide due to their advantages,
this chapter focuses in the investigation of solar irradiance and wind speed behaviour in order
to define their predictability time widow.

Energy production may reserve risks that could have both practical and financial
consequences to the system:

e Energy production means can be very expensive during their installation. However,
the cost may increase due to constant preservation processes in order to preserve the
lifespan of the operator.

e An unexpected failure on the operators could postpone energy production if there is
no adequate back-up plan.

e Reservoir of energy surplus installation is also a considerable financial factor that can
affect the operation of an energy system if it is not exploited wisely and when truly
necessary. Storage of energy deposits should be explored through holistic studies and
not just financial optimization considering cost as the only parameter of management.

e Natural Processes from which renewable energy resources derive can be quite
advantageous due to their ability for infinite power supply. Nevertheless, their
inherent uncertainty could render them disadvantageous.

e Unreliable forecasting cannot promise the safe operation of the system since it is
based on erroneous data.

Short-term prediction of natural processes could be proved essential in energy production and
it may orient to a more sufficient operation of energy systems. Forecasting was being applied
hundreds of years ago, even when there were no respective technological means to
investigate it properly. Reaching today it is already applied in multiple sectors. Many
functions have become quite complex because of their multi-varied dependence. Predictions
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can be an indirect mean to reduce the uncertainty of a function’s nature. That means that
more emphasis should be given in prediction generation due to its crucial necessity.

3.2 A brief history of forecasting

The human kind had conceived the idea of forecasting centuries ago willing to fulfil its need
for preparation, programming and precaution. In order to explain the change of seasons and
various weather phenomena ancient civilizations starting observing the changes in the
behaviour of natural elements and processes such as the movement of the sun, precipitation
or motion of clouds. More specifically, humans relied on visual proof and weather wisdom
that they tried to record. In 650 BC, Babylonians pursued to produce short-term weather
forecasting based on the behaviour of clouds or through astrology. Later in 300 BC, Chinese
people were able to create a calendar depicting a year that included 24 festivals. The grouping
occurred according to weather conditions ( https://earthobservatory.nasa.gov/ ).

Ancient Greeks were also pioneers in weather forecasting. Although ancients Greeks used
mythology and the action of gods or divine creatures to explain changes in the weather, the
Greek philosopher Aristotle (384-322 BC) developed theories about the explanation of
natural phenomena such as winds, thunders or lightning, hurricanes etc. In fact, he compiled
his theories in a four-volume dissertation named ‘“Meteorologica (Metewpoloyikd) .
Although some of his sayings in the book were inaccurate, it was centuries later that they
were rejected by modern ones. The successor to Aristotle in the “Peripatic School” (a school
of philosophy in Athens, Greece) was Theophrastus, who also documented his investigation
in weather forecasting in a book with the name “Weather Signs (Ta Mepounvia)”.

Optical observations and speculations were inadequate for forecasting. A huge obstacle on
weather predictions generation was the lack of suitable equipment and measurement tools.
During the Renaissance, the need for scientific training and development of technological
means was obvious. By the end of the 17" century, the contribution of new appealing theories
developed on forecasting and the invention of instruments capable of measuring natural
processes characteristics enhanced the improvement of predictions. In fact, they started
documenting more data thanks to the new technological means and they were able to create
databases, maps or even wind patterns.

The importance of immediate evolution of forecasting appears studying the contemporary
history. The English Rodger FitzRoy (1805-1865) was another pioneer who lived during the
19" century. He actually introduced the word “forecast” to the scientific community. At that
time, wild storms near British coasts costed the lifes of many men. After a deadly shipwreck,
FitzRoy was chosen to manage the issue of warnings during the storms. Thus, he started
gathering data from multiple locations near the Coasts of Britain through a telegraph system

that quickly expanded. Consequently, with the accumulation of data, he started producing
weather forecasting to warn ships on time (https://earthobservatory.nasa.gov/ ).
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Forecasting is a need that exists from ancient years and is essential for multiple sectors in
human activities. The radical technological development nowadays has improved forecasting
methods and means helping producing forecasting. Thanks to computational systems and by
automation it is more feasible to manage situations or prevent future difficulties.

3.3 Forecasting algorithms

Nowadays forecasting can be described more accurately as a necessity. It is widely applied to
manage different operations and situations (from weather prediction to economic issues).
Therefore, many methods with various properties have been developed. According to studies
the choice of the most suitable technique depends mostly on the experience of the researcher,
the availability of historical data, the nature of the predicted elements, the availability of time
to fulfil the forecast and the cost of the forecasting method (Chambers et al., 1971).

As far as natural processes are concerned, meteorologists apply the next methods to make
weather forecasting: the Climatology Method, the Analogue Method, the Persistence and
Trends  method and  Numerical = Weather  Prediction = Method  (NWP)
(ww2010@atmos.uiuc.edu). Climatologists create predictions via supercomputers focusing
on numerical or statistical procedures (Alonzo, 2017).

In wind speed and wind power generation forecasting there are four prevailing techniques

that are applied to make predictions according to the literature and they derive from the
generalized methods above; Persistence Method, Statistical Method, Physical Method and
Hybrid Methods (Soman et al., 2010) (Figure 3.1):
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Fig.3.1: Short-term wind power prediction methods.
[Source: Xu et al., 2015]

Persistence and Trend method: The persistence method is considered one of the easiest
methods to create a forecast and it relies on the past. It is based on the principle that a process
will be the same in the near future (the process at time At will be the same as time t+A4t),
providing that the environmental conditions remain unchanged. For example, if wind speed is
the process examined, tomorrow’s wind speed will be the same as today’s data (Soman et al.,
2010). It is a very reliable method for short term forecasting. Persistence and Trend Method
is usually used to benchmark against different prediction methods in order to improve the
forecasting method results.
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Physical Method: This method is applied to produce short to medium weather forecast
(including wind speed forecast). The physical approach uses parameterization of the lower
atmosphere based on the information given from weather service nearby the area of interest
(Soman et al., 2010). Then the prediction of wind speed is produced through Numerical
Weather Prediction (NWP) models where it should emphasize that they are not capable of
providing accurate wind speed forecast when the topography of the area investigated is
complex (Cassola et al., 2012). When it comes to wind power generation, wind prediction is
taken one step further by fitting wind data to the correct hub high of wind turbines and then
applying the power curve of turbines or the logarithmic power law to convert wind process to
Aeolic power (Foley et al., 2010 and references therein).

Statistical Methods: When it is required to create prediction for short horizons, statistical
method can be proven reliable. However, as the time window of forecasting widens, the
prediction error also increases impeding the results given by these methods (Chang 2014).
Statistical methods process many data and ignore the meteorological conditions when it is
destined for energy demand forecasting. A wide variety of statistical techniques such as
autoregressive (AR), moving average (MA), autoregressive moving average model, (ARMA)
and auto regressive integrated moving average model (ARIMA) are applied to create a
statistical relationship between natural processes predicted values and historical data (Foley
et al., 2010 and references therein). The more subtle the difference the smaller the statistical
error; the forecasting becomes more accurate (Soman et al., 2010).

Hybrid Methods: All the above methods can be mixed to generate natural processes
forecasting despite their differences. For example a common application of a hybrid method
is the combination of physical and statistical methods. Short-term and medium-term models
can form another hybrid model (Soman et al., 2010). The hybrid approach makes wind speed
forecasting methods quite versatile.

The choice of the forecasting methodology, when it comes to solar irradiance prediction,
depends on the horizon that the researcher wants to foresee (Figure 3.2). The accuracy of the
forecasting method relies on the predicted horizon. Those methods are classified into two
categories according to studies (Voyant et al. 2016):

The first category refers to methods that are more valid for short-term predictions for
approximately up to 6h. Statistical methods and extrapolation that process Satellite Image
techniques and Ground based image techniques can derive predicted data (Voyant et al.
2016). A way to predict solar radiation through those methods is to calculate the accumulated
light that penetrates a cloud after it is reflected on a satellite chosen for the research or by
measuring the shadow of clouds through spatial resolutions (Arya et al., 2015). Numerical

Weather Prediction models can achieve the generation of solar radiation forecasting usually
using real-time measurements.
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The second category includes integrated Numeric Weather prediction models that can
achieve fairly accurate prediction with a wider time horizon up to 2d and sometimes even
longer than that. When applying Numerical Weather Prediction it is very often that post-
processing will be needed and satellite data may also be involved.
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Fig.3.2: (a) Forecasting error versus forecasting models (left) and (b) Relation between forecasting horizons,
forecasting models and the related activities (right).
[Source: Voyant et al., 2016]

So far, various types of models have been applied weighting the prediction according to the
models’ accuracy on a variety of levels during a research. Many factors can affect the
selection of the method used such as the relevance and availability of historical data, the
degree of accuracy desirable, the time period the researcher aims to foresee, the parameters
included (Jackson et al., 2004) and the cost/value of the forecast (Chambers et al., 1971). It is
essential that the behavior of the process or any effect of bias should be investigated in order
to minimize the estimating error and increase the credibility of the model. The majority of
forecast models can be categorized into three dominating types: stochastic prediction models,
analogue models and machine learning models:

Stochastic (Chaotic) Forecast Models: A stochastic process is defined as a large cluster of
random variables (chaotic behaviour), usually following a non-linear pattern, manifesting
dynamic evolution or describing periodic phenomena (non-stationary processes).
Consequently stochastic forecast models can efficiently represent a phenomenon that includes
randomness due to its data variability. Stochastic forecast models are extensively used in
many sectors such as optimization of energy systems, investigation of hydrometeorological
phenomena even in biology and medical studies.

Deterministic models can be characterized as the opposites of stochastic modelling.  They
receive data as inputs and reproduce the same results no matter how many times the model is
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applied. A strict restriction on deterministic modeling is that factors with uncertainty are
considered external parameters.

On the other hand, the principle followed by stochastic models is that they recognize the
variability of certain factors and incorporate it to the results. Thus, they examine different
scenarios by combining multiple factors and parameters. Every time the parameters change,
the output is modified too offering changeable results. Natural processes appear to have a
significant degree of variability which implies uncertainty. Stochastic modelling can be an
essential solution to create simulations of natural systems. However, it is important that prior
to the construction of the stochastic model it is necessary to study the marginal and
dependence properties of the process of interest (Koutsoyiannis and Langousis, 2011).

Although natural processes are mostly defined by unpredictability, the paradox is that they
exhibit some autocorrelation on short timescales and subsequently they could be also
characterized as “chaotic deterministic models” (Breuer, 2011), implying that chaos theory
can provide an alternative to either stochastic or deterministic models.

Machine Learning (Artificial Neural Networks): As technology constantly evolves,
artificial intelligence is becoming more and more prevalent in many scientific sectors,
including forecasting. Through artificial intelligence, algorithms can improve their
performance and minimize their statistical error to a degree by evaluating the situation they
examine (Makridakis et al., 2018). Machine learning models rely the way they operate on
artificial intelligence.

Machine learning (ML), a mix of statistical models and mathematical optimization, is a new
method that computational systems exploit to estimate a prediction (Ahmed et al., 2010). An
algorithm tries to trace the relationship and the correlation the variable examined has with the
data inserted as input. Machine learning is directly correlated to statistics, but there is an
important difference. Results from statistical methods are based on the examination of a
specific sample depending on the nature of the research while ML models generalize
predictive patterns. Many researchers have combined statistical and machine learning
methods, creating a new field in science called “Statistic Learning” (James et al., 2013).

By inserting the input of interest, the machine learning models are able to predict a future
situation or even make a decision. In fact, some machine learning techniques, such as
artificial neural network, are inspired by the human brain’s neurological networks
(Solomatine, 2010). ML algorithms, combining new software with the human intelligence
and specialization, have multiple sectors of application, every sector of the economy such as
workforce planning, real-estate market, stock/shares, but can be easily used in natural
systems (Sharma et al., 2011, Tomasino et al., 2009,), biophysical parameters, medical
investigations or even human functions and human behaviour examination as well. A very
important feature of machine learning forecasting models is that they are based on past states.
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This means that the performance of a ML model improves if there are adequate historical
data and especially a database updated with recent measurements.

ML can be divided into two main categories: supervised and unsupervised learning. The
former category uses a database that includes both the input and the desired outcome in order
to create the prediction algorithm; when the output is limited to a certain group of values the
machine learning is called classification model, but when the output of the prediction is
included in a range of values the algorithm is called regression algorithm. The latter subgroup
(unsupervised learning) performs its tasks only by inserting the input solely without the
output to the model (Brownlee, 2016).

Analogue Models: The Analogue Model, or Analogue-based Ensemble Model, does not use
any mathematical expressions between the variables. On the contraire, it focuses exclusively
on repeating patterns and patterns’ changes that appear in the past. It is important to note that
the Analogue Model is capable to produce mostly short term forecast.

A recent study suggests that the analogue model relies on the creation of a Probability
Distribution Function (PDF). After calculating the PDF of a process from the historical data
the forecast is then generated. In order to verify the credibility and accuracy of the forecast,
current predicted data are compared to the historical values of the process examined (Written
by Laura Clemente-Harding as a part of the Warner Internship for Scientific Enrichment
(WISE) Teaching Material Development Version 1.0)

Another approach of the Analogue model indicates that the prediction can be produced by
examining historical data of a process (Dimitriadis et al., 2016). By investigating past states
in a process, called neighbours, the analogue model can estimate a prediction in the lead time
of interest. Consequently, in order to examine timeseries and time projection that is based on
the past, adequate historical data are of significant importance (Fraedrich et al., 2003).
Analogue models may often require post-processing in order to minimize the estimating error
and enhance both the reliability and the statistical consistency (L.D. Monache and S.
Alessandrini, 2015). Analogue models can be efficiently applied to natural processes or any
other kind of timeseries that has documented past data.

Hybrid models: Many cases may allow or may even impose that the optimum mean for
prediction is a model that focuses on more than one forecasting method. For example, a
previous study has successfully presented the amalgamation of an analogue model with a
machine learning model called NLAPA (non-linear analogue predictor analysis). This hybrid
method maintains the characteristics of both sub-methods, proving that it can outperform by
producing satisfying outputs in hydrometeorology and climate downscaling (Cannon, 2007).
Neural networks (machine learning) are not only functional with the analogue model. A
stochastic approach of the machine learning algorithms, which is another hybrid method, can
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also guarantee a good performance in specific cases, including biology and medicine
researches, compared to other models (Tian et al., 2003).

The choice of the model depends on multiple parameters according to the case in question.
Each forecasting model can outperformed compared to the others. Yet, there are significant
disadvantages that can define the reliability of the model and the simplicity that each model
can stand.

To begin with, the analogue model is very easy to construct and that casts it quite popular
(Koutsoyiannis et al., 2010). Still, its performance deteriorates as processes are examined in
the long term; the shorter the horizon, the better the prediction (Fraedrich et al., 2003).
Moreover, in order to optimize the performance of the analogue model, calibration is needed
to increase statistical consistency and reliability and to eliminate the error (L.D. Monache and
S. Alessandrini, 2015) and also even if the analogue-ensemble based algorithms produces
valid predictions, consistency is not granted in deterministic, natural processes
(Koutsoyiannis et al., 2010).

A very important step in forecasting is to pinpoint the degree to which a prediction algorithm
is efficient and whether it is feasible to ameliorate their performance. Baseline and
benchmark models are applied as comparison indexes to compare if the behaviour of the
model improves or deteriorates.

Baseline models: The forecasting models also include baseline models. Baseline models are
very basic algorithms that can predict data of interest. They are created in order to compare
their results with the output of another more demanding forecasting model.

Baseline testing is often applied first in order to set “a point of departure” that can be
exceeded in order to optimize the performance of the model compared to it. It compares
present performance of application with its own previous performance intending to clarify
whether changes in modelling affected the accuracy of predictions. It is used as an index to
help the researcher proceed in any modifications needed to improve the output of the model.

It is often used in machine learning. Machine learning can regularly present different
scenarios-output when modifying the parameters. Consequently, a new baseline model is
created to figure the quality of the performance.

Benchmark models: Benchmark modelling is another procedure to evaluate the capabilities
of a forecasting model. For instance, it can be the point of comparison with a forecasting
model; or it can also perform as a comparison indicator with market or industry data.
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Benchmark models should run at the beginning of the procedure of forecasting to define a
threshold for comparison. They essentially set the point which the forecasting model must
overcome to be more reliable.

After comparing forecasting models performance, some interesting conclusions came up. As
far as machine learning/neural networks models are concerned, they have good performance
in the near future, just like the analogue model. However, when estimating predictions in the
long-term, its behaviour deteriorates by either overestimating or underestimating the
predicted value (Solomatine, 2003). This occurs because all statistical methods are based on
the principle that processes progress following a certain repeating pattern especially on
shorter horizons (Chambers et al., 1971). Consequently, lack of recent data in the processes in
question may distort the prediction in both machine learning and analogue models.
Additionally, both analogue-ensemble based models and NLAPA models cannot predict
more values than the length of the examined timeseries and consequently post-processing
step is needed (Cannon, 2007).

The comparison between the hybrid model NLAPA and analogue models indicates that it
shows the ability of matching the performance of analogue models that rely on linear
dimension reduction or predictor scaling algorithms when the relationship between the data
used for the forecasting model and the predicted data is linear, and outreaching the
performance of the aforementioned models when there is a nonlinear relationship. The
outcome of experiments performed on real-world datasets proved that NLAPA (the hybrid
model) can outperform in complicated synoptic- to local-scale relationships, like
precipitation, while preserving inter-variable relationships and spatial relationships between
sites (Cannon, 2007).

Finally, a recent study suggests that since nature is dominated by randomness, a stochastic
approach can be an optimal solution for forecasting natural processes behavior due to the
theory of maximum entropy (Koutsoyiannis et al., 2010). Additionally, after comparing
stochastic forecast models to other types of forecasting models it was concluded that not only
can they outperform and predict accurate results of future values in short univariate
timeseries  like machine learning models (Papacharalampous, 2019), but also in
hydrosystems predicted values of stochastic models can be more valid than the results from
analogue models (Koutsoyiannis, 2011).
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4. Sensitivity analysis of forecasting algorithms

4.1 Sensitivity analysis of wind speed and solar radiation processes for
calculation of predictability time-window

The short-term investigation was focused on wind speed (in which H=0.61 and g=15) and
solar radiation processes (where H=0.81 and gq=2) since Wind and Solar energy are the most
popular renewable energy resources worldwide. Two models were applied for the calculation
of the short-term predictability time horizon. The first one was a benchmark model while the
second was a more sophisticated stochastic. More information about the models will be
elaborated later on this chapter.

The data related to wind processes were once again from the MIT database since it provided
full and wide-lengthen timeseries. When examining solar irradiance data it appeared that
processing data from 40 stations would be time consuming and complex. Across the 40
stations, station No35 in Eugene Airport, also known as Mahlon Sweet Fields, located in
Lane County, Oregon U.S.A was chosen to apply tests related to the investigation. After
examining the data from all stations, data from Eugene Airport database were the most
accurate since it contained the most recorded data with the least gaps. Thus, it was efficient to
produce more efficient results since a reliable database was exploited.

Both wind and solar processes may reflect the phenomenon of double periodicity which is
attributed to the orbitals that Earth performs, creating the changing from day to night and the
sequence of seasons within a year (Figures 4.1, 4.2, 4.3, 4.4). Therefore, wind speed and solar
radiation are prone to double cyclo-stationarity, both diurnal and seasonal (Koudouris, 2017;
Gkolemis, 2019). More analytically, when the statistical parameters (mean and standard
deviation) of a process maintain unchanged over time, the process is characterized as
stationary (Koutsoyiannis, 2013). Researches have already examined the hourly and monthly
statistic parameters of solar irradiance and wind processes, proving that it can affect the
behavior of the respective natural processes through time but it can also be harnessed by
applying certain models and simulating them through specific distributions.
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Fig.4.2: Illustration of seasonal periodicity effect on wind speed process.
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In order to examine whether double cyclo-stationarity would sway the performance of the
forecasting methods, a simple method was applied to restrict this effect; After calculating the
statistical parameters (u=mean: central tendency and o=the standard deviation: the square
root of variance) of each of the two timeseries of interest on the hourly and monthly scale
(since the effect refers to diurnal and seasonal periodicity), the simplified expression below
was implemented in each value; the mean was subtracted at each value examined and the
difference was divided by the standard deviation:

7 S _M' ]
§ =1 (Eq.4.1)
O'i]-

where § = value of interest (in this case either wind speed or solar radiation), u=mean and
o=standard deviation. The i, j indexes refer to the respective hour and month (i= hour,
varying from 1 to 24 and j= month, varying from 1 to 12).

In the following section of this chapter, several prediction models were tested in order to
identify the degree of predictability short-term. The tool that was used to determine the
time-window of predictability throughout the two processes was the Nash and Sutcliffe
coefficient.

The Nash-Sutcliffe efficiency coefficient is an index that determines the efficiency of model
outputs. Its contribution helped examine whether the predictions produced from the
Benchmark models and the analogue model were accurate and to what extent. The Nash and
Sutcliffe coefficient (abbreviated as F), expressed from the mathematical equation below,
varies from —oo to 1.

| _ 28 3% GO - sa@)’

F=
sn_, $hd(5() - sq(@)

(Eq.4.2)

where §= the prediction on lead time , sy = data of interest , where d is an index for the

sequential number of the experiments, § = timeseries mean, the double sum is in case
where n timeseries similar to the original one are applied, i denotes time, bd is the total
number of recorded frames in the d™ experiment.

Before applying the analogue model which is the main forecasting model that it is examined
in the current thesis, two naive benchmark models where applied in order to compare their
results with the performance of the ensemble model.
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The first Benchmark model, abbreviated as B1, follows the hypothesis that the predicted state
§ of the examined value of interest is equal to the mean state of the timeseries s:

(c+D)a=5 (Eq.4.3)

where tA is the present time in s (t >dimensionless time), IA the lead time of prediction in s
(I'>0) and A the sampling frequency (in this case A=1).

Since the prediction constantly coincides with the mean of the timeseries applying the B1, the
F coefficient will always get zero values as an output. Consequently the B1 model was
applied to illustrate that whenever the Nash and Sutcliffe coefficient produced from each
forecasting model is equal to zero, F=0, the model predictions are as accurate as the mean. It
should be noted that by the time F<0, the model accuracy aggravates significantly, indicating
that the model is useless from that point. That means that a model’s accuracy can be defined
while the F coefficient varies from 0 to 1, 0<F<l. For that reason, it was considered
redundant to depict B1 on diagrams since the horizontal axis indicated the limit of efficiency.
Therefore no negative values will be depicted while illustrating the Nash and Sutcliffe
coefficient.

Another naive benchmark model was tested for natural processes forecasting and for short it
will be abbreviated B2. This benchmark model could calculate av indicative, minimum
horizon of predictability. Specifically, its main use was to basically compare it with the
stochastic model applied later, to ascertain if there is any room for improvement on the
predictions. This model follows the principle that the prediction § of a past state is the current
value s, ignoring the how long the timeseries can be:

(c+D)a=s (Eq.4.4)

where again tA is the present time in s (t >dimensionless time), 1A the lead time of prediction
ins (I >0) and A the sampling frequency (A=1) (just in the B1).

B2 was tested for both wind speed process (Figure 4.5) and solar radiation process (Figure
4.6), including both the initial (as retrieved from the database, with real time data) and the
standardized timeseries (after reducing the effect of double cyclo-stationarity). The results
can be illustrated on the next figures:
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Fig.4.5: Application of B2 benchmark model on wind speed timeseries both the initial and the standardized one.
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Fig.4.6: Application of B2 benchmark model on solar radiation timeseries both the initial and the standardized one.
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As far as the wind speed process is concerned, the B2 model seems to outperform on the
initial timeseries calculating a time-window of 11h, while the standardized one reduces the
horizon of predictability to approximately 7.5h. On the other hand, although solar irradiance
IS supposed to be affected more conspicuously by double cyclo-stationarity, the application of
the B2 depicted that before after the standardization on the original timeseries the
predictability time-window was approximately the same, approaching 4 hours.

The B2 was actually tested in order to compare it with the stochastic analogue-ensemble
forecasting model which is a very popular and quite simple model applied for forecasting. It
has already been applied in multiple processes and chaotic systems, including natural
processes and other kinds of experiments (it has also been applied on a recent study where the
predictability window was aimed to be calculated after throwing a dice) (Dimitriadis et al.,
2016). Therefore, it was chosen to create short-term predictions of natural processes when it
comes to power generation. The application of the model on natural processes has proven so
far that it corresponds efficiently.

The analogue model applied (also known as deterministic data-driven model) (Dimitriadis et
al., 2016) is based on the hypothesis that natural processes include repeating patterns in the
past, following an almost deterministic behavior. Thus, in order to produce the predicted
values backdated, natural processes data is examined.

First of all, the analogue model uses a percentage, p, of the timeseries in order to make
validation of the predicted states. The remaining percentage of the timeseries is the “past”
which is investigated in order to pinpoint the repeating past states. The prediction of future
states s((t + [)4), depends on h past states s((t — r + 1), re[1,h]. Each past state is a group
of k similar states of the timeseries which are also called neighbors or analogues of each

value examined s; ((tj -r+ 1)A). Afterwards, all the neighbors are compared to the value

of interest with the condition that each neighbor (j= € [1,k]) for all r conforms to this
mathematical expression :

||sj ((G—r+1)a)=s(c—r+ 1)A)|| <g (Eq.4.5)

where g is the error defined to ensure the degree of reliability of the forecasting.
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Once all the neighbors are examined with the criteria that they do not differ longer than the
predefined threshold, the predicted state 5 at lead time 14 can be generated as:

(e +Da) =3+2, 5 (4 +1)a). (Eq.4.6)

For the efficiency of the analogue model when applied on the relative natural processes, the
percentage p was estimated at 30% for the part of the validation of the prediction.

The lead time in which the time window of predictability would be detected included 24
hours. The selection of the time range in which the time window would be detected was
based on the hypothesis that short —term forecasting could optimize energy systems operation
by introducing a day-to-day operational planning since natural processes from which
renewable energy resources derive from. Additionally, after an extend research on the
literature it was concluded that a 24-hour ahead forecasting has been a subject of interest on
the scientific community before aiming the optimization of energy systems’
performance(Cococcioni et al., 2011, Adeshina et al., 2017). Multiple and long preliminary
tests evaluating the estimating error were performed. For the wind speed timeseries
investigation the estimating error was calculated g=0.5, relying on the accuracy of the
corresponding measuring instruments of wind. The same tests were followed on the
definition of the threshold of solar irradiance where it was calculated g=0.5 too.

Since the forecasting model would be applied on the standardized timeseries too, the same
procedure was repeated to calculate the estimating error g followed by subtracting mean from
each error and eventually their difference was divided by the standard deviation.
Additionally, the error was also properly rounded to match the new range of data on the
standardized processes. Consequently, the results were: g,,=0.15 for the wind timeseries and
Js = 0.1 for solar process.

An additional attempt to optimize properly the computational error of the analogue model led
to the application of an objective function. By applying pessimistic and average threshold
scenario on the timeseries the results were modified accordingly, following the behavior of
each process explored.

A sensitivity analysis on Matlab was applied to examine the reliability of the forecast over a
number of multiple neighbors h of the past states of the value tested. After initializing the
application of the stochastic model on the long timeseries, the computational burden was vast
for Matlab to process since the duration of each test would last over month, delaying the
investigation dramatically. Consequently, a pilot application of the deterministic-driven
model was performed on a year of each corresponding timeseries.

The criteria for selecting a reliable year which would correspond sufficiently was to present
similar statistical parameters with the original long timeseries and also include as many
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documented data as possible, avoiding to generate inaccurate forecasting due to lack of
measurements. Since the statistical parameters, mean and standard deviation, of the original
wind speed timeseries were calculated pu= 5.45 and 6=2.48 respectively, a year with similar
features (u=5.77 and 0=2.78) was finally chosen, including a subtle percentage of gaps
appearing measurements. Additionally, the statistical parameters of the solar radiation
process was estimated p=159.42 and 0=250.54 while in the year that will eventually be
explored the statistical parameters are p=159.09 and ©=248.53 also presenting an
insignificant lack of data that could possibly distort the results. When evaluating this decision
over the examination of the standardized timeseries, the results were quite satisfying; on the
standardized wind speed process, the mean was calculated p=0 and the standard deviation
0=0.98 while in the single-year standardized timeseries u=0.91 and ¢=1.06. Furthermore,
solar radiation standardized timeseries statistical parameters were p=0 and ¢=0.91 while in
the selected year presented u=0.05 and 6=0.94.

Since the timeseries of interest were significantly modified, the benchmark model B2
(Figures 4.7-4.8) was tested once more on the single-year timeseries, presenting new results
on the figures below.
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Fig.4.7: Application of B2 benchmark model on wind speed single-year timeseries both the initial and the
standardized one.
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Fig.4.8: Application of B2 benchmark model on solar radiation single-year timeseries both the initial and the
standardized one.
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While the application of B2 on the full-length timeseries of wind speed calculated the time
window about 11 hours, when reducing the data to one year the predictability window is
remotely limited to 9 hours. However the results from the single-year timeseries deteriorates
dramatically to 1.5 h compared to the standardized timeseries with total data. Furthermore,
the performance of the B2 model when tested on single-year solar irradiance timeseries did
not change significantly, calculating the time window to approximately 4 hours while in this
case the standardized single-year timeseries subtly outperformed over both the initial total
timeseries and the single-year timeseries before the standardizations.

Furthermore, the next step to the identification of the time horizon where determinism
conquers unpredictability in the natural processes of interest is the presentation of the
sensitivity analysis performed on the analogue model after testing it for various analogues
(neighbors) varying from 3 to 20 (Figures 4.9~4.16).

Once more when the application of the analogue model started, the computational burden was
significant as well leading to tests that lasted very long (Table 4.1). Taking into consideration
that the model was applied for four timeseries (wind speed process, wind speed standardized
process, solar radiation process, solar radiation standardized process) each one tested for both
scenarios of the error, the time needed to complete the tests was multiplied by eight.

Table 4.1: Indicative duration of the application of the analogue model when tested on the single-year

timeseries
(22;?258:) Duration
h hours minutes
3 2 25
4 2 30
5 2 35
6 3 0
7 3 10
8 3 30
9 3 40
10 4 0
11 4 10
12 4 25
13 4 50
14 4 0
15 5 10
16 5 30
17 6 0
18 6 15
19 6 0
20 6 30

Total time ~ 78 h --> 3.25d
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When applying the sensitivity analysis by testing the analogue model and the second
benchmark model, the results generated where representative only for a specific number of
neighbours. While increasing the number of analogues h, the forecasting would produce more
accurate predictions. However, the limited length of the timeseries (since only one year was
tested eventually) started to affect the sensitivity analysis after a given point. By significantly
increasing the amount of the analogues, which would be explored to define the predicted
state, the length of the timeseries would be further limited, generating less and worse
predictions. Consequently the F coefficient would approach the value of 1, implying that the
accuracy of the prediction was improved which is misleading since the results where the
abrupt improvement of the F exponent were fictional. The following figures show the results
of the sensitivity analysis that gave realistic results, omitting the amount of neighbours that
generated fictional predictions
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Fig.4.9: Sensitivity analysis of analogue model (gna=0.5), compared to B2 on wind speed from the station in the U.S.A.
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Fig.4.10: Sensitivity analysis of analogue model (Qaverage=0.5), compared to B2 on wind speed from the station in the U.S.A.
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Fig.4.11: Sensitivity analysis of analogue model (gna=0.5), compared to B2 on standardized wind speed from

te station in the U.S.A.
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Fig.4.12: Sensitivity analysis of analogue model (Gaverage=0.5), compared to B2 on standardized wind speed

from the station in the U.S.A.
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Fig.4.15: Sensitivity analysis of analogue model (g2x=0.5), compared to B2 on standardized solar radiation

from the station in the U.S.A.
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Fig.4.16: Sensitivity analysis of analogue model (gaverage=0.5), compared to B2 on standardized solar radiation

from the station in the U.S.A.
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As far as wind speed process is concerned, the analogue model outperformed over the B2 that
proved it could foresee 9 hours, providing a wider time-window of predictability. In the case
where the error was more pessimistic (Figure 4.9), the predictability window can reach up to
11 hours. However, the average error may perform a prediction of approximately 14 hours
(4.10) which is a respectable improvement of the analogue performance compared to the
other tests.

Moreover, the standardized wind process, where the double cyclo-stationarity effect is
restricted, the average error on the sensitivity analysis maximized the lead time of prediction
up to 16 hours (Figure 4.11), while when using pessimistic error would predict accurately 13
hours (Figure 4.12), taking into account that it is a more conservative condition. Once more
the analogue model performed more efficiently against the benchmark model that had a
limited time window of just 1 hour.

On the solar radiation sensitivity analysis, the alteration of the error did not seem to affect
significantly the performance of the model considering that in both tests the prediction
reached the 8 hours (Figure 4.14), although the more conservative error generated a slightly
longer time horizon of predictability (Figure 4.13). Contrarily, the naive benchmark model
would foresee only 4 hours ahead.

Finally, the investigation of the predictability window on the standardized solar irradiance
process gave interesting results. As presented in the sensitivity analysis of the non-
standardized timeseries, the selection of the error scenario, did not alternate the duration of
valid forecasting since they both calculated a time window lasting approximately 13 hours
(Figures 4.15-4.16). This last test verified that in both processes, wind speed and solar
radiation, the analogue-ensemble model seems to be more efficient compared to B2.

4.2 Exploration of predictability horizon through the climacogram

As it has already been noted in previous chapters, through the investigation of the
climacogram it is feasible to determine the degree of inherent uncertainty on
hydrometeorological and geophysical processes. Applying the sensitivity analysis on wind
speed and solar radiation processes proved that determinism can actually prevail over
unpredictability for a limited amount of time. Focusing on the exploration of the climacogram
(defined as the log-log plot of variance of the averaged process versus averaging time scale)
on shorter scales could provide a preliminary calculation of the predictability time-window

It is reminded that sensitivity analysis tests denoted that the analogue ensemble- model
combined with the average threshold displayed more satisfactory results. Thus, only those are
being evaluated and the conclusions are presented in the table below. When examining the
climacogram in shorter scales, it is observed that when variance begins to take values lower
than approximately 0.5, the correlation between the values (from either wind speed or solar
radiation processes) deteriorates in terms of the climacogram, indicating that determinism
starts to fade from that point on. Sensitivity analysis verifies that the time window can be
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detected within that period of time, where there is adequate correlation between the values,
since the Nah and Sutcliffe efficiency coefficient takes values greater than 0 (zero).

Another aspect to study predictability is to observe that when the F coefficient aggravates
taking negative values, so does the correlation between values of the examined natural
processes. This hypothesis proved to be valid by investigating either wind speed process or
solar radiation behavior. The results can be shown on the graphs and tables below where the
climacogram is compared with the Nash and Sutcliff efficiency coefficient F.
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Fig.4.17: Climacogram of wind speed focusing on short-term behavior.

Table 4.2: Climacogram and Nash and Sutcliffe efficiency coefficient correlation in wind speed process.

Wind speed data MIT Wind speed standarized data MIT
climacogram l\!a_sh and Sut?lif'fe climacogram I\!a_sh and Sut?lif'fe
efficiency coefficcient efficiency coefficcient
(69) ® (¢9) G
3h 0.67 0.56 0.85 0.51
6h 0.52 0.31 0.76 0.28
9h 0.45 0.17 0.70 0.18
12h 0.39 0.03 0.65 0.07
15h 0.36 <0 0.58 0.029
18h 0.34 <0 0.54 <0
21h 0.32 <0 0.51 <0
24h 0.30 <0 0.48 <0
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Fig.4.18: Climacogram of solar radiation focusing on short-term behavior.

Table 4.3: Climacogram and Nash and Sutcliffe efficiency coefficient correlation in solar radiation process.

Solar radiation data from station No35 SN i s_tandarlzed e L
station No35
. Nash and Sutcliffe . Nash and Sutcliffe
climacogram . . climacogram .. .
- efficiency coefficcient - efficiency coefficcient
(3] (=)
3h 0.85 0.9 0.82 0.4
6h 0.75 0.34 0.70 0.25
9h 0.57 <0 0.57 0.14
12h 0.19 <0 0.44 0.059
15h 0.32 <0 0.47 <0
18h 0.24 <0 0.43 <0
21h 0.19 <0 0.40 <0
24h 0.17 <0 0.40 <0
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5. Investigating the degree of predictability in the case study of
Astypalea, Greece

5.1 The significance of uncertainty for the green energy autonomy in non-
connected Greek islands

Most of the Greek islands, especially remote Aegean islands, are not connected to the
electricity network of the mainland and depend only on oil-fuelled power plants, which have
a high oil import cost and a high environmental impact. The continuous
advances in renewable energy technology along with the gradual reduction of installation
costs, pave the way towards a wider adaptation of renewable energy. Effective planning of a
renewable energy resources system requires the investigation of renewable resources and
energy demand. Such a case study was implemented in the remote island of Astypalea with
the expectation to create a sufficient and autonomous energy system on a non-connected
island.

The non-connected island of Astypalea is located in the Aegean Sea in Greece and it is the
fourth largest island that belongs to the Dodecanese islands (Figure 5.1). It covers an area of
97 km2. Its coastline extends to 110 km. It is located west of Nisyros and east of Anafi
(Cyclades). The recorded distance of Astypalea from the island of Kos is 23 nm, from the
island of Rhodes 96nm and from Piraeus 117 nm. The airport of Astypalea connects the
island directly with Athens, Leros, Kos and Rhodes.
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Fig.5.1: Location of the island of interest Astypalea.
[Source: earth.google.com- maps.gogle.com]
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While the municipality of the island belongs to the patchwork of Dodecanese islands,
Astypalea geographically is closer to the Cyclades. Thus, it operates as a geographical and
cultural “bridge” that connects the two patchworks.

The island of Astypalea counts about 1.334 residents (according to demographical data).
However, it can annually attract a considerable amount of 20.000 tourists from all over the
world. As a result, the greater percentage of energy is consumed to cover residential needs as
well as the needs of tourism enterprises. Consequently during the summer season energy
demands increases dramatically. Electricity system of Astypalea that is not interconnected to
the mainland, , use low-efficiency autonomous oil stations (diesel and fuel oil) installed since
the 1960s and 1970s, with local production plants operating at maximum load to meet energy
demands especially during the summer months due to sharp increase of the number of
tourists.

An explicit factor of great significance is the high cost of energy on the non-connected
islands compared to the expanses on the mainland. The average cost of electricity production
for the autonomous power stations according to the official data of HEDNO in August 2017,
stood at 336.96 € / MWh, which is about seven times the continental system limit value,
which was around 50 € / MWh (Table 5.1).

Table 5.1: Average power generation cost for non-connected islands.
(Source: HEDNO, 2016)

Island Average Production Cost
(€/MWh)

Astypalea 286,06
Anafi 3902
Antikythera 945 72
Ikaria 379 83
Symi 245,12
Rhodes 173,77
Milos 146,20
Paros 114,49

The non-connected island of Astypalea is a case of great interest that has triggered other
researchers in the past as well. Since there are no installed stations on the island that measure
meteorological data, the data used in this case study were obtained from a previous
investigation that was presented in the EGU 2017, Vienna (Chalakatevaki et al, 2017) where
an electricity mix in the island of Astypalea was created. Measurements from meteorological
stations located in islands and regions nearby the island were exploited to produce synthetic
timeseries which are applied in this study.
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In the case study of Astypalea six renewable resources were examined (solar, wind, marine,
hydropower, biomass and geothermal) in order to create a sufficient energy mix
(Chalakatevaki, 2017). The hydrometeorological variables were treated as stochastic
processes with deterministic components. In the absence of meteorological stations at the
exact location, the diurnal and seasonal periodicity of temperature and dew point were
estimated from nearby stations (Hadjimitsis et al., 2017), as well as the energy demand and
the cross-correlations among all processes (Koskinas et al., 2017).

The possibility of hydropower production in the island was based on an existing water basin,
and a simulation framework for 10 small-scale reservoir systems was modelled (Papoulakos
et al., 2017), with respect to high solar (Koudouris, 2017), wind and wave energy (Moschos
et al., 2017). The potential of deploying agricultural residues, as well as cultivating energy
crops with low irrigation demands for biomass energy production, was investigated. Taking
into account that Astypalea is located at the Volcanic Arc of southern Aegean Sea, the
potential of implementing measurements in order to verify the possibility of geothermal
energy was also considered (Chalakatevaki et al., 2017).

It is noted that when designing an energy system based only on weather-related renewable
energy resources, i.e. solar, wind, marine and hydroelectric energy, the peak hourly demand
is not satisfied due to energy imbalance and a great amount of energy surplus, uncontrollable
and unsynchronized with the demand, is produced. Therefore, biomass and geothermal
resources were added to the energy mix in order to cover the remaining deficit and a pumped-
storage system was used to store electric energy surplus and satisfy the peak deficits
(Chalakatevaki et al., 2017).

The implementation of the renewable energy mix resulted in a high installed capacity since
the installed power of each renewable energy source does not always synchronize with the
demand and a rather high installation cost. The examined solutions still had a high
implementation and maintenance cost, and therefore, it was reasonable to consider using
thermal stations.

In the near future, it is expected that the cost of renewable resources will be further reduced
and the proposed solutions could be more attractive from a financial, societal as well as
environmental point of view.
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Fig.5.2: Climacogram demonstrating the uncertainty among the various renewable energy technologies
examined in the case study of Astypalea Island.
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Fig.5.2: Climacogram demonstrating the uncertainty among hydrometeorological processes investigated in the
case study of Astypalea Island.
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5.2 Sensitivity analysis of wind speed and solar radiation processes for

calculation of predictability time-window in the island of Astypalea

The remote island of Astypalea faces many challenges since it is not connected to the main
energy distribution system of the mainland. The concept of creating a microgrid (Lasseter and
Paigi, 2004, Lee et al.,, 2016) (a micro-scale, autonomous energy system that is often
suggested for remote islands and non-connected areas aiming to support the increase in
energy demand, reduce the effect possible problems such as a blackout or a mechanical
failure, improve energy distribution and even limit the operational cost of the energy system)
on the island by redesigning its energy system with renewable energy resources triggered the
idea of investigating the predictability window of wind speed and solar irradiance processes
and compare them to the results from processes from global databases that were evaluated in
the previous chapter. Double cyclo-stationarity was taken into consideration for the processes
in Astypalea as well and thus a standardized process is also created to reduce the effect
following the procedure already described on chapter 4.1.1.; after calculating the statistical
parameters of each timeseries, the mean was subtracted at each value examined and the
difference was divided by the standard deviation (Equation 4.1).

Since the climacogram can provide a preliminary calculation of the time period where
predictability conquers uncertainty when explored on shorter time scales, the first step in the
case study of Astypalea was to make an early estimation of the predictability time window
that will be later verified after applying the sensitivity analysis.

The wind speed climacogram (Fig.5.3) displays higher correlation for approximately 10
hours according to the climacogram, indicating that predictability on that period of time is
sufficient till that point compared to the next hours. Thus it is expected that the predictability
time window will last about 10 hours for both the original and the standardized timeseries
(Table 5.2).
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Fig.5.3: Climacogram of wind speed in Astypalea focusing on short-term behavior.

Table 5.2: Astypalea’s wind speed climacogram values calculated for 24-hours.

Wind data from Wind standarized
Astypalaia data from Astypalaia
3h 0.67 0.67
6h 0.52 0.52
9h 0.45 0.45
12h 0.39 0.39
15h 0.36 0.36
18h 0.34 0.34
21h 0.32 0.32
24h 0.30 0.30
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A far as the investigation of Astypalea’s solar radiation process is concerned, the short-term
display of the climacogram (Figure 5.4) presents sufficient behaviour with high correlation
for approximately 10 hours, which deteriorates from that point on. Consequently solar
radiation process can be predictable for at least 10 hours. Additionally the climacogram of the
standardized timeseries presumes that the predictability time-window could reach up to 10
hours implying that predictability within that period of time will be accurate (Table 5.3).
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Fig.5.4: Climacogram of solar radiation in Astypalea focusing on short-term behavior.

Table 5.3: Astypalea’s solar radiation climacogram values calculated for 24-hours.

Solar data Standarized solar
fromAstypalaia |data from Astypalaia
3h 0.91 0.91
6h 0.73 0.73
9h 0.55 0.59
12h 0.19 0.24
15h 0.26 0.53
18h 0.17 0.51
21h 0.12 0.50
24h 0.10 0.49
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Since the computational burden would delay the process again, it was decided that trial
testing on a single year of the timeseries would be performed in order to obtain representative
results through the sensitivity analysis. The criteria were the same followed in the previous
chapter, where a year with similar statistical parameters (mean and standard deviation) to the
original synthetic timeseries would be selected for the investigation. The initial wind speed
timeseries had p= 5.58 and 6=3.94 and the standardized had p=-0.1 and 6=0.92. Thus, the
most representative year would display p= 5.85 and 6=4.03 and after the standardization the
statistical parameters would be u=-0.08 and 6=0.94. In solar radiation process of Astypalea,
before the standardization the statistical parameters were calculated p=203.48 and 6=288.09
while after the standardization were altered accordingly; p=0 and o=1. The year with the
statistical parameters closer to the original one’s displayed p=204.60 and 6=290,91 u=0.02
and 6=1.05 after the standardization.

The first stage for calculating the predictability time window for processes in Astypalea was
to apply the second Benchmak model, B2, in order to set a threshold on the prediction
horizon. B1 was also taken into consideration in order to present which values of the F
efficiency coefficient were valid for this experiment. It is reminded that B2 assumes that the
predicted state § is equal to the current state s (Equation 4.4).

The time horizon of predictability was calculated approximately 1h for the non-standardized
wind speed timeseries while after reducing cyclo-stationarity the predictability window
slightly expanded to approximately 1.8 hours. The application of B2 on solar radiation
presented a time window of predictability reaching 1 hour for both the original and the
standardized single year timeseries.

74



Stochastic investigation of short-term predictability of basic renewable energy

resources with application on the non-connected island of Astypalea.
1.00
\ ——1 year timeseries
0.80
\ ——1 year standarized
0.60
oy
0.40
0.20 \\
000 T I I I I I I I I I I 1
0 2 4 6 8 10 12 1

4 16 18 20 22 24
Lead time 1A(h)

Fig.5.5: Application of B2 benchmark model on wind speed single-year timeseries in Astypalea, both the initial
and the standardized one.
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Fig.5.6: Application of B2 benchmark model on solar radiation single-year timeseries in Astypalea, both the
initial and the standardized one.
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After performing the test with the B2 forecasting model, the analogue ensemble model is
applied. The parameters (p, /) used in the case of Astypalea are the same applied in Chapter
4.1.1 on processes retrieved from U.S.A. databases following the same principles. The
estimating error was calculated g=0.5 for both solar radiation and wind speed process while
after the standardization it was modified g; = 0.1 and g,, = 0.15 respectively. A pessimistic
and an average error will be tested in both processes to examine the outcome. The results
presented in the figures below depict the time window calculated from several neighbors
despite the fact that predictions were investigated for analogues 3~20. Just like in the case of
wind speed timeseries from the MIT station and the solar radiation from Eugene Airport,
while increasing the amount of neighbors on the forecasting model, the limited timeseries
started affecting the results of the predictions and thus tests generating realistic results will be
displayed.
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Fig.5.7: Sensitivity analysis of analogue model (g,ax=0.5), compared to B2 on wind speed in Astypalea
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Fig.5.8: Sensitivity analysis of analogue model (Qaverage=0.5), compared to B2 on wind speed in Astypalea.
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Fig.5.9: Sensitivity analysis of analogue model (9,ax=0.5), compared to B2 on standardized wind speed in
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Fig.5.10: Sensitivity analysis of analogue model (Javerage=0.5), compared to B2 on standardized wind speed.
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Fig.5.11: Sensitivity analysis of analogue model (gmax=0.5), compared to B2 on solar radiation in Astypalea.
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Fig.5.12: Sensitivity analysis of analogue model (Qaverage=0.5), compared to B2 on solar radiation in Astypalea.
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Fig.5.13: Sensitivity analysis of analogue model (gmax=0.5), compared to B2 on standardized solar radiation
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Fig.5.14: Sensitivity analysis of analogue model (Javerage=0.5), compared to B2 on standardized solar radiation.
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After the sensitivity analysis was finished, the results could be evaluated. To begin with, in
wind speed process timeseries, the predictability time-window calculated through the
analogue model was wider than the one calculated from B2 which could efficiently predict
approximately 1 hour. However although the pessimistic error is considered more
conservative, the estimated predictability window was 10 hours (Figure 5.7). However, when
testing the average error, the time-horizon where predictions can be considered accurate
reached 9 hours (Figure 5.8), which means that it is reduced by 1 hour from the test on the
same model using the conservative error.

Continuing the evaluation on the wind speed timeseries, after its standardization, the
analogue model outperformed over the B2 model. The analogue model generated accurate
predictions for approximately 3.8 hours using pessimistic error scenario (Figure 5.9). About
the same results were obtained from the application of the analogue model while tested with
an average error slightly improved by 0.2 hours showing that the time window could reach up
to 4 hours (Figure 5.10). Similar to the non-standardized wind timeseries, the B2 model
accuracy reached 1 hour.

Furthermore, the B2 model once again did not seem to improve prediction even after the
standardization of solar radiation process. Both the initial and the standardized timeseries
achieved a prediction that could not exceed 1 hour. Additionally, the alteration of the
estimating error during the application of the analogue-ensemble algorithm did not seem to
significantly affect the length of the predictability window. In the non-standardized timeseries
the predictability window was calculated 10 hours using the more conservative error (Figure
5.11), while during the application of the average error the horizon was reduced by 1 hour,
reaching 9 hours (Figure 5.12). The modified timeseries where cyclo-stationarity was
detained, predictability window was notably worse compared to the one estimated in the
initial timeseries, foreseeing only 4 hours with sufficient accuracy (Figures 5.13-5.14).

In retrospect, the initial hypothesis expressed in the beginning of this section - that the
predictability window for both wind speed and solar radiation process would extend for
approximately 10 hours - should be reminded. The calculation of the predictability time-
window through the sensitivity analysis proved that in solar radiation determinism may
prevail for up to 10 hours while in wind speed the predictability horizon is estimated to 12
hours. In conclusion, it is once again verified that the exploration of the climacogram on
shorter scales can provide an early estimation of the time horizon within which the
predictions generated through certain methods can be valid.

Natural processes may “carry” an inherent degree of uncertainty. The identification of this
degree is of great significance since hydrometeorological and geophysical processes may be
exploited for the generation of renewable energy, given the fact that those natural processes
are infinite sources.
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However, the uncertainty may be inherited to the energy system causing operational
malfunctions and problems on both the organization and planning. Consequently by
“harnessing” the problem of unpredictability throughout multiple processes, energy
management could be optimized. By defining the predictability window of each process,
planning to a more regular base could be applied for the organization and the improvement of
natural systems. This could contribute to reduce the operational cost significantly and start
exploiting reserves more optimal.

The illustration of the climacogram of natural processes followed by the respective energy
they produce, focusing again on wind speed and solar radiation process (Figures 5.15-5.16)
(since they are the most appealing worldwide) can prove that they have a very similar
behavior. Even long-term, the correlation between the process and the corresponding energy
remains high.

Consequently, taking into account that each natural process is highly correlated to the
respective produced energy, the predictability time-window calculated for the process should
be very close to the predictability window of energy. Since the time window in the processes
so far does not exceed 20 hours, a day-to-day operational planning should be designed. Thus
renewable energy systems could start replacing fossil fuels turning to an alternative and more
“green” approach on power generation that could offer constant power supply that derives
from inexhaustible sources.
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6. Conclusions

Since the Hurst parameter is greater than 0.5, the 10 examined processes associated
with renewable energy resources systems are governed by a great degree of
uncertainty. Yet the degree of uncertainty significantly varies across the examined
processes. Specifically, we find solar radiation and wave height to exhibit large Hurst
parameters, while others such as precipitation exhibit relatively lower ones.

The Hurst parameter varies across different time scales, which is also supported by
recent research results and it is estimated greater than 0.5 (H > 0.5, even using a
downward biased estimator through the climacogram) for all of the examined
processes. Consequently, several natural processes (marine, precipitation, sun and
wind) exhibit the Hurst-Kolmogorov behaviour and not a Markovian or a white noise
one.

After applying the sensitivity analysis among wind speed and solar radiation
processes, the results displayed that the analogue algorithm outperformed compared
to the B2 model expanding the unpredictability time window up to approximately 10
hours.

The performance of the analogue model was tested for a pessimistic error scenario
(conservative) and an average one, more flexible estimating error. The application of
the average threshold could foresee validly more hours compared to the more
conservative error, calculating a wider predictability window for processes retrieved
from the area of the U.S.A.

The standardized timeseries, where double cyclo-tationarity was aimed to be reduced,
estimated a longer predictability window compared to the non-standardized processes
implying that the limitation of the effect of cyclo-stationarity may generate more
accurate forecasting.

Through the climacogram-based analysis it is revealed that in long time scales, the
larger the Hurst parameter the shorter the predictability window while additionally the
greater the g parameter the wider the predictability time horizon; solar radiation
process is characterized by a larger degree of uncertainty and through the sensitivity
analysis the predictability window would last 8 hours while in wind speed process the
Hurst parameter was lower than the solar radiation but its predictability window was
wider reaching up to 15 hours.
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e The degree of variability of the different processes at the time-scales of interest are
crucial for the design and operation of a renewable energy system, where the
operation rules of each energy source should be specified in a way that ensures
reliability and optimal performance of the whole system. For example, a general
operational rule of such systems is that energy from the least reliable sources or with
the smallest predictability time window, e.g. solar energy, is consumed in priority.

e Recent analyses concerning the renewable energy design and management for the
non-connected island of Astypalea have illustrated how the uncertainty of several
renewable energy sources can be efficiently managed through stochastic analysis.
Therefore, stochastic analysis is essential in the renewable energy management both
for the analysis of predictability of the related natural processes and for the analysis of
the systems dynamics and optimal design and operation under increased uncertainty.

The stochastic aspect of renewable energy systems still remains a relatively underexplored
field. Further research will focus on the exploration of the uncertainty of the related processes
based on more extended datasets as well as on the quantification of the propagation of
uncertainty from the natural processes to the final energy production.
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