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Per-lhyh

H ergas-a exet zei thn pr bleyh paragwg c uper ktiwn aiolik,n p rkwn sto Btlgio up
abebai thta. H tage-a an ptuxh thc uper ktiacisq oc epit ssei thmet bashap shmeiakic
se pijanotiktc probliyeic gia kal tero programmatism kai leitourg-a tou dikt ou. To
k rio pr blhma enai ti ta fusik monttla, par ti ermhne sima, sugn parousi zoun
merolhy-a epeid den apotup,noun pl rwc pragmatiktc sunj kec leitourg-ac kai fain mena
pwc oi ap, leiec om rou.
Anapt ssetai ierarg-a tri,n fusik,n monttlwn: (1) statik monttlo kamp Ihc isq oc,
(2) monttlo an anemogenn tria me periballontikkc diorj , seic mtsw Windpowerlib, kai (3)
wake-aware monttlo qwrik ,n allhlepidr sewn mtsw PyWake. Ta monttla qrhsimopo n
wc e-sodo metewrologik dedomtna MAR-ERADSs kai axiologo ntai tnanti pragmatik,n
metr sewn paragwg ¢ 10 p rkwn (gronik ¢ or-zontac 2021 2024, me 15lepth an lush).
Ax-zei na anaferje- tigia na kataste- efikt h ektetamtnh prosomo-wsh, to et sio prof-I
antmou sumpitzetai se antiproswpeutiktc hmtrec.
Gia th bagmon mhsh kai posotikopo-hsh thc abebai thtac efarm zetai Simulation-Based
Inference (SBI) (likelihood-free Bayesian), me an lush euaisjhs-ac/tautopoihsim thtac
kai ekt-mhsh posterior mtsw SNPE, ,ste oi probltyeic na sunode ontai ap z,nec
abebai thtac. Sugkritik , to statik monttlo emfan-zei meg Ih uperekt-mhsh kai uyhl
ep-peda st Imatoc, to Windpowerlib mei,nei shmantik th merolhy-a, en, to Pywake
petuganei thn kal terh sunolik akr-beia kai pio realistik katanom paragwg c. En,
h met bash ap Windpowerlib se Pywake mei,nei kat mtso ro to st Ima (NnRMSE)
kat 17%. H efarmog SBI belti,nei jeamatik to statik monttlo (wc {mhganism c
epidi rjywshc}), en, sta pio s njeta monttla oi metriktc sfalm twn den emfan-zoun
susthmatik belt-wsh. Wst so, to SBI kataftrnei na posotikopo-hsei thn abebai thta
twn fusik,n paramttrwn k je montelou.

Ltxeic Kleidi - Uper ktia aiolik p rka, Montelopo-hsh aiolik ¢ isq oc, Fain meno
om rrou, Fusik monttla, Ulopo-hsh se Python, W.indpowerlib, PyWake,
Sumperasmatolog-a basismtnh se prosomoi, seic






Abstract

As o[sHore wind generation grows rapidly in the Belgian North Sea, accurate power
forecasting becomes more important, especially since wind farms are now built close
together. Densely packed wind turbines in wind farms create aerodynamic interactions
and unpredictable conditions, potentially leading to systematic forecast inaccuracies.
While physical models are generally interpretable, their accuracy is frequently limited
by uncertainties in turbine parameters, simplistic wake models, and varying weather
conditions.

This thesis tackles these issues by creating a reproducible, data-driven framework that
blends physical modeling with probabilistic calibration. The study uses high-resolution
MAR-ERA5 meteorological data and 15-minute production measurements from 10 Belgian
o [shore wind parks collected between 2021 and 2024. Using this data, three physical
models are developed and evaluated for their accuracy and computational e [edtiveness.

These models comprise a static power-curve propagation, a turbine-specific model from
windpowerlib that factors in air density and hub height corrections, and a wake-aware
model utilizing PyWake to simulate wake e [edts and turbulence within the parks. To make
wake simulations and repeated calibration more e [cieht, the time series data is compressed
into representative days with their respective weights, reducing the large dataset to a much
smaller, manageable subset.

Subsequently, a probabilistic calibration step is added using Simulation-Based Inference
(SBI). In particular, sensitivity and identifiability analyses help focus on parameters that
can be estimated from the data, and predictive simulations display uncertainty bands
around the forecasts. This method creates a forecasting process that is clear and takes
uncertainty into account. It makes it possible to compare the benefits of more realistic
models, spot where models may not fit well, and provide useful uncertainty information
for o[sHore wind power operations.

Keywords: O [shore wind farms; Wind power modelling; Wake e [edts; Physics-based
models; Python programming implementation; Windpowerlib; PyWake; Simulation-Based
Inference (SBI).
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Keflaio 1
Ekten ¢ Perblhyh

1.1 Eisagwg kai Skopic thc Ergasbac

H uper“ktia aiolik energeia apokt™ oloena kai pio shmantiki rilo sta metra antimet, pishc

thc klimatik c allag c, kaj,c prosférei shmantik energeiak paragwg me gamhli anjrakiki
apotOpwma [1, 2]. Sto Beélgio eidikitera, h egkatesthménh uper’ktia isqOc problépetai
na auxhjeb shmantik™, api perbp@®P GW s mera se sgedin6 GW ewc to 2030 [3]. H
enswm’twsh tiso meg“lou posostoO metablht ¢ paragwg c, eis"gei shmantik abebaiithta
sto hlektriki sOsthma, dhmiourg_ ntac prokl seic gia th diasf’lish thc eOrwsthc leitourgbac
tou diktOou, twn agor,n, kaj,c kai th béltisth axiopoBhsh twn upodom_n paragwg c.[4].

Upi auti to prBDsma, h axiipisth pribleyh thc aiolik ¢ paragwg ¢ den afor” mino thn
akrbbeia enic shmeiakoO apotelésmatoc, all” kurbwc thn posotikopoPhsh thc abebaiithtac.
AnantBrrhta, h abebaiithta ephre”zei "mesa tic apof'seic leitourgbac kai programmatismoO
tou diktOou(p.q. efedrePec, sumfirhsh diktOou), kai h bibliografba katadeiknOei iti h
enswm’tws thc se stogastik™ montela leitourgbac mporeb na odhg sei se metr sima
oikonomik™ ofélh se sOgkrish me nteterministikéc proseggPseic kaninec [5]. Sunep,c,
h met'bash api shmeiakec probleyeic se pijanotikéc probléyeic ebnai krbsimh gia thn
axiipisth kai apodotik leitourgba twn hlektrik,n susthm™twn upi uyhl diebsdush APE.

Wstiso, parameénei dOskolo na probléyoume thn paragwg hlektrik ¢ enérgeiac pou
proergetai api par'ktia aiolik™ p“rka. Auti sumbabnei diiti, en mérei, to megejoc kai h
kateOjunsh tou anémou metab’llontai gr gora. Wc ek toOtou, sto epPpedo twn aiolik.n
p“rkwn emfanbzontai sOnjetec aerodunamikéc allhlepidr'seic metaxO twn anemogennhtri n,
me apotélesma oi kat'nth anemogenn triec na leitourgoOn me meiwmeénh tagOthta anémou
kai auxhmenh tOrbh ligw twn an’nth [6, 7, 8]. Ta fusik™ montéla pou grhsimopoioOntai
euréwc sthn prxh, api montéla pou basbzontai se apléc kampOlec isqgOoc éwc montéla pou
lamb™noun upiyh ap_leiec omirou', ebnai ermhneOsima kai fusik™ jemeliwména. Wstiso,
sugn” eis"goun susthmatikéc apoklbseic, kaj,c basbzontai se tupopoihména qarakthristik™
tou kataskeuast kai parametrouc pou den apotup,noun pl rwe tic pragmatikec sunj kec
leitourgPac, th g ransh tou exoplismoO pijanéc apoklPseic prosanatolismoO kai elégqgou [10].
To apotelesma ebnai iti akimh kai prohngménec mhqganistikéc proseggbseic mporeb na emfanbzoun
merolhyba kai adunamba axiipisthc ektbmhshc thc abebaiithtac.

H paroOsa diplwmatik ergasPa stogeOei na gefur sei auti to keni, protePnontac
ena plabsio an"ptuxhc fusik,n montelwn uper’ktiac aiolik ¢ paragwg c upi abebaiithta.
Kentrik idea ebnai o sunduasmic twn domik,n periorism.n pou prosferoun ta fusik®

IMe th b"sh orologPac TELETERM tou TegnikoO EpimelhthrDou Ell"dac [9]. Perigrfei thn turb dh
ro kai th mePwsh thc tagOthtac tou anémou pBsw api thn pterwt .
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montela me th Mpebdzian mejodologiamulation-Based Inferenceh opoba epitrépei thn
ektbmhsh twn katanom,n twn paramétrwn twn fusik,n montelwn, antb gia memonwmeénec
beéltistec timéc. Me autin ton tripo, h pribleyh mporeb na sunodeQetai api posotikopoihménh
abebaiithta, kti pou ebnai krbshmo gia efarmogec leitourgbac sust matoc kai, sun"ma,
axiolighshc kindOnou.

H k"twji ergasba ekpon jhke sto plabsio praktik ¢ “skhshc Er"smouc (Febrou“rioc
loOnioc 2025) sto InstitoOto Montefiir tou PanepisthmBbou thc Liéghc, upi thn epPbleyh
tou Kajhght Bertrand Cornélusse To ergo sgedi'sthke ,ste na diereunhjeb kat™ piso
Python biblioj kec, ipwc oi  Windpowerlib  kai PyWake , dOnantai, mésw kat'llhlhc
posotikopobhshc thc abebaiithtac, na leitourg soun wc phg fusik,n periorism n
gia th beltbwsh montélwn mhganik ¢ mijhshc pou grhsimopoioOntai sthn epigeirhsiak
pribleyh.

Gia ton skopi auti anaptOgjhkan kai axiolog jhkan trDa mhganistik™: (a) statiki
montelo kampOlhc isqOoc, (b)ifbine-speci c montélo me periballontikéc diorj seic mésw
thc Windpowerlib biblioj khc, kai (g) montelo ulopoihméno mesw h@yWake biblioj khc
pou prosomoi_nei tic qwrikéc allhlepidr’seic metaxO twn anemogennhtri,rSth sunéqeia
efarmisthke h mejodoc SBP (SBI) gia th bajmonimhsh paramétrwn kai thn paragwg
pijan otik,n probleyewn . Téloc, h apotbmhsh thc akrbbeiac twn montélwn pragmatopoi jhke
sugkrbnontac tic probleyeic me ta pragmatik™ dedomena pragwg c twn aiolik,n p“rkwn.

1.1.1 Mejodologba kai Montelopobhsh

H mejodologba basbzetai se dOo phgéc dedoménwn pou diatéjhkan sto plabsio thc sunergasbac
me to InstitoOto Montefiir : (a) metewrologik™ dedoména wc ebsodo twn fusik,n montelwn

kai (b) metr seic paragwg c api to dbktuo waground truth gia axiolighsh twn montelwn

[11, 12].

Dedomeéna kai periog melethc . Oi prosomoi_seic odhgoOntai api to Modeéle
Atmosphérique Régional (MAR),pou par"gei ta dedomen@AR-ERASs). Ta dedomena
kalOptoun th periog pou brDskontai ta10 aiolik™ p“rka sth Belgik Bireia J'lassa

se plegma me qroniki b md5 lept,n (35,040 shmeBatoc) (blepe 3.2). Ta argeba
dedomeénoun periégoun tic metablhtéc twn sunistws,n tou anémou, V22 (se Oyoc
100 m), thc puknithtac tou aera ROZ kai epifaneiak,n metablht,n ipwc h pbesh SP kai to
uyimetro epif'neiac SH Wc parat rhsh qrh5|mop0|eDta| to all_wind_plants_clean.csv
pou periégei thn paragwg energoOc isqOoc an™ p“rko gld uper’ktia aiolik™ p°rka (399
anemogenn triec) an™ 15 lept”, kaj,c kai dunamik egkatesthménh isqO.f [11].

Proepexergasba metewrologik,n eisidwn. Oi metewrologikéc metablhtec

metaférontai stic jéseic twn anemogennhtri,n me digrammik parembol (bilinear
interpolation), tess™rwn kontiniterwn geitinwn (shmeba plegmajoApi U2Z, V2Z upologbzontai
taqOthta kai dieOjunsh anémou’'Epeita gia ta progwrhména montéla h taqOthta tou
anémou prosarmizetai aplL00 msto Oyoc pl mnhc thc anemogenn triac mésw tou nimou

Hellmann:

_ Zhub .
Vhub = V ref ’ (1-1)
Zyef

H puknithta tou aéra sto Oyoc pl mnhc an"getai me th gr sh thc barometrik proséggishc
ipwc ulopoiebtai sth Windpowerlib [13, 14]. Téloc, gia th gronik apistash 7:5min
metaxO metewrologik,n dedoménwn kai paragwdn anetewrologik kat“stash th stigm
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t + 7:5min jewrebtai antiproswpeutik tou 19eptou diast matoc paragwg ¢ me kentro
to t.

lerargba fusik,n montélwn . UlopoioOntai trba epbpeda fusik ¢ pistithtac (i)
statiki montelo kampOlhc isqOoc me stajer puknithta kai qwrbc qwrikéc allhlepidrseic
(i) turbine-speci ¢ montélo me th biblioj kh Windpowerlib poj perilamb~nei diorj,seic
twn periballontik,n sunjhk,n , kai (iii) wake-aware montélo me th biblioj kh PyWake
gia th proswmoBwsh twn qwrik_n allhlepidr'sewn metaxO geitonik,n anemogennhtri.n.

Surrbknwsh dedoménwn Kkai SBIl. Prokeiménou na trexoume touc proswmoiwtéc
gili'dec forec (sto PyWake kai sth Simulation-Based Inference),to et sio profbl
anemou sumpiézetai se orismérlgostec kai antiproswpeutikéc hmeéredqrepresentative
days), proseggbzontac thn kampOlh di'rkeiac tou anénfduration curve) , blépe 3.4. H
bajmonimhsh twn paramétrwn kai h diereOnhsh thc abebaiithtac ulopoiebtai mésw an’lushc
euaisjhsbac kai tautopobhsh8VD/RRQR twn Wang & Qi [15], en, h ektbmhsh thc ek
twn usterwn sun’rthsh katanom c pijanithtac , twn fusik,n paramétrwn tou montelou
gbnetai me toBNPE (Sequential Neural Posterior Estimatiorenan neurwniki ektimht
puknithtac (likelihood-free), epitrépontac th posotikopobhsh abebaiithtac.

1.2 Sunoptik Perigraf Montelwn kai Sugkritik
Axiolighsh

H paroOsa enithta sunoybzei ta trba fusik™ montéla pou anaptOgjhkan kai parousi“zei
th sugkritik touc epbdosh upi ena sugkekrimeno plabsio axiolighshilepe 4). Stiqoc
ebndi) na katasteb saféc ti prosferei k'je epbpedo fusik ¢ poluplokithtac kai (i) na
posotikopoihjeb h prostijemenh axba thc enswm’twshc periballontik,n diorj,sewn kai
kurbwc, me th montelopobhsh twn wake e ects.

1.2.1 Perigraf tri,n epipedwn montelopobhshc

H montelopobhsh organ netai ierarqik” se trba epbpeda auxanimenhc fusik ¢ leptoméreiac

" Montelo 1: Statiki montelo kampOlhc isqgOoc.
Antistoigbzei thn taqOthta anémou apeujePac se isqO mésw kampOlhc isqOoc tou
montélou thc anemognn triacUpojétei stajer puknithta aera kai den perilambnei
gwrikéc allhlepidr'seic . Qrhsimopoiebtai wWoaselinegia na apotimhjeb h axba twn
pio sOnjetwn montélwn ( 3.7.2).

A

Montélo 2: Montélo an™ anemogenn tria me thn Windpowerlib.

Enswmat nei dedoména anemogenn tr{@yoc pl mnhe di'metro ritora , P,) Kai
efarmizei periballontikéc diorj seic sOmfwna me to montélo thc anemogenn triac
Oi ap leiec omirou proseggbzontai me empeirikeéc kampOlec apiddshdency
curves) se epbpedo prkou ( 3.7.3).

A

Montélo 3: Wake-aware montélo me thn PyWake.

Prosomoi,nei tic qwrikéc allhlepidr”seic anemogennhitri.n upologbzontac thn tagOthta

se k'je jesh anemogenn triac kai montelopoieb thn turb,dh ro tou anémogrhsimopoi, ntac
th di“taxh tou p“rkou kai th dieOjunsh anémou ApaiteD perissiterec paramétrouc kai
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ePnai upologistik™ barOtergall” apotup  nei tic qwrikéc susgetbseic pou kuriarqoOn
se pukn” uper’ktia aiolik™ p“rka (Enithta 3.7.4).

1.2.2 Apotelesmata akrbbeiac kai epbdoshc

H sOgkrish twn tri,n montélwn gbnetai mésw kanonikopoihménwn metrik n sflimatoc

_ste ta apotelésmata na ePnai "mesa sugkrbsima metaxO p“rkwn diaforetik ¢ egkatesthmeénhc
isqgOoc Rg. Sugkekrimenaoi nMAE, nRMSE, nBias orbzontai wc ta antbstoigMAE,
RMSE, Bias ekfrasména wc pososti thc R.g.

Metric  Static WPL PyWake

nBias 17.7%  4.6% 1.8%
NMAE  19.7% 12.2% 10.3%
NRMSE 27.5% 18.7% 15.3%

P'inakac 1.1: Sugkentrwtikec kanonikopoihmenec metrikec sf'lmatoc (%6).

Ta sugkentrwtik™ apotelésmata tou PPnakal.1epibebai,noun mia saf ierarqgba epbBdoshc
To Static montélo emfanbzei entonh susthmatik uperektbmetik merolhyba) kai
uyhl” sflmata . Antbjeta, to Windpowerlib mei,nei shmantik™ th merolhyba mesw periballontik, n
diorj,sewn kai empeirik n suntelest,n apidoshc anémou, en, to PyWake epitugq™nei thn
kalOterh sunolik epBdosh.

Pio sugkekriménagia na apotupwjeb to ifeloc thc montelopobhshc thc qwrik ¢ ex"rthshc
metaxO twn anemogennhtrj sugkrbnetai towindpowerlib (efarmog empeirik,n kampul,n
apidoshc anemguenanti tou PyWake. O PPnakad.16sunoybzei th sqetik beltbwsh sthn
NRMSE, orbzontac:

_ RMSEwp. RMSE pywake
*o RMSEyp,

Ta apotelésmata deBgnoun omoiimorfh beltbwsh tou sunolikoO aiolikoO stilome meésh
sqgetik mebwsh sfimatoc +17.2%.

100: (1.2)

1.2.3 Domik sOgkrish kai upologistiki kistoc

Wstiso , oi prohngoOmenec metrikéc sf'lmatoc den apotup,noun pl rwc domikéc apoklPseic
twn montélwn Gia auti to ligo pragmatopoioOme sOgkrish twn et siwn katanom_n
paragwg ¢ meswkKDE diagramm™twn(blepe 4). Sugkekrimenato Static montélo tebnei
na emfanbzei koresmi kont™ sth &, en, to PyWake apodbdei realistikitera thn et sia
katanom cisqOocParllhla , to Windpowerlib parousi”zei uyhliterh sugkéntrwsh / puknithta
se gamhl” epbpeda paragwg c,
parousi“zontac arnhtik merolhyba.

Se epbpedo eugrhstb@@bnakaet.17), to Windpowerlib apoteleb to pio apodotiki
upologistik™ , en, to PyWake egei uyhlitero kistoc all” paraménei prositi gia an“lush

1.2.4 Katalhktik apotbmhsh

Sunolik™, h met’bash api to Static sto WPL debqnei iti oi diorj,seic, me b'sh ta
tegnik™ qarakthristik™ twn kataskeuast,n twn anemogennhtri,n , ebnai aparabthtec gia
thn ex’leiyh thc merolhybac Epipléon, h met’bash sto PyWake debqgnei iti gia ta
perissitera uper’ktia p'rka , h ermhneba kai h bajmonimhsh twn apwlei,n omirou den
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apoteleb apl,c beltbwsh, all” kajoristikic par"gontac gia thn akrbbeia kai th swst
anapar stash thc katanom c paragwg c.

1.2.5 SBI: Pipeline kai apotelesmata

Gia th bajmonimhsh kai thn posotikopobhsh thc abebaiithtac twn parametrwn twn fusik, n
montelwn uiojet jhke mbdikelihood-free Bayesian proseggish méswSimulation-Based
Inference (SBI).H epilog aut sumbaPnei giatb ta exetazimena montéla pribleyhc isqgOoc
h sun’rthsh pijanof'neiac p(xj ) ePnai mh anigneOsimh.

Gia kK'je montélo orbzetai éna di"nusma abébaiwn fusik,n parametrwnenacprior
pijanotikic g,rocp ( ), kai énac prosomoiwt ¢ x= f ( ) pou par”gei gronoseiréc probléyewn
isqgOoc H sOgkrish me ta parathroOmena dedomégpa den gPnetai ston pl rh groniki
g.ro , all” mesw dianusmatik,n summary statisticss(x), ta opoba perilamb noun metrikec
sflmatoc , garakthristik™ katanom ¢ kai metasghmatismoOc FouriéMe ton tripo auti
epitugq netai drastik mebwsh thc di"stashc thc parat rhshc, api dek™dec qgili"dec gronik™
shmeba se dianOsmata IDgwn dast sellaame diat rhsh thc plhroforbac gia thn bajmonimhsh

To SBI pipeline pou akolouj jhke sunoybzetai sta ex ¢ st'dia:

A

An”lush euaisjhsbac kai tautopoihsimithtac:

Prin api th statistik bajmonimhsh, ektim™tai arijmhtik™ o pPnakac euaisjhsbac

S = @y=@ Sth sunéqgeia efarmizontai h aposOnjeshSVD kai RRQR an’lush

tou pPnaka euaisjhsDasOmfwna mid5], ,ste na prosdioristeD o energic upog,roc
parameétrwn H diadikasba aut epitrépei ton diagwrismi twn parametrwn se euabsjhtec
kai diakritéc enanti asjen,c tautopoi simwn, kai periorbzei th bajmonimhsh mino se
éna energi uposOnolo.

Argiki filtrrisma:

Efarmizetai apirriyh tOpou ABC (Approximate Bayesian Computation ;ste na
apokleistoOn mh realistikéc timéc, kai na estiasteD h ekpabdeush se periogéc tou
prior g,rou parametrwn pou par goun prosomoi,seic kont” sta dedomena:

d=ks(x()) s obska:

Ektbmhsh posterior:

EkpaideOetai akoloujiak™ énac neurwnikic ektimht ¢ puknithtac mésv@equential
Neural Posterior Estimation (SNPE), o opoboc proseggbzei "mesa thn katanom
a(js) p (js(Xens). Hmejodoc parak"mptei pl rwe thn eOresh thc sun’rthshe
pijanof’neiac p (x j ) kai majabnei to antbstrofo priblnhmadhlad api ta dedoména
sumperabnei tic parameétroud deigmatolhyba api tgposterior pragmatopoiebtai me
MCMC.

Axiolighsh:

H poiithta tou posterior eleggetai meswPosterior Predictive Checks (PPC),en,
h prognwstik apidosh axiologebtai me kanonikopoihménec metrikec nVAEMSE
kai nBias (p.g. 5.5, 5.3).

Apotelesmata kai ermhneba . H efarmog tou SBI sto Static montélo od ghse se
drastik beltbwsh thc apidoshc . H susthmatik merolhyba sgedin ekmhdenbsthke
ta sflmata MAE kai RMSE mei jhkan shmantik™ , kai oi posterior predictive z,nec
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parebgan realistik apotOpwsh thc abebaiithtac gOrw api thn pragmatik paragwg To
apotélesma auti ermhneQOetai wec mPa apokat’stash kai epidiirjiwsh domik,n sfalm™twn
tou aplopoihmenou montelgkaj,c apousi”zoun fainimena ipwc oi ap,leiec ligw omirwn
kai h exrthsh api th dieOjunsh tou anémou.
Antbjeta, gia montéla uyhliterhc fusik ¢ poluplokithtac  (Windpowerlib kai PyWake)
h shmeiak akrbbeia emfanbzei koresyme mikréc mino metaboléc stic metrikec MAE=RMSE
Parilauta , to SBI paramenei gr simokaj,c : (i) posotikopoieD me sunep tripo
thn abebaiithta twn paramétrwn kai par“gei z,nec pribleyhc me di"sthma empistosOnhc
kai (i) leitourgeD diagnwstik’, apokalOptontac poiec fusikéc diergasbec ebnai pragmatik”
tautopoi simec api ajroistik™ dedomeéna p°rkou. H an’lush euaisjhsbac kai tautopoihsimithtac
odhgeb étsi se energoOc upog,rouc gamhliterhc di"stashc.

1.3 SOnoyh thc ergasPac kai teliki sumpérasma

H paroOsa diplwmatik anéptuxe kai axiolighse mba ierargba fusik,n montélwn pribleyhc
isqOoc gia uperktia aiolik™ p'rka sto Beélgio , se poluet orbzonta (2021 2024)kai se
déka p“rka, me stiqo thn katanihsh thc sgéshc metaxO fusik ¢ pistithtac , upologistikoO
Kistouc kai probleptik ¢ axiopistbac. Sugkrbjhkan trba epbpeda montelopobhshc kai
prot’jhke ena eniabo pijanotiki plabsio bajmonimhshc mésSimulation-Based Inference
(SBI).

Kentriki apotélesma ePnai iti h megalOterhapidosh an” poluplokithta  prokOptei
api th met'bash api to Static sto Windpowerlib, en, h peraiterw aOxhsh fusik ¢
leptomereiac me to PyWake prosjétei axba kurbwec sth realistik anapar”stash twn
allhlepidr'sewn wake . H efarmog SBI leitoOrghse wc mhganismic epidiirjwshc gia
to statiki montelo (shmantik mebwsh jetik ¢ merolhybacall” gia ta pio prohgmena
fusik”™ montéla (Windpowerlib/PyWake) h beltbwsh twn metrik.n sfalm“twn fabnetai
na periorbzetai Parilauta , h SBI kat*fere na diagn,sei kai na posotikopoi sei thn
abebaiithta.

Mellontik kateOjunsh . En kataklebdi protebnetai migray-box proseggish me
residual learning: ena fusiki montelo na leitourgeb wdaseline (nesh pribleyh), kai
ena mikri neurwniki montelo na majabnei tic susthmatikec apoklbseic pou apomékeun
autin ton tripo , h SBI diadikasba mporeb na leitourg sei wc ena pijanotiki plabsio gia
th bajmonimhsh kai thn posotikopobhsh thc abebaiithtac ste to ubridiki sqg ma na
parameénei praktik™ ulopoi simo, ermhneOsimo kai gr simo epigeirhsiak”.
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Chapter 2

Introduction

2.1 Motivation and Context

As e orts to cut carbon emissions continue, o shore wind energy is becoming more
important for meeting climate goals 1, 2]. In Belgium, o shore wind capacity is expected

to almost triple, rising from about 2.2 GW now to nearly 6 GW by 20303]. Bringing
large amounts of variable renewable energy onto the grid creates major challenges for grid
stability, energy markets, and e cient operation [4].

The accurate quanti cation of uncertainty in this context is not merely a statistical
exercise but a prerequisite for e cient grid operations. As demonstrated bys], stochastic
unit commitment models that explicitly account for transmission constraints and wind
uncertainty can yield signi cant operational cost savings compared to traditional deterministic
models. Because of this, moving beyond point-wise forecasting to robust probabilistic
guanti cation seems vital for reliable economic dispatch and congestion management.

However, predicting wind power accurately remains di cult. Wind changes rapidly,
and the aerodynamic interactions within a wind farm such as the wake e ects behind
each turbine are complex and not fully understood [6, 7]. Most o shore wind farms
currently rely on deterministic engineering models, ranging from basic power curves
to more advanced wake-aware simulations8]] While physically interpretable, these
models have clear limitations. They often depend on standardized manufacturer metadata
(e.g., thrust coe cients, nominal power) which may not match real-world operational
conditions, especially as turbines age or su er from misalignmert(]. Furthermore, the
rigid assumptions in these models often lead to systematic biases between predicted and
actual power output.

This thesis aims to address these insu ciencies by introducing a novel framework
for calibrating physical wind power models under uncertainty. The approach combines
the structural constraints of engineering wake models with the probabilistic rigor of
Simulation-Based Inference (SBI). By shifting from deterministic tuning to Bayesian
inference, we aim to recover not just "best- t" parameters, but full probability distributions
that quantify the con dence of our predictions.

This research is part of a larger collaboration focused on closing the gap between
deterministic wind power models and real-world uncertainty. The main contribution
Is demonstrating how SBI can enhance physical wind power forecasts, validated using
extensive operational data from ten o shore wind parks in the Belgian North Sea.
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2.2 Research Objectives

This research aims to move past deterministic ways of modeling wind assets. The main
goals are:

A

Comparative Physical Modeling: To implement and test three di erent levels of
detail in wind power simulation:

A baseline Static Power Curve model. A Turbine-Speci ¢ model that uses
the Windpowerlib library [16] to include air density and hub-height corrections.

A Wake-Aware model utilizing the PyWake library [ 17] to simulate complex
intra-farm ow interactions.

Parameter Identi cation: To nd and rank uncertain model parameters that
mainly cause prediction errors, such as nominal power deviations, cut-in and cut-out
wind speed thresholds, and wake decay constants.

Probabilistic Calibration via SBI: To apply Simulation-Based Inference (SBI),
speci cally Sequential Neural Posterior Estimation (SNPE), to calibrate these
uncertain parameters against observed production data.

Impact Assessment: To analyze and show how Bayesian calibration improves
prediction accuracy and reduces systematic bias in several o shore wind parks.

2.3 Methodological Challenges

Translating theoretical models to a real-world o shore environment introduces several
methodological and practical hurdles that this work addresses:

A

Data Sparsity and Quality: Handling incomplete or missing turbine data, like
unavailable thrust coe cient curves, inconsistent power ratings, and imprecise layout
coordinates.

Temporal Misalignment: Fixing synchronization issues between low-resolution
weather data and high-frequency SCADA production data.

Non-Linear Dynamics: Modeling complex behaviors, such as sudden power drops
at cut-out speeds and interacting wake e ects in closely spaced o shore turbines.

Pipeline Flexibility: Making sure the simulation pipeline is modular, supports
sensitivity analysis, allows for di erent physical models, and can connect with deep
learning inference engines.

1Supervisory Control and Data Acquisition
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2.4 Why Simulation-Based Inference?

Tuning complex physical simulation models is challenging. The mathematical structure
of such models is often su ciently complex that evaluating the exact likelihood of the
observed data given a parameter vector is infeasibleq. For this reason, this thesis adopts
Sequential Neural Posterior Estimation (SNPE), which is well suited to inference problems
with intractable likelihoods [19].

Importantly, Simulation-Based Inference is not intended to compensate for missing
physics or to act as a surrogate model. SBI does not replace missing physics; it
guanti es uncertainty and exposes structural limitations through non-identi ability.

In this sense, calibration serves as a diagnostic tool, revealing which physical parameters
can be reliably inferred from aggregated production data and which mechanisms remain
structurally unresolved.

SNPE is patrticularly well suited to black-box physical simulators because it learns
the posterior distribution directly from simulated data and does not require gradients or
explicit likelihood expressions. In particular, SBI o ers several advantages:

" Uncertainty Quanti cation: It gives a full probability distribution for the
calibrated parameters instead of just a single value, which helps show how the
parameters are related.

" Model Agnosticism: It works with models that are not di erentiable or that use
discrete logic, such as cut-in thresholds.

" Sample E ciency: It learns the posterior e ciently by using targeted simulations,
which reduces the computational cost of running complex wake models.

2.5 Summary of Approach and Contributions

To address the challenges outlined above, this thesis proposes a practical calibration
framework that couples weather reanalysis data (ERA5/MAR), wind turbine characteristics,
and several physical models with probabilistic inference. The simulations use real historical
production and weather data, and calibration estimates the posterior distributions of
uncertain parameters.

The primary contributions of this thesis are:

A

Large-Scale Domain Application: The framework is validated across 10 o shore
wind parks in the Belgian North Sea (2021 2024), covering 399 turbines.

Hierarchical Physical Modeling: A comparative pipeline evaluates three levels
of physical detail: a static baseline, a turbinespeci ¢ model (Windpowerlib), and a
wake-aware ow model (PyWake).

Parameter Identi ability Pipeline: Jacobian -based sensitivity analysis with
RRQR factorization ranks parameters and selects a top-K subset for calibration.

E ciency via Representative Sampling: Representative -day windows and
weights reduce wakenodel cost while preserving seasonal statistics; fylear metrics
are reported separately.
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" Discrepancy-Based Filtering: Prior pruning is performed via ABC using

summary-statistic distances, excluding parameter sets that poorly match observed
trajectories before posterior analysis.

Neural Bayesian Calibration: Sequential Neural Posterior Estimation (SNPE)

with ow -based density estimators is used to infer continuous posteriors for uncertain
parameters.

Posterior Visualization and Validation: Corner plots and posterior predictive

checks (PPC) are used to expose parameter correlations and quantify predictive
uncertainty.
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Chapter 3

Theoretical Background and Case Study

3.1 Wind Energy Fundamentals

Wind turbines generate electricity by capturing energy from the motion of air and converting
its kinetic energy into mechanical and then electrical power. This process follows basic
uid dynamics and rotor aerodynamics, such as actuator-disk theory and the standard
wind power equation [20].

3.1.1 The Wind Power Equation and Modeling Assumptions

The amount of power in the wind passing through the area swept by the rotor, called A,
increases with the cube of the wind speed, v:

D* s

1
Puwing = = Av ® = A (3.2)

1
2 2 4
Here, stands for air density, which is usually about 225kg=m?® at sea level under normal
conditions, and D is the rotor diameter.
In real situations, the electrical power output,Pg, is only part of the total wind power.
The Betz limit [2]1] sets the maximum, and losses from aerodynamics, mechanics, and
electricity further reduce it:

1
Pa= -AC p( ;v 3 Wioss gen- (3.2)

2
Equation 3.2 is shown here to explain the physical conversion process. In this thesis, we
do not calculate G(; ),  gen, OF Woss directly.

Implemented surrogate mapping (used in all simulators). Instead, the simulations
use manufacturer power curves to directly map wind speed to net electrical power:

pmodel = pC(v, )f o= = of, f densi.ty correction enabled; (3.3)
1; otherwise:

Here, v, is the e ective wind speed at hub height, calculated from meteorological data
after applying corrections like hub-height shear and, if needed, wake or e ciency e ects.
Density scaling is used if the modeling tier allows it.
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Loss handling through modeling tier.

" Static: No wake or e ciency corrections are applied. The model assess&C(Vier; )
with cut-in/cut-out behavior given by the curve de nition.

Windpowerlib (WPL): Losses are implicit in the manufacturer curve. Additional
aggregate losses are applied through farm-level wind-e ciency curves (implemented
as an in ow-speed reduction) and capacity derating/clipping when required.

PyWake: Wake losses arise from the wake de cit model, which produces an e ective
inow V. at each turbine. Electrical power is still computed by evaluating the
same manufacturer curve av, (with density scaling optionally applied), and then
aggregated to park level.

Wake modeling requirement (PyWake)

To model wake interactions, PyWake also needs the aerodynamic thrust coe cient curve,
C+(v). This curve shows how much momentum turbines take from the wind and how much
they slow down the air behind them. Since we did not have manufactur€y curves for

the turbines studied, we used syntheti€+ (v) curves from the PyWake turbine de nitions,
which are usually based on an assumed axial-induction pro le, or used an analytical
surrogate turbine when needed. ImportantlyCr (v) is used only for wake modeling; it is
not used to compute electrical power, which is always obtained via Equation 3.3. Because
of this, the wake parameters we estimate, such as the wake recovery or decay constant,
should be considered e ective values. They might also account for uncertainty from
incorrect C; values and other e ects not included in the model.

3.1.2 Wind Speed Regimes and the Turbine Power Curve

A wind turbine's response to wind speed is non-linear and governed by its control system.
As illustrated in Figure 3.1, operation is commonly described in four regimes:

A

Region 1: Below cut-in ( v <vj,). Wind speed is insu cient to overcome friction
and start stable operation; power output is e ectively zero.

Region 2: Partial load ( viy, VvV <V nom). The electric power increases approximately
with v3, P /v 3.

Region 3: Nominal power ( Viom V <V o). The generator reaches rated
capacity; control (typically pitch control) limits aerodynamic torque, maintaining
power at a constant level.

Region 4: Cut-out ( v V o). To avoid excessive structural loads, the turbine
shuts down and produces no power.

3.1.3 Environmental and Site-Speci c E ects

Although free-stream wind speed is the dominant driver of production, accurate o shore
modeling requires accounting for environmental and layout-dependent e ects:
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Figure 3.1: Typical wind turbine power curve showing the cubic rise in Region 2 and the
rated-power plateau in Region 3 [20].

" Air density (). Power scales approximately linearly with air density. Changes
in temperature and pressure can cause substantial variations in power production,
motivating density-correction methods in the Windpowerlib model (Chapter 4).

A

Wind direction. Directional variability determines which turbines operate upstream
or downstream and therefore strongly in uences wake interactions across the layout.

A

Wake e ects. Downstream turbines operate in the reduced wind speed and elevated
turbulence generated by upstream rotors. In dense o shore clusters, wake losses can
represent a substantial fraction of energy yield, motivating the use of wake-aware
simulation with PyWake in this study [10].

3.2 Related Work: Physical Wind Power Modeling and
Calibration

Forecasting o shore wind power lies at the intersection of atmospheric forcing, turbine-level
power conversion, wind-farm aerodynamics, and statistical inference. This section reviews
relevant advances in three areas: (i) physical parameterization of wind power conversion,
(i) wake modeling for o shore clusters, and (iii) probabilistic calibration methods, with
emphasis on modern Bayesian and likelihood-free approaches.

3.2.1 Physical Wind Power Parameterization

Physical models of wind power usually start with manufacturer power curves, which
relate wind speed to electrical output under normal conditions. However, actual operating
conditions often di er from the IEC 61400-12-1 certi cation environment, which can cause
systematic bias if not corrected [22].
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To address this, researchers often use several correction steps. Many studies nd
that adjusting for air density is one of the most e ective ways to reduce long-term bias
[23]. More advanced models, like Windpowerlib2{4], also include hub-height wind-speed
estimates and site-speci ¢ wind shear assumptions, which can vary a lot in o shore areas.
Still, even after these corrections, physical models can be biased if they do not account
for operational issues like blade wear, dirt, ice, or ongoing yaw misalignment, unless
parameters are adjusted using real measurements [23].

Although turbine-level physics are important, errors across the whole wind farm are
often caused by large weather systems2g tackled this by using vector autoregressive
(VAR) models to capture how wind speeds are related throughout various areas, showing
that it is important to account for time-based dependencies that simpler models could
miss.

3.2.2 Wake Modeling in O shore Clusters

As o shore wind farms get denser, wake e ects like lower wind speeds and more turbulence
behind turbines become a major source of uncertainty and energy loss. Early models,
such as the Jensen (NOJ)Z6], use simple geometric rules to estimate wake losses. These
models are fast to run, but they can underestimate losses and do not always capture
wake recovery accurately in large o shore wind farms, especially when climatic conditions
matter [8].

Gaussian-based wake de cit models, rst introduced byZ7], o er more realistic
results through modeling the velocity de cit with a self-similar Gaussian shape. These
models better represent the shape and spread of wakes and are now widely used in
open-source simulators like PyWake [L7]. Studies using eld data show that while
Gaussian-based models are usually more accurate, they are still sensitive to how parameters
are set especially the wake expansion or decay constant (often callel) and how
turbulence and stability are representedl[0, 28. Because of this, calibration methods that
measure parameter uncertainty are needed instead of just using single best- t values.

3.2.3 Calibration and Bayesian Inference for Wind-Farm Simulators

Traditionally, calibrating wind power models means estimating parameters, often using
least squares or maximume-likelihood ways to t scaling factors, loss parameters, or wake
coe cients [29. These methods work well for nding single best estimates, but they
usually do not measure structural uncertainty or show the limits of what can be identi ed
when models do not match reality, data is noisy, or results are combined.

Bayesian calibration o ers a probabilistic approach by treating uncertain parameters as
random variables and updating them with data. Traditional Bayesian strategies regularly
use Markov Chain Monte Carlo (MCMC), which needs a clear probability function30].
For complex simulators, like those that include wake e ects, the likelihood can be too
hard or expensive to calculate. This has led to Likelihood-Free Inference (LFI), also called
Simulation-Based Inference (SBI)19. Neural Posterior Estimation (NPE) methods learn
the posterior directly from simulated parameter output pairs B1]. In energy systems, deep
generative models (e.g., normalizing ows) are being used for probabilistic forecasting
and uncertainty quanti cation [ 32]. Still, using SBI to calibrate aerodynamic and wake
parameters in real o shore conditions is an ongoing area of research.
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3.3 Modeling Approaches for Wind Power Prediction

To successfully add more renewable energy to our power systems, it's vital to be able
to predict how much wind power will be produced at any given time. Because wind is
naturally unpredictable and changes constantly, we need dependable models to help grid
operators, market participants, and asset managers plan ahead. Generally, wind power
prediction models can be grouped into two main types:

"~ Statistical and Data-Driven Models: Including machine learning regressors,
ARIMA time series models, and neural networks. These approaches learn latent
patterns directly from historical data. While they can re ect complex time-based
relationships, they typically require large, high-quality datasets and commonly lack
physical explainability.

Physical Models: These utilize domain knowledge and rely on explicit inputs such

as wind speed, air density, and turbine characteristics to simulate power output
based on uid dynamics concepts. These models are generally more transparent,
capable of extrapolating beyond training data, and susceptible to improvement by
means of parameter calibration.

In this thesis, the emphasis is placed exclusively on physical modeling methods.
This choice corresponds with the speci ¢ engineering perspective of this work, which is
rooted in the theoretical and empirical modeling of energy systems.

This work complements the research of my supervisor, Prof. Bertrand Cornélusse, whose
prior work has deeply examined wind power forecasting from a statistical and machine
learning perspective. While his research focuses on formulating sophisticated, data-driven
models to predict generation using probabilistic methods, this thesis is motivated because
of the potential to improve these approaches via physical constraints. This viewpoint
enables for a comparative study between two fundamentally di erent paradigms within
the same application framework.

3.4 Overview of the O shore Wind Farm

This work focuses on the o shore wind energy zone in the Belgian part of the North Sea,
which hosts ten distinct wind parks. The wind-farm layout and turbine con gurations
form the primary inputs to all physical models used throughout this thesis.

To construct a digital representation of the eet (Fig. 3.2, turbine geolocation data
were retrieved from the Open Infrastructure Map.
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