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Per—lhyh

H ergas—a exet�zei thn prìbleyh paragwg c uper�ktiwn aiolik‚n p�rkwn sto BŁlgio upì

abebaiìthta. H taqe—a an�ptuxh thc uper�ktiac isqÔoc epit�ssei th met�bash apì shmeiakŁc

se pijanotikŁc problŁyeic gia kalÔtero programmatismì kai leitourg—a tou diktÔou. To

kÔrio prìblhma e—nai ìti ta fusik� montŁla, parìti ermhneÔsima, suqn� parousi�zoun

merolhy—a epeid  den apotup‚noun pl rwc pragmatikŁc sunj kec leitourg—ac kai fainìmena

ìpwc oi ap‚leiec omìrou.

AnaptÔssetai ierarq—a tri‚n fusik‚n montŁlwn: (1) statikì montŁlo kampÔlhc isqÔoc,

(2) montŁlo an� anemogenn tria me periballontikŁc diorj‚seic mŁsw Windpowerlib, kai (3)
wake-aware montŁlo qwrik‚n allhlepidr�sewn mŁsw PyWake. Ta montŁla qrhsimopoÔn

wc e—sodo metewrologik� dedomŁna MAR-ERA5s kai axiologoÔntai Łnanti pragmatik‚n

metr sewn paragwg c 10 p�rkwn (qronikìc or—zontac 2021�2024, me 15lepth an�lush).

Ax—zei na anaferje— ìti gia na kataste— efikt  h ektetamŁnh prosomo—wsh, to et sio prof—l

anŁmou sumpiŁzetai se antiproswpeutikŁc hmŁrec.

Gia th bajmonìmhsh kai posotikopo—hsh thc abebaiìthtac efarmìzetai Simulation-Based
Inference (SBI) (likelihood-free Bayesian), me an�lush euaisjhs—ac/tautopoihsimìthtac

kai ekt—mhsh posterior mŁsw SNPE, ‚ste oi problŁyeic na sunodeÔontai apì z‚nec

abebaiìthtac. Sugkritik�, to statikì montŁlo emfan—zei meg�lh uperekt—mhsh kai uyhl�

ep—peda sf�lmatoc, to Windpowerlib mei‚nei shmantik� th merolhy—a, en‚ to Pywake
petuqa—nei thn kalÔterh sunolik  akr—beia kai pio realistik  katanom  paragwg c. En‚

h met�bash apì Windpowerlib se Pywake mei‚nei kat� mŁso ìro to sf�lma (nRMSE)
kat� 17%. H efarmog  SBI belti‚nei jeamatik� to statikì montŁlo (wc {mhqanismìc

epidiìrjwshc}), en‚ sta pio sÔnjeta montŁla oi metrikŁc sfalm�twn den emfan—zoun

susthmatik  belt—wsh. Wstìso, to SBI katafŁrnei na posotikopo—hsei thn abebaiìthta

twn fusik‚n paramŁtrwn k�je montelou.

LŁxeic Kleidi�- Uper�ktia aiolik� p�rka, Montelopo—hsh aiolik c isqÔoc, Fainìmeno

omìrrou, Fusik� montŁla, Ulopo—hsh se Python, Windpowerlib, PyWake,
Sumperasmatolog—a basismŁnh se prosomoi‚seic





Abstract

As offshore 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
offshore wind parks collected between 2021 and 2024. Using this data, three physical
models are developed and evaluated for their accuracy and computational effectiveness.

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 effects and turbulence within the parks. To make
wake simulations and repeated calibration more efficient, 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 offshore wind power operations.

Keywords: Offshore wind farms; Wind power modelling; Wake effects; Physics-based
models; Python programming implementation; Windpowerlib; PyWake; Simulation-Based
Inference (SBI).
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Kefˆlaio 1

Ekten c PerÐlhyh

1.1 Eisagwg  kai Skopìc thc ErgasÐac

H uperˆktia aiolik  enèrgeia apoktˆ oloèna kai pio shmantikì rìlo sta mètra antimet¸pishc
thc klimatik c allag c, kaj¸c prosfèrei shmantik  energeiak  paragwg  me qamhlì anjrakikì
apotÔpwma [1, 2]. Sto Bèlgio eidikìtera, h egkatesthmènh uperˆktia isqÔc problèpetai
na auxhjeÐ shmantikˆ, apì perÐpou2:2 GW s mera se sqedìn 6 GW èwc to 2030 [3]. H
enswmˆtwsh tìso megˆlou posostoÔ metablht c paragwg c, eisˆgei shmantik  abebaiìthta
sto hlektrikì sÔsthma, dhmiourg¸ntac prokl seic gia th diasfˆlish thc eÔrwsthc leitourgÐac
tou diktÔou, twn agor¸n, kaj¸c kai th bèltisth axiopoÐhsh twn upodom¸n paragwg c.[4].

Upì autì to prÐsma, h axiìpisth prìbleyh thc aiolik c paragwg c den aforˆ mìno thn
akrÐbeia enìc shmeiakoÔ apotelèsmatoc, allˆ kurÐwc thn posotikopoÐhsh thc abebaiìthtac.
AnantÐrrhta, h abebaiìthta ephreˆzei ˆmesa tic apofˆseic leitourgÐac kai programmatismoÔ
tou diktÔou(p.q. efedreÐec, sumfìrhsh diktÔou), kai h bibliografÐa katadeiknÔei ìti h
enswmˆtws  thc se stoqastikˆ montèla leitourgÐac mporeÐ na odhg sei se metr sima
oikonomikˆ ofèlh se sÔgkrish me nteterministikèc proseggÐseic kanìnec [5]. Sunep¸c,
h metˆbash apì shmeiakèc problèyeic se pijanotikèc problèyeic eÐnai krÐsimh gia thn
axiìpisth kai apodotik  leitourgÐa twn hlektrik¸n susthmˆtwn upì uyhl  dieÐsdush APE.

Wstìso, paramènei dÔskolo na problèyoume thn paragwg  hlektrik c enèrgeiac pou
proèrqetai apì parˆktia aiolikˆ pˆrka. Autì sumbaÐnei diìti, en mèrei, to mègejoc kai h
kateÔjunsh tou anèmou metabˆllontai gr gora. Wc ek toÔtou, sto epÐpedo twn aiolik¸n
pˆrkwn emfanÐzontai sÔnjetec aerodunamikèc allhlepidrˆseic metaxÔ twn anemogennhtri¸n,
me apotèlesma oi katˆnth anemogenn triec na leitourgoÔn me meiwmènh taqÔthta anèmou
kai auxhmènh tÔrbh lìgw twn anˆnth [6, 7, 8]. Ta fusikˆ montèla pou qrhsimopoioÔntai
eurèwc sthn prˆxh, apì montèla pou basÐzontai se aplèc kampÔlec isqÔoc èwc montèla pou
lambˆnoun upìyh ap¸leiec omìrou1, eÐnai ermhneÔsima kai fusikˆ jemeliwmèna. Wstìso,
suqnˆ eisˆgoun susthmatikèc apoklÐseic, kaj¸c basÐzontai se tupopoihmèna qarakthristikˆ
tou kataskeuast  kai paramètrouc pou den apotup¸noun pl rwc tic pragmatikèc sunj kec
leitourgÐac, th g ransh tou exoplismoÔ   pijanèc apoklÐseic prosanatolismoÔ kai elègqou [10].
To apotèlesma eÐnai ìti akìmh kai prohgmènec mhqanistikèc proseggÐseic mporeÐ na emfanÐzoun
merolhyÐa kai adunamÐa axiìpisthc ektÐmhshc thc abebaiìthtac.

H paroÔsa diplwmatik  ergasÐa stoqeÔei na gefur¸sei autì to kenì, proteÐnontac
èna plaÐsio anˆptuxhc fusik¸n montèlwn uperˆktiac aiolik c paragwg c upì abebaiìthta.
Kentrik  idèa eÐnai o sunduasmìc twn domik¸n periorism¸n pou prosfèroun ta fusikˆ

1Me th bˆsh orologÐac TELETERM tou TeqnikoÔ EpimelhthrÐou Ellˆdac [9]. Perigrˆfei thn turb¸dh
ro  kai th meÐwsh thc taqÔthtac tou anèmou pÐsw apì thn pterwt .
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montèla me th Mpeôzian  mejodologÐaSimulation-Based Inference, h opoÐa epitrèpei thn
ektÐmhsh twn katanom¸n twn paramètrwn twn fusik¸n montèlwn, antÐ gia memonwmènec
�bèltistec� timèc. Me autìn ton trìpo, h prìbleyh mporeÐ na sunodeÔetai apì posotikopoihmènh
abebaiìthta, kˆti pou eÐnai krÐshmo gia efarmogèc leitourgÐac sust matoc kai, sunˆma,
axiolìghshc kindÔnou.

H kˆtwji ergasÐa ekpon jhke sto plaÐsio praktik c ˆskhshc Erˆsmouc (Febrouˆrioc
�IoÔnioc 2025) sto InstitoÔto Montefiìr tou PanepisthmÐou thc Lièghc, upì thn epÐbleyh
tou Kajhght  Bertrand Cornélusse. To èrgo sqediˆsthke ¸ste na diereunhjeÐ katˆ pìso
Python biblioj kec, ìpwc oi Windpowerlib kai PyWake , dÔnantai, mèsw katˆllhlhc
posotikopoÐhshc thc abebaiìthtac, na leitourg soun wc phg  fusik¸n periorism¸n
gia th beltÐwsh montèlwn mhqanik c mˆjhshc pou qrhsimopoioÔntai sthn epiqeirhsiak 
prìbleyh.

Gia ton skopì autì anaptÔqjhkan kai axiolog jhkan trÐa mhqanistikˆ: (a) statikì
montèlo kampÔlhc isqÔoc, (b) Turbine-speci�c montèlo me periballontikèc diorj¸seic mèsw
thc Windpowerlib biblioj khc, kai (g) montèlo ulopoihmèno mèsw hcPyWake biblioj khc ,
pou prosomoi¸nei tic qwrikèc allhlepidrˆseic metaxÔ twn anemogennhtri¸n. Sth sunèqeia,
efarmìsthke h mejodoc SBP (SBI) gia th bajmonìmhsh paramètrwn kai thn paragwg 
pijan otik¸n problèyewn . Tèloc , h apotÐmhsh thc akrÐbeiac twn montèlwn pragmatopoi jhke
sugkrÐnontac tic problèyeic me ta pragmatikˆ dedomèna pragwg c twn aiolik¸n pˆrkwn.

1.1.1 MejodologÐa kai MontelopoÐhsh

H mejodologÐa basÐzetai se dÔo phgèc dedomènwn pou diatèjhkan sto plaÐsio thc sunergasÐac
me to InstitoÔto Montefiìr : (a) metewrologikˆ dedomèna wc eÐsodo twn fusik¸n montèlwn
kai (b) metr seic paragwg c apì to dÐktuo wcground truth gia axiolìghsh twn montèlwn
[11, 12].

Dedomèna kai perioq  melèthc . Oi prosomoi¸seic odhgoÔntai apì to Modèle
Atmosphérique Régional (MAR),pou parˆgei ta dedomèna(MAR-ERA5s). Ta dedomèna
kalÔptoun th perioq  pou brÐskontai ta10 aiolikˆ pˆrka sth Belgik  Bìreia Jˆlassa
se plègma me qronikì b ma15 lept¸n (35,040 shmeÐa/ ètoc) (blèpe 3.2). Ta arqeÐa
dedomènoun perièqoun tic metablhtèc twn sunistws¸n tou anèmou U2Z, V2Z (se Ôyoc
100 m), thc puknìthtac tou aèra ROZ kai epifaneiak¸n metablht¸n ìpwc h pÐesh SP kai to
uyìmetro epifˆneiac SH. Wc parat rhsh qrhsimopoieÐtai to all_wind_plants_clean.csv
pou perièqei thn paragwg  energoÔc isqÔoc anˆ pˆrko gia10 uperˆktia aiolikˆ pˆrka (399
anemogenn triec) anˆ 15 leptˆ, kaj¸c kai dunamik  egkatesthmènh isqÔ Pegk [11].

ProepexergasÐa metewrologik¸n eisìdwn. Oi metewrologikèc metablhtèc
metafèrontai stic jèseic twn anemogennhtri¸n me digrammik  parembol  (bilinear
interpolation), tessˆrwn kontinìterwn geitìnwn (shmeÐa plègmatoc). Apì U2Z, V2Z upologÐzontai
taqÔthta kai dieÔjunsh anèmou. 'Epeita gia ta proqwrhmèna montèla h taqÔthta tou
anèmou prosarmìzetai apì100 msto Ôyoc pl mnhc thc anemogenn triac mèsw tou nìmou
Hellmann:

vhub = v ref

�
zhub

zref

� �

; (1.1)

H puknìthta tou aèra sto Ôyoc pl mnhc anˆgetai me th qr sh thc barometrik  prosèggishc
ìpwc ulopoieÐtai sth Windpowerlib [13, 14]. Tèloc , gia th qronik  apìstash 7:5min
metaxÔ metewrologik¸n dedomènwn kai paragwg c, h metewrologik  katˆstash th stigm 
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t + 7:5min jewreÐtai antiproswpeutik  tou 15leptou diast matoc paragwg c me kèntro
to t.

IerarqÐa fusik¸n montèlwn . UlopoioÔntai trÐa epÐpeda fusik c pistìthtac: (i)
statikì montèlo kampÔlhc isqÔoc me stajer  puknìthta kai qwrÐc qwrikèc allhlepidrˆseic ,
(ii) turbine-speci�c montèlo me th biblioj kh Windpowerlib poj perilambˆnei diorj¸seic
twn periballontik¸n sunjhk¸n , kai (iii) wake-aware montèlo me th biblioj kh PyWake
gia th proswmoÐwsh twn qwrik¸n allhlepidrˆsewn metaxÔ geitonik¸n anemogennhtri¸n.

SurrÐknwsh dedomènwn kai SBI. Prokeimènou na trèxoume touc proswmoiwtèc
qiliˆdec forec (sto PyWake kai sth Simulation-Based Inference),to et sio profÐl
anèmou sumpièzetai se orismènec, ligostèc kai antiproswpeutikèc hmèrec(representative
days),proseggÐzontac thn kampÔlh diˆrkeiac tou anèmou(duration curve) , blèpe 3.4. H
bajmonìmhsh twn paramètrwn kai h diereÔnhsh thc abebaiìthtac ulopoieÐtai mèsw anˆlushc
euaisjhsÐac kai tautopoÐhshcSVD/RRQR twn Wang & Qi [15], en¸ h ektÐmhsh thc ek
twn ustèrwn sunˆrthsh katanom c pijanìthtac , twn fusik¸n paramètrwn tou montèlou
gÐnetai me tonSNPE (Sequential Neural Posterior Estimationènan neurwnikì ektimht 
puknìthtac (likelihood-free), epitrèpontac th posotikopoÐhsh abebaiìthtac.

1.2 Sunoptik  Perigraf  Montèlwn kai Sugkritik 
Axiolìghsh

H paroÔsa enìthta sunoyÐzei ta trÐa fusikˆ montèla pou anaptÔqjhkan kai parousiˆzei
th sugkritik  touc epÐdosh upì èna sugkekrimèno plaÐsio axiolìghshc(blèpe 4). Stìqoc
eÐnai(i) na katasteÐ safèc ti prosfèrei kˆje epÐpedo fusik c poluplokìthtac kai (ii) na
posotikopoihjeÐ h prostijèmenh axÐa thc enswmˆtwshc periballontik¸n diorj¸sewn kai,
kurÐwc, me th montelopoÐhsh twn wake e�ects.

1.2.1 Perigraf  tri¸n epipèdwn montelopoÐhshc

H montelopoÐhsh organ¸netai ierarqikˆ se trÐa epÐpeda auxanìmenhc fusik c leptomèreiac:

ˆ Montèlo 1: Statikì montèlo kampÔlhc isqÔoc.
AntistoiqÐzei thn taqÔthta anèmou apeujeÐac se isqÔ mèsw kampÔlhc isqÔoc tou
montèlou thc anemognn triac. Upojètei stajer  puknìthta aèra kai den perilambˆnei
qwrikèc allhlepidrˆseic . QrhsimopoieÐtai wcbaselinegia na apotimhjeÐ h axÐa twn
pio sÔnjetwn montèlwn ( 3.7.2).

ˆ Montèlo 2: Montèlo anˆ anemogenn tria me thn Windpowerlib.
Enswmat¸nei dedomèna anemogenn triac(Ôyoc pl mnhc, diˆmetro rìtora , Pon) kai
efarmìzei periballontikèc diorj¸seic sÔmfwna me to montèlo thc anemogenn triac.
Oi ap¸leiec omìrou proseggÐzontai me empeirikèc kampÔlec apìdoshc(e�ciency
curves) se epÐpedo pˆrkou ( 3.7.3).

ˆ Montèlo 3: Wake-aware montèlo me thn PyWake.
Prosomoi¸nei tic qwrikèc allhlepidrˆseic anemogennhtri¸n upologÐzontac thn taqÔthta
se kˆje jèsh anemogenn triac kai montelopoieÐ thn turb¸dh ro  tou anèmou, qrhsimopoi¸ntac
th diˆtaxh tou pˆrkou kai th dieÔjunsh anèmou. ApaiteÐ perissìterec paramètrouc kai
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eÐnai upologistikˆ barÔtero, allˆ apotup¸nei tic qwrikèc susqetÐseic pou kuriarqoÔn
se puknˆ uperˆktia aiolikˆ pˆrka (Enìthta 3.7.4).

1.2.2 Apotelèsmata akrÐbeiac kai epÐdoshc

H sÔgkrish twn tri¸n montèlwn gÐnetai mèsw kanonikopoihmènwn metrik¸n sfˆlmatoc ,
¸ste ta apotelèsmata na eÐnai ˆmesa sugkrÐsima metaxÔ pˆrkwn diaforetik c egkatesthmènhc
isqÔoc Pegk. Sugkekrimèna, oi nMAE, nRMSE, nBias orÐzontai wc ta antÐstoiqaMAE,
RMSE, Bias ekfrasmèna wc posostì thc Pegk.

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: Sugkentrwtikèc kanonikopoihmènec metrikèc sfˆlmatoc (%).

Ta sugkentrwtikˆ apotelèsmata tou PÐnaka1.1epibebai¸noun mia saf  ierarqÐa epÐdoshc.
To Static montèlo emfanÐzei èntonh susthmatik  uperektÐmhsh(jetik  merolhyÐa) kai
uyhlˆ sfˆlmata . AntÐjeta, to Windpowerlib mei¸nei shmantikˆ th merolhyÐa mèsw periballontik¸n
diorj¸sewn kai empeirik¸n suntelest¸n apìdoshc anèmou, en¸ to PyWake epitugqˆnei thn
kalÔterh sunolik  epÐdosh.

Pio sugkekrimèna, gia na apotupwjeÐ to ìfeloc thc montelopoÐhshc thc qwrik c exˆrthshc
metaxÔ twn anemogennhtri¸n, sugkrÐnetai toWindpowerlib (efarmog  empeirik¸n kampul¸n
apìdoshc anèmou) ènanti touPyWake. O PÐnakac4.16sunoyÐzei th sqetik  beltÐwsh sthn
nRMSE, orÐzontac:

� % =
RMSEWPL � RMSE PyWake

RMSEWPL
� 100: (1.2)

Ta apotelèsmata deÐqnoun omoiìmorfh beltÐwsh tou sunolikoÔ aiolikoÔ stìlou, me mèsh
sqetik  meÐwsh sfˆlmatoc +17.2%.

1.2.3 Domik  sÔgkrish kai upologistikì kìstoc

Wstìso , oi prohgoÔmenec metrikèc sfˆlmatoc den apotup¸noun pl rwc domikèc apoklÐseic
twn montèlwn. Gia autì to lìgo pragmatopoioÔme sÔgkrish twn et siwn katanom¸n
paragwg c mèswKDE diagrammˆtwn(blèpe 4). Sugkekrimèna, to Static montèlo teÐnei
na emfanÐzei koresmì kontˆ sth Pegk, en¸ to PyWake apodÐdei realistikìtera thn et sia
katanom c isqÔoc. Parˆllhla , to Windpowerlib parousiˆzei uyhlìterh sugkèntrwsh / puknìthta
se qamhlˆ epÐpeda paragwg c,
parousiˆzontac arnhtik  merolhyÐa.

Se epÐpedo euqrhstÐac(PÐnakac4.17), to Windpowerlib apoteleÐ to pio apodotikì
upologistikˆ , en¸ to PyWake èqei uyhlìtero kìstoc allˆ paramènei prositì gia anˆlush .

1.2.4 Katalhktik  apotÐmhsh

Sunolikˆ , h metˆbash apì to Static sto WPL deÐqnei ìti oi diorj¸seic, me bˆsh ta
teqnikˆ qarakthristikˆ twn kataskeuast¸n twn anemogennhtri¸n , eÐnai aparaÐthtec gia
thn exˆleiyh thc merolhyÐac. Epiplèon, h metˆbash sto PyWake deÐqnei ìti, gia ta
perissìtera uperˆktia pˆrka , h ermhneÐa kai h bajmonìmhsh twn apwlei¸n omìrou den
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apoteleÐ apl¸c � beltÐwsh�, allˆ kajoristikìc parˆgontac gia thn akrÐbeia kai th swst 
anaparˆstash thc katanom c paragwg c.

1.2.5 SBI: Pipeline kai apotelèsmata

Gia th bajmonìmhsh kai thn posotikopoÐhsh thc abebaiìthtac twn paramètrwn twn fusik¸n
montèlwn uiojet jhke mÐalikelihood-free Bayesian prosèggish mèswSimulation-Based
Inference (SBI).H epilog  aut  sumbaÐnei giatÐ ta exetazìmena montèla prìbleyhc isqÔoc
h sunˆrthsh pijanofˆneiac p(x j �) eÐnai mh aniqneÔsimh.

Gia kˆje montèlo orÐzetai èna diˆnusma abèbaiwn fusik¸n paramètrwn �, ènacprior
pijanotikìc q¸roc p (� ), kai ènac prosomoiwt c x= f (� ) pou parˆgei qronoseirèc problèyewn
isqÔoc. H sÔgkrish me ta parathroÔmena dedomèna xobs den gÐnetai ston pl rh qronikì
q¸ro , allˆ mèsw dianusmatik¸n summary statisticss(x), ta opoÐa perilambˆnoun metrikèc
sfˆlmatoc , qarakthristikˆ katanom c kai metasqhmatismoÔc Fouriè. Me ton trìpo autì
epitugqˆnetai drastik  meÐwsh thc diˆstashc thc parat rhshc, apì dekˆdec qiliˆdec qronikˆ
shmeÐa se dianÔsmata lÐgwn dastˆsewn, alla me diat rhsh thc plhroforÐac gia thn bajmonìmhsh.

To SBI pipeline pou akolouj jhke sunoyÐzetai sta ex c stˆdia:

ˆ Anˆlush euaisjhsÐac kai tautopoihsimìthtac:
Prin apì th statistik  bajmonìmhsh, ektimˆtai arijmhtikˆ o pÐnakac euaisjhsÐac
S = @y=@�. Sth sunèqeia efarmìzontai h aposÔnjeshSVD kai RRQR anˆlush
tou pÐnaka euaisjhsÐac, sÔmfwna me[15], ¸ste na prosdioristeÐ o energìc upoq¸roc
paramètrwn. H diadikasÐa aut  epitrèpei ton diaqwrismì twn paramètrwn se euaÐsjhtec
kai diakritèc ènanti asjen¸c tautopoi simwn, kai periorÐzei th bajmonìmhsh mìno se
èna energì uposÔnolo.

ˆ Arqikì filtrˆrisma:
Efarmìzetai apìrriyh tÔpou ABC (Approximate Bayesian Computation ¸ste na
apokleistoÔn mh realistikèc timèc �, kai na estiasteÐ h ekpaÐdeush se perioqèc tou
prior q¸rou paramètrwn pou parˆgoun prosomoi¸seic kontˆ sta dedomèna:

d = ks(x(�)) � s obsk2:

ˆ EktÐmhsh posterior:
EkpaideÔetai akoloujiakˆ ènac neurwnikìc ektimht c puknìthtac mèswSequential
Neural Posterior Estimation (SNPE), o opoÐoc proseggÐzei ˆmesa thn katanom 
q� (� j s ) � p (� j s (xobs)). H mèjodoc parakˆmptei pl rwc thn eÔresh thc sunˆrthshc
pijanofˆneiac p (x j � ) kai majaÐnei to antÐstrofo prìblhma, dhlad  apì ta dedomèna
sumperaÐnei tic paramètrouc. H deigmatolhyÐa apì toposterior pragmatopoieÐtai me
MCMC.

ˆ Axiolìghsh:
H poiìthta tou posterior elègqetai mèswPosterior Predictive Checks (PPC),en¸
h prognwstik  apìdosh axiologeÐtai me kanonikopoihmènec metrikèc nMAE, nRMSE
kai nBias (p.q. 5.5, 5.3).

Apotelèsmata kai ermhneÐa . H efarmog  tou SBI sto Static montèlo od ghse se
drastik  beltÐwsh thc apìdoshc . H susthmatik  merolhyÐa sqedìn ekmhdenÐsthke,
ta sfˆlmata MAE kai RMSE mei¸jhkan shmantikˆ , kai oi posterior predictive z¸nec
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pareÐqan realistik  apotÔpwsh thc abebaiìthtac gÔrw apì thn pragmatik  paragwg . To
apotèlesma autì ermhneÔetai wc mÐa apokatˆstash kai epidiìrjwsh domik¸n sfalmˆtwn
tou aplopoihmènou montèlou, kaj¸c apousiˆzoun fainìmena ìpwc oi ap¸leiec lìgw omìrwn
kai h exˆrthsh apì th dieÔjunsh tou anèmou.

AntÐjeta, gia montèla uyhlìterhc fusik c poluplokìthtac (Windpowerlib kai PyWake)
h shmeiak  akrÐbeia emfanÐzei koresmì, me mikrèc mìno metabolèc stic metrikèc MAE=RMSE.

Parìlauta , to SBI paramènei qr simo, kaj¸c : (i) posotikopoieÐ me sunep  trìpo
thn abebaiìthta twn paramètrwn kai parˆgei z¸nec prìbleyhc me diˆsthma empistosÔnhc,
kai (ii) leitourgeÐ diagnwstik ,̂ apokalÔptontac poiec fusikèc diergasÐec eÐnai pragmatikˆ
tautopoi simec apì ajroistikˆ dedomèna pˆrkou. H anˆlush euaisjhsÐac kai tautopoihsimìthtac
odhgeÐ ètsi se energoÔc upoq¸rouc qamhlìterhc diˆstashc.

1.3 SÔnoyh thc ergasÐac kai telikì sumpèrasma

H paroÔsa diplwmatik  anèptuxe kai axiolìghse mÐa ierarqÐa fusik¸n montèlwn prìbleyhc
isqÔoc gia uperˆktia aiolikˆ pˆrka sto Bèlgio , se poluet  orÐzonta (2021�2024) kai se
dèka pˆrka, me stìqo thn katanìhsh thc sqèshc metaxÔ fusik c pistìthtac , upologistikoÔ
kìstouc kai probleptik c axiopistÐac . SugkrÐjhkan trÐa epÐpeda montelopoÐhshc kai
protˆjhke èna eniaÐo pijanotikì plaÐsio bajmonìmhshc mèswSimulation-Based Inference
(SBI).

Kentrikì apotèlesma eÐnai ìti h megalÔterh� apìdosh anˆ poluplokìthta � prokÔptei
apì th metˆbash apì to Static sto Windpowerlib, en¸ h peraitèrw aÔxhsh fusik c
leptomèreiac me to PyWake prosjètei axÐa kurÐwc sth realistik  anaparˆstash twn
allhlepidrˆsewn wake . H efarmog  SBI leitoÔrghse wc mhqanismìc epidiìrjwshc gia
to statikì montèlo (shmantik  meÐwsh jetik c merolhyÐac), allˆ gia ta pio prohgmèna
fusikˆ montèla (Windpowerlib/PyWake) h beltÐwsh twn metrik¸n sfalmˆtwn faÐnetai
na periorÐzetai. Parìlauta , h SBI katˆfere na diagn¸sei kai na posotikopoi sei thn
abebaiìthta.

Mellontik  kateÔjunsh . En katakleÐdi, proteÐnetai miagray-box prosèggish me
residual learning: èna fusikì montèlo na leitourgeÐ wcbaseline (mèsh prìbleyh), kai
èna mikrì neurwnikì montèlo na majaÐnei tic susthmatikèc apoklÐseic pou apomènoun. Me
autìn ton trìpo , h SBI diadikasÐa mporeÐ na leitourg sei wc èna pijanotikì plaÐsio gia
th bajmonìmhsh kai thn posotikopoÐhsh thc abebaiìthtac, ¸ste to ubridikì sq ma na
paramènei praktikˆ ulopoi simo, ermhneÔsimo kai qr simo epiqeirhsiakˆ.
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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 2030 [3]. 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 by [5], 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
quanti�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 simulations [8]. 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 misalignment [10]. 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:

ˆ 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�c 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.

ˆ 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.

ˆ 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.

ˆ 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:

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

ˆ Temporal Misalignment: Fixing synchronization issues between low-resolution
weather data and high-frequency SCADA1 production data.

ˆ 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.

ˆ 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 infeasible [18]. 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
quanti�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 particularly 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:

ˆ 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.

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

ˆ 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:

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

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

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

ˆ E�ciency via Representative Sampling: Representative -day windows and
weights reduce wake-model cost while preserving seasonal statistics; full-year metrics
are reported separately.

24



ˆ Discrepancy-Based Filtering: Prior pruning is performed via ABC using
summary-statistic distances, excluding parameter sets that poorly match observed
trajectories before posterior analysis.

ˆ Neural Bayesian Calibration: Sequential Neural Posterior Estimation (SNPE)
with �ow -based density estimators is used to infer continuous posteriors for uncertain
parameters.

ˆ 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:

Pwind =
1
2

�Av 3 =
1
2

�
�

�D 2

4

�
v3; (3.1)

Here, � stands for air density, which is usually about 1:225kg=m3 at sea level under normal
conditions, and D is the rotor diameter.

In real situations, the electrical power output,Pel, is only part of the total wind power.
The Betz limit [ 21] sets the maximum, and losses from aerodynamics, mechanics, and
electricity further reduce it:

Pel =
�

1
2

�A C p(�; �) v 3 � _Wloss

�
� gen: (3.2)

Equation 3.2 is shown here to explain the physical conversion process. In this thesis, we
do not calculate Cp(�; �), � gen, or _Wloss 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
el = PC(v e� ) f � ; f � =

(
�=� ref; if density correction enabled;

1; otherwise:
(3.3)

Here,ve� 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.

ˆ Static: No wake or e�ciency corrections are applied. The model assessesPC(vref; � )
with cut-in/cut-out behavior given by the curve de�nition.

ˆ 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.

ˆ PyWake: Wake losses arise from the wake de�cit model, which produces an e�ective
in�ow ve� at each turbine. Electrical power is still computed by evaluating the
same manufacturer curve atve� (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,
CT (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 manufacturerCT curves for
the turbines studied, we used syntheticCT (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. Importantly,CT (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 CT 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:

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

ˆ Region 2: Partial load ( vin � v < v nom). The electric power increases approximately
with v 3, P / v 3.

ˆ Region 3: Nominal power ( vnom � v < v out ). The generator reaches rated
capacity; control (typically pitch control) limits aerodynamic torque, maintaining
power at a constant level.

ˆ Region 4: Cut-out ( v � v out ). 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].

ˆ 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).

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

ˆ 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,
(ii) 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 Windpowerlib [24], also include hub-height wind-speed
estimates and site-speci�c 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 systems. [25] 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) [26], 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 by [27], 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 [17]. 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 calledk) and how
turbulence and stability are represented [10, 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 maximum-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 function [30].
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 [31]. 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:

ˆ 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.

ˆ 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�c 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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