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AJeQda

WhaW iV ZiQd UeVRXUce aVVeVVmeQW?

HRZ WR meaVXUe Whe ZiQd

PUedicWiQg lRQg-WeUm ZiQd VSeedV

PUedicWiQg ZiQd WXUbiQe SRZeU RXWSXW



WhaW is Wind ResoXrce AssessmenW?





SRXndV gRRd, bXW...

HRZ mXch SRZeU iV in Whe Zind?

Will \RX be able WR Vell Whe geneUaWed elecWUiciW\ aW a SURØW?

A SURØW RYeU Whe ne[W 25 \ears?



Wind resource assessment to the rescue!

PUedicW lRQg-WeUP behaYiRU Rf Whe ZiQd

PUedicW SRZeU RXWSXW Rf ZiQd WXUbiQeV

KQRZ if \RX Zill Pake a SURØW!



Wind Resource Assessment = �

BXiOdiQg PRdeOV Rf Whe Sh\VicaO ZRUOd iV e[ciWiQg

UQceUWaiQW\ iV QRW jXVW a fRRWQRWe

MRdeUQ daWa VcieQce iV UeOaWiYeO\ QeZ iQ Whe ØeOd

RedXce ePiVViRQV aQd VORZ gORbaO ZaUPiQg!



PUedicWiQg Whe WiQd: A DaWa ScieQce PURbOeP!

GeWWiQg ZiQd daWa

COeaQiQg ZiQd daWa

AQaO\]iQg ZiQd daWa

BXiOdiQg a PRdeO Rf Whe ZiQd

PUedicWiQg Whe ZiQd aQd RXWSXW Rf Whe ZiQd faUP

ThiV iV a W\SicaO daWa VcieQce ZRUNÙRZ!



GHWWLQJ WLQd DaWa: MHW MaVWV

MeW maVWV lRRk like WhiV:

MeaVXUe Whe ZiQd aW diffeUeQW heighWV

HaYe VeQVRUV fRU ZiQd VSeed, ZiQd diUecWiRQ, WemSeUaWXUe, hXmidiW\, aQd SUeciSiWaWiRQ



AQaO\]iQg WiQd DaWa

LeW'V ORad daWa fURP a PeW PaVW aQd checN LW RXW!

IQ [1]:

OXU PeW PaVW daWa VhRZ ZLQd VSeed LQ P/V aW 30, 45, aQd 58 P heLghW, WePSeUaWXUe LQ rC, aQd ZLQd dLUecWLRQ

LQ r, LQ 10-PLQXWe LQWeUYaOV.

(TheVe daWa aUe aOO aUWLØcaO aQd I geQeUaWed WheP LQ .)WhLV QRWebRRN

OXW[1]: VSd_30 VSd_45 VSd_58 WPS diU

WiPe

1999-12-31 16:00:00 3.39 3.73 3.84 12.37 243.68

1999-12-31 16:10:00 3.27 3.65 3.81 12.22 250.02

1999-12-31 16:20:00 3.31 3.63 3.80 12.12 252.29

1999-12-31 16:30:00 3.78 4.26 4.38 12.04 249.54

1999-12-31 16:40:00 3.96 4.38 4.52 11.99 254.50

imporW SaQdaV as Sd

 

daWa = Sd.UHad_SaUTXHW('./daWa/PHW_PaVW.SaUTXHW')

 

daWa.URXQd(2).KHad()

http://localhost:8888/notebooks/data_acquisition/synthesizing_a_wind_speed_time_series.ipynb


LeW'V geW a feel fRU Whe ZiQd daWa b\ SlRWWiQg WheP!

In [3]:

...ZRZ, WhaW lRRkV YeU\ PeVV\!

OXt[3]:

# PlRW ZiQd VSeed Wime VeUieV

 

imporW brightZind as bZ

 

anemometers = ['spd_30','spd_45', 'spd_58']

bZ.plot_timeseries(data[anemometers])



LeW'V SORW a ViQgOe da\ WR Vee PRUe deWaiO!

In [4]:

ObVeUYaWiRQV: WiQd VSeed YaUieV a ORW WhURXghRXW Whe da\. HigheU heighW PeaQV higheU ZiQd VSeed.

OXW[4]:

bZ.ploW_Wimeseries(daWa.loc['2019-03-11',anemomeWers])



Which diUecWiRn dReV Whe Zind cRme fURm? LeW'V SlRW a fUeTXenc\ URVe !

IQ [5]:

OXW[5]:

EZ.IUHT_WaEOH(GaWa['VSG_30'], GaWa['GLU'])



Wind Data Analysis Takeaways

WiQd daWa = ORQg WiPe VeUieV

WiQd daWa ORRNV PeVV\

TheUe aUe dRPaiQ-VSeciØc WRROV WR VWUXcWXUe aQd e[SORUe ZiQd daWa (e.g. fUeTXeQc\ URVeV)



FUom MeaVXUemenW Wo PUedicWion: BXilding a Model

We Zant to predict hoZ much energ\ a Zind farm Zill likel\ produce in 25 \ears of operation.

PURbleP:

Onl\ 2 \ears of met mast Zind measurements to predict 25 \ears of Zind

With that little data Ze reall\ don't knoZ enough about hoZ the Zind Zill behaYe!

SRlXWiRQ:

Get more, longer-term data from other sources, coYering as much time as possible

RaWiRQale:

The more Ze knoZ about the past, the better Ze can predict the future.



SecWion OYeUYieZ

HRZ aQd ZheUe WR geW PRUe lRQg-WeUP daWa

BXild a ViPSle PRdel WR SUedicW ZiQd VSeedV

UVe a PRUe adYaQced PRdel fURP VcikiW-leaUQ WR SUedicW ZiQd VSeedV

IPSURYe PRdelV ZiWh ZiQd eQeUg\ dRPaiQ kQRZledge

IQYeVWigaWe hRZ WR VcRUe aQd cRPSaUe ZiQd VSeed PRdelV



GeWWing More, Long-Term DaWa

PRSXOaU daWa VRXUceV: GORbaO cOLPaWe PRdeOV, PeaVXUePeQWV b\ WKLUd SaUWLeV

CORVe WR WKe SaQdbR[ (bOXe): 4 cOLPaWe PRdeO JULd SRLQWV (RUaQJe), 3 aLUSRUW PeaVXUePeQW VWaWLRQV (SXUSOe)



LeW'V ORad cOiPaWe PRdeO ( ) aQd aiUSRUW VWaWiRQ daWa!ERA5

IQ [6]:

COiPaWe PRdeOV W\SicaOO\ dR QRW RXWSXW ZiQd VSeed aW gURXQd OeYeO aQd RQO\ haYe 1-hU UeVROXWiRQ.

(  VhRZV hRZ I dRZQORaded ERA5 daWa aQd  VhRZV hRZ I dRZQORaded aiUSRUW

VWaWiRQ daWa.)

ThiV QRWebRRN WhiV QRWebRRN

OXW[6]: Vpd diU Wmp

Wime

1999-12-31 16:00:00 4.548827 249.010856 12.370013

1999-12-31 17:00:00 3.981960 251.738388 11.915547

1999-12-31 18:00:00 2.607753 249.791620 11.245783

1999-12-31 19:00:00 1.559933 233.880179 9.782310

1999-12-31 20:00:00 1.359054 231.334928 10.454369

fUom SaWKOLb impoUW PaWK

impoUW SaQdaV aV Sd

 

OW_daWa = ^'HUa5_0': 'HUa5_0.SaUTXHW',

           'HUa5_1': 'HUa5_1.SaUTXHW',

           'MYF': 'MYF_200001010000_202003070000.SaUTXHW',

            'NKX': 'NKX_200001010000_202003070000.SaUTXHW',

            'SAN': 'SAN_200001010000_202003070000.SaUTXHW'`

 

foU QaPH, ILOH in OW_daWa.LWHPV():

    OW_daWa[QaPH] = Sd.UHad_SaUTXHW(PaWK('./daWa/').MRLQSaWK(ILOH))

    

OW_daWa['HUa5_0'].KHad()

https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era5
http://localhost:8888/notebooks/data_acquisition/downloading_ERA5_data_in_python.ipynb
http://localhost:8888/notebooks/data_acquisition/download_and_preprocess_asos_data.ipynb


From Short-Term to Long-Term Data

Our challenges:

Airport measurements are taken and climate models are calculated far from our site (the Sandbo[).

The\ have measurements in greater intervals than our met mast.

How much can we trust them to tell us about the wind characteristics at the Sandbo[?



LeW'V ploW meW maVW Zind Vpeed daWa againVW Whe daWa from Whe ERA5 climaWe model!

IQ [7]:

Good neZV: DeVpiWe being ph\Vicall\ far aZa\, Where Veem Wo be greaW VimilariWieV beWZeen Whe climaWe model

and Whe meW maVW daWa. (ThiV iV noW alZa\V Whe caVe, bXW iW iV here Wo make WhiV WXWorial fXn and eaV\.)

OXW[7]:

SlRW_daWa = Sd.cRQcaW([daWa['VSd_58'].UeVamSle('1W').meaQ(), lW_daWa['eUa5_0']['VSd'].UeVamSle('1W').meaQ()], a[iV=1)

SlRW_daWa.cRlXmQV = ['MeaVXUemeQW', 'LT RefeUeQce']

 

bZ.SlRW_WimeVeUieV(SlRW_daWa, daWe_fURm='2017')



PURblem: HoZ do Ze e[ploit the similarities betZeen references and met mast data to get an idea of Zhat

our met mast data Zould haYe looked like if Ze had measured for 25 \ears?

SRlXWiRn:

1. Build model describing relationship betZeen measurement and references

2. Let model predict Zhat long-term measurement Zould look like

Let's build a model!



A SimSle MRdel: OUWhRgRnal LeaVW STXaUeV

OUWhogonal leaVW VTXaUeV: DUaZ a beVW-ØW line beWZeen all WimeVWamp-poinWV of UefeUence and meW maVW Zind

Vpeed WhaW minimi]eV Whe oUWhogonal diVWance beWZeen line and WimeVWamp-poinW

IQ [8]:

IW lookV like Ze haYe a good amoXnW of daWa (7k+ poinWV) and a UeVpecWable  of 0.89. LeW'V ploW oXU line of

beVW ØW!

^'NXP daWa SRLQWV': 761, 

 'RffVeW': 0.48915546304725566, 

 'U2': 0.8682745042710436, 

 'VORSe': 0.7728460999482368` 

from bULJKWZLQd.aQaO\Ve.cRUUeOaWLRQ import OUWKRJRQaOLeaVWSTXaUeV

 

# ReVaPSle WR dail\

daWa_1D = daWa.UeVaPSOe('1D').PeaQ()

OW_daWa_1D = OW_daWa['eUa5_0'].UeVaPSOe('1D').PeaQ()

 

ROV_PRdeO = OUWKRJRQaOLeaVWSTXaUeV(Uef_VSd=OW_daWa_1D['VSd'], 

                                   WaUJeW_VSd=daWa_1D['VSd_58'], 

                                   aYeUaJLQJ_SUd='1D')

ROV_PRdeO.UXQ()



In [9]:

There is some scaWWer bXW model ØWs Whe daWa qXiWe Zell.

OXW[9]:

RlV_mRdel.SlRW()



PURblem:

To make VenVe of Whe model in WeUmV of hoZ Zell iW can pUedicW Zind VpeedV, Ze ZanW Wo XVe iW Wo

pUedicW Whe Zind VpeedV foU Whe Wime peUiod Zhen Ze haYe meW maVW meaVXUemenWV and When compaUe

WheVe meaVXUemenWV Wo Whe model'V pUedicWionV.

FoU WhiV pXUpoVe,  aV eUUoU meWUic iV inappUopUiaWe - iW WellV XV noWhing aboXW Zind VpeedV!

(InWeUpUeWaWion of  iV alVo UaWheU WUick\ foU oUWhogonal leaVW VTXaUeV UegUeVVion in geneUal)

SRlXWiRn:

UVe RMSE (UooW mean VTXaUe eUUoU) of pUedicWed Zind Vpeed YV. acWXal meaVXUed Zind Vpeed aV eUUoU meWUic!

IQ [10]: # Define VcoUing meWUic: RMSE

 

import QXPS\ as QS

 

def UPVH(SUHdLcWLRQ, acWXaO):

    return QS.VTUW(((SUHdLcWLRQ-acWXaO)**2).PHaQ())

 

aOO_SUHdLcWLRQV = ^`

aOO_VcRUHV = ^`



LeW'V VcRUe Whe VimSle RUWhRgRnal leaVW VTXaUeV mRdel XVing RMSE!

In [11]:

The RMSE iV 11% Rf Whe Zind VSeed. ThiV iV nRW Ueall\ a gRRd nXmbeU. If Ze ZRXld bXild Whe SURjecW aVVXming

11% faVWeU ZindV Whan Ze ZRXld acWXall\ haYe, Ze ZRXld haYe made a YeU\ e[SenViYe miVWake.

SR: HRZ can Ze imSURYe Whe mRdel?

LeW'V leaUn abRXW Ph\VicV!

RMSE of VimSle model: 0.315 

RMSE aV % of Zind VSeed mean: 11% 

SUedicWion = (olV_model.SaUamV['VloSe']*lW_daWa_1D['VSd']+olV_model.SaUamV['offVeW'])

 

all_SUedicWionV['VimSle'] = SUedicWion

all_VcoUeV['VimSle'] = UmVe(SUedicWion, daWa_1D['VSd_58'])

 

SUinW('RMSE of VimSle model: ^:.3f`'.foUmaW(all_VcoUeV['VimSle']))

SUinW('RMSE aV % of Zind VSeed mean: ^:.0f`%'.foUmaW(all_VcoUeV['VimSle']/daWa_1D['VSd_58'].mean()*100))



Topography vs. Wind

IPagLQe a ZLQd gXVW eQWeUV SLcWXUe RQ OefW aV a YeUWLcaO OLQe.

AV gXVW PRYeV RYeU a hLOO fURP OefW WR ULghW, LW acceOeUaWeV WRZaUdV Whe WRS aQd deceOeUaWeV WRZaUdV Whe

bRWWRP (YeUWLcaO OLQe becRPeV dLagRQaO).

PRVLWLRQ Rf hLOOV UeOaWLYe WR RXU VLWe Pa\ LQÙXeQce e[SecWed ZLQd VSeedV.



EleYaWion Map of AUea AUoXnd Whe Sandbo[

We RmmiWWed Whe Vcale, bXW iW lRRkV aV if WheUe aUe VRme eleYaWiRQ diffeUeQceV aURXQd Whe SaQdbR[.



HoZ can Ze Wake adYanWage of Whe WopogUaphic infoUmaWion?

LeW'V WU\ bXLOdLQg PRdeOV fRU dLffeUeQW ZLQd dLUecWLRQV!

RaWLRQaOe: We Pa\ ØQd WhaW WheUe LV PRUe VLPLOaULW\ LQ ZLQd VSeedV beWZeeQ PaVW aQd UefeUeQce LQ VRPe

dLUecWLRQV WhaQ LQ RWheUV.



A BeWWeU MRdel: Binned OUWhRgRnal LeaVW STXaUeV

OXr simple model È jXst binned in 12 direction sectors.

QXick remark: We Xse  for bXilding oXr model here instead of , since I Zant to shoZ \oX that

\oX can eYen anal\]e Zind data Zith more common data science tools.

SciP\ BrightZind

In [12]: # BLQ daWa b\ dLUecWLRQ

 

dir_binV = pd.InWerYalInde[.from_breakV(np.linVpace(0,360,13))

 

daWa_1D = daWa.reVample('1D').mean()

lW_daWa_1D = lW_daWa['era5_0'].reVample('1D').mean()

 

lW_daWa_1D['dir_bin'] = pd.cXW(lW_daWa_1D['dir'], dir_binV)

daWa_1D['dir_bin'] = pd.cXW(daWa_1D['dir'], dir_binV)

https://www.scipy.org/
https://github.com/brightwind-dev/brightwind


IQ [13]:

RMSE Rf bLQQed PRdeO: 0.289 

# BXild binned orWhogonal leaVW VqXareV model

 

from VcLS\.RdU import ODR, MRdeO, DaWa

 

def JeW_daWa_LQ_dLU_bLQ(dLU_bLQ):

    OW_daWa_LQ_bLQ = OW_daWa_1D['VSd'][OW_daWa_1D['dLU_bLQ'] == dLU_bLQ]

    daWa_LQ_bLQ = daWa_1D['VSd_58'][daWa_1D['dLU_bLQ'] == dLU_bLQ]

    retXrn OW_daWa_LQ_bLQ, daWa_LQ_bLQ

 

def PRdeO_fcQ(B, [):

    retXrn B[0]*[+B[1]

 

bLQ_VWaWV = ^`

for bLQ_Q[, dLU_bLQ in eQXPeUaWe(dLU_bLQV):

    bLQ_VWaWV[bLQ_Q[] = ^'Q_VaPSOeV': None, 'beWaV': None, 'UPVe': QS.QaQ, 'SUedLcWLRQV': None`

    OW_daWa_LQ_bLQ, daWa_LQ_bLQ = JeW_daWa_LQ_dLU_bLQ(dLU_bLQ)

    

    cRQcXUUeQW_Q[V = OLVW(VeW(OW_daWa_LQ_bLQ.LQde[).LQWeUVecWLRQ(VeW(daWa_LQ_bLQ.LQde[)))

    bLQ_VWaWV[bLQ_Q[]['Q_VaPSOeV'] = OeQ(cRQcXUUeQW_Q[V)

    

    if not cRQcXUUeQW_Q[V:

        continXe

    

    UeVXOW = ODR(DaWa(OW_daWa_LQ_bLQ[cRQcXUUeQW_Q[V].YaOXeV, daWa_LQ_bLQ[cRQcXUUeQW_Q[V].YaOXeV), MRdeO(PRdeO_fcQ),

                beWa0=[1., 0.5]).UXQ()

 

    bLQ_VWaWV[bLQ_Q[]['SUedLcWLRQV'] = PRdeO_fcQ(UeVXOW.beWa, OW_daWa_LQ_bLQ)

    bLQ_VWaWV[bLQ_Q[]['beWaV'] = UeVXOW.beWa

    bLQ_VWaWV[bLQ_Q[]['UPVe'] = UPVe(bLQ_VWaWV[bLQ_Q[]['SUedLcWLRQV'], daWa_LQ_bLQ)

 

aOO_SUedLcWLRQV['bLQQed'] = Sd.cRQcaW([bLQ_VWaW['SUedLcWLRQV'] for bLQ_VWaW in bLQ_VWaWV.YaOXeV()\

                                       if bLQ_VWaW['SUedLcWLRQV'] is not None]).VRUW_LQde[()

aOO_VcRUeV['bLQQed'] = QS.QaQPeaQ([bLQ_VWaW['UPVe'] for bLQ_VWaW in bLQ_VWaWV.YaOXeV()])

 

SULQW('RMSE Rf bLQQed PRdeO: ^:.3f`'.fRUPaW(aOO_VcRUeV['bLQQed']))



ScoreV Vo far

RMSE of simple model: 0.315

RMSE of binned model: 0.289

Our binned model performs better already!



A More AdYanced Model: RandomForeVWRegreVVor

E[pecWaWion: Random forest regressor captures nuances in relationship between reference and

measurement better than other models

BackgroXnd: A  generates an estimate from multiple decision trees. Each tree only gets

trained on a subset of samples and features. This means that each tree has some "specialized" knowledge

about the data and can see a particular aspect of the data better than other trees. By combining the

predictions of all trees, a random forest can provide a relatively robust prediction.

Approach:

Engineer features that model can pick up on

Run the model

random forest

https://medium.com/@williamkoehrsen/random-forest-simple-explanation-377895a60d2d


FeaWXUe EQgiQeeUiQg

Let's come up Zith some (simple) features that the random forest can feed on.

In [14]:

OXW[14]: VSd diU WPS VSd_UROOiQg_3 VSd_UROOiQg_5 d P

WiPe

2018-02-01 1.455543 173.896001 15.397280 3.040377 3.040787 1.0 2.0

2018-02-02 1.528880 168.001625 16.170596 3.040377 3.040787 2.0 2.0

2018-02-03 2.025680 251.970139 16.567941 1.670035 3.040787 3.0 2.0

\ = daWa_1D['VSd_58']

 

# GeW cRQcXUUeQW Wime VWeSV

conc_inde[ = VoUWed(liVW(VeW(\.inde[).inWeUVecWion(lW_daWa_1D.inde[)))

 

X = lW_daWa_1D.loc[conc_inde[,['VSd', 'diU', 'WmS']].VoUW_inde[()

 

# RRlliQg meaQV

def make_Uolling(daWa, ZindoZ_ZidWh):

    Uolling = daWa['VSd'].Uolling(ZindoZ_ZidWh).mean()

    Uolling = Uolling.fillna(Uolling.mean())

    Uolling.name = 'VSd_Uolling_^`'.foUmaW(ZindoZ_ZidWh)

    return Sd.concaW([daWa, Uolling], a[iV=1)

X = make_Uolling(X, 3)

X = make_Uolling(X, 5)

 

# DaWe-baVed feaWXUeV WR caSWXUe WemSRUal SaWWeUQV

X.loc[conc_inde[,'d'] = X.inde[.da\

X.loc[conc_inde[,'m'] = X.inde[.monWh

 

X.head(3)



NoZ that Ze haYe data Zith features, let's build 2 models: One model for Zhich Ze Zill Zithhold some

Yalidation data and, for comparison Zith the preYious models, one model that uses all data.

IQ [15]:

The RMSE is not too high and deØnitel\ Zithin the range of the other models. Let's compare the models in

more detail.

RMSE (RF PRdeO, WUaiQiQg VeW): 0.303 

RMSE (RF PRdeO, YaOidaWiRQ VeW): 0.330 

RMSE (RF PRdeO, aOO daWa): 0.300 

fUom VkOeaUQ.eQVePbOe impoUW RaQdRPFRUeVWRegUeVVRU

fUom VkOeaUQ.PRdeO_VeOecWiRQ impoUW WUaiQ_WeVW_VSOiW

 

X_WUaiQ, X_YaO, \_WUaiQ, \_YaO = WUaiQ_WeVW_VSOiW(X, \, WeVW_Vi]e=0.2, UaQdRP_VWaWe=42)

Uf_PRdeO = RaQdRPFRUeVWRegUeVVRU(Q_eVWiPaWRUV=100, RRb_VcRUe=TUXe, UaQdRP_VWaWe=100, PiQ_VaPSOeV_Oeaf=10)

Uf_PRdeO.fiW(X_WUaiQ, \_WUaiQ)

 

SUiQW('RMSE (RF PRdeO, WUaiQiQg VeW): ^:.3f`'.fRUPaW(UPVe(Uf_PRdeO.SUedicW(X_WUaiQ), \_WUaiQ)))

SUiQW('RMSE (RF PRdeO, YaOidaWiRQ VeW): ^:.3f`'.fRUPaW(UPVe(Uf_PRdeO.SUedicW(X_YaO), \_YaO)))

 

PRdeO = RaQdRPFRUeVWRegUeVVRU(Q_eVWiPaWRUV=100, RRb_VcRUe=TUXe, UaQdRP_VWaWe=100, PiQ_VaPSOeV_Oeaf=10)

PRdeO.fiW(X, \)

 

SUedicWiRQV = PRdeO.SUedicW(X)

aOO_SUedicWiRQV['fRUeVW'] = Sd.SeUieV(SUedicWiRQV,iQde[=cRQc_iQde[).VRUW_iQde[()

aOO_VcRUeV['fRUeVW'] = UPVe(SUedicWiRQV, \)

 

SUiQW('RMSE (RF PRdeO, aOO daWa): ^:.3f`'.fRUPaW(aOO_VcRUeV['fRUeVW']))



ComSaUing Whe 3 Wind SSeed ModelV
IQ [16]:

All 3 models folloZ Whe WargeW masW nicel\. The foresW model someWimes capWXres peaks beWWer Whan oWher

models (JXn 18, Ma\ 6), bXW also occasionall\ has bigger misses (Apr 12, Ma\ 30).

from PaWSORWOib imporW S\SORW aV SOW

 

Sd.DaWaFUaPe(aOO_SUedicWiRQV).ORc['2018-04':'2018-06',:].SORW(figVi]e=(25,5))

daWa_1D['VSd_58'].ORc['2018-04':'2018-06'].SORW(c='N',OZ=2, OabeO='TaUgeW MaVW')

 

SOW.OegeQd()

SOW.VhRZ()



Time for a direct score comparison! Remember: The loZer the RMSE, the better the model.

IQ [17]:

Despite all the fanciness of the random forest model, it does not reach the score of our binned model. This

being said È an RMSE of 0.3 is still relativel\ high Zhen measured in terms of Zind speed.

SG.SHULHV(aOO_VcRUHV).SORW.baU();



An In-DeSWh LRRk aW Whe Binned MRdel

WKeQ Ze bXLOW WKe bLQQed PRdeO, Ze dLd QRW VSeQd aQ\ WLPe LQVSecWLQJ LW. LeW'V dR WKaW QRZ. We ZaQW WR

XQdeUVWaQd KRZ URbXVW RXU PRdeO LV. FLUVW, OeW'V dLVSOa\ WKe QXPbeU Rf VaPSOeV RXU PRdeO XVed SeU bLQ.

In [18]:

6 bLQV KaYe XQdeU 25 VaPSOeV. FRU SUedLcWLRQV LQ WKeVe bLQV, WKe PRdeO LV SURbabO\ QRW YeU\ UeOLabOe.

bin_Zise_params = pd.Series([stat['n_samples'] fRU stat in bin_stats.values()], inde[=dir_bins)

bin_Zise_params.plot.bar(figsi]e=(15,5))

plt.grid()



IW ZRXld be beWWeU WR XVe RXU VimSle mRdel fRU WheVe caVeV, Vince Ze knRZ WhaW iW haV been WUained Rn a lRW Rf

daWa and SeUfRUmV UeaVRnabl\ Zell.

IQ [19]:

(0.0, 30.0]: SimSle mRdel 

(30.0, 60.0]: SimSle mRdel 

(60.0, 90.0]: SimSle mRdel 

(90.0, 120.0]: SimSle mRdel 

(120.0, 150.0]: SimSle mRdel 

(150.0, 180.0]: BiQ-ZiVe mRdel 

(180.0, 210.0]: BiQ-ZiVe mRdel 

(210.0, 240.0]: BiQ-ZiVe mRdel 

(240.0, 270.0]: BiQ-ZiVe mRdel 

(270.0, 300.0]: BiQ-ZiVe mRdel 

(300.0, 330.0]: SimSle mRdel 

(330.0, 360.0]: SimSle mRdel 

beWaV = []

 

foU beWa, Yalid_biQQed, biQ_ in ]iS([VWaW['beWaV'] foU VWaW in biQ_VWaWV.YalXeV()], 

                              [VWaW['Q_VamSleV']>=25 foU VWaW in biQ_VWaWV.YalXeV()],

                                   diU_biQV):

    if noW Yalid_biQQed:

        beWaV.aSSeQd(QS.aVaUUa\([RlV_mRdel.SaUamV['VlRSe'], RlV_mRdel.SaUamV['RffVeW']]))

        SUiQW('^`: SimSle mRdel'.fRUmaW(biQ_))

    elVe:

        beWaV.aSSeQd(beWa) 

        SUiQW('^`: BiQ-ZiVe mRdel'.fRUmaW(biQ_))



NoZ that Ze haYe a more robXst model, let's re-predict oXr time series and check oXr RMSE metric!

IQ [20]:

IQ [21]:

It looks as if Ølling the gaps in the binned model had a Yer\ bad impact on oXr RMSE, making the neZ model

the Zorst-performing one. What is going on here?

RMSE RI bLQQed ZLWK ILOO-LQ IURP VLPSOe PRdeO: 0.403 

OXW[21]: bLQQed                0.289 

IRUeVW                0.300 

VLPSOe                0.315 

bLQQed_ILOO_VLPSOe    0.403 

dW\Se: IORaW64

bLQ_UPVeV = []

bLQ_SUedLcWLRQV = []

fRU dLU_bLQ, beWa in ]LS(dLU_bLQV, beWaV):

    OW_daWa_LQ_bLQ = OW_daWa_1D['VSd'][OW_daWa_1D['dLU_bLQ'] == dLU_bLQ]

    daWa_LQ_bLQ = daWa_1D['VSd_58'][OW_daWa_1D['dLU_bLQ'] == dLU_bLQ]

    

    bLQ_SUedLcWLRQ = PRdeO_IcQ(beWa, OW_daWa_LQ_bLQ)

    bLQ_SUedLcWLRQV.aSSeQd(bLQ_SUedLcWLRQ)

    

    bLQ_UPVe = UPVe(bLQ_SUedLcWLRQ, daWa_LQ_bLQ)

    bLQ_UPVeV.aSSeQd(bLQ_UPVe)

 

aOO_SUedLcWLRQV['bLQQed_ILOO_VLPSOe'] = Sd.cRQcaW(bLQ_SUedLcWLRQV).VRUW_LQde[()

aOO_VcRUeV['bLQQed_ILOO_VLPSOe'] = QS.QaQPeaQ(bLQ_UPVeV)

 

SULQW('RMSE RI bLQQed ZLWK ILOO-LQ IURP VLPSOe PRdeO: ^:.3I`'.IRUPaW(aOO_VcRUeV['bLQQed_ILOO_VLPSOe']))

Sd.SeULeV(aOO_VcRUeV).VRUW_YaOXeV().URXQd(3)



We shoXld look at the RMSE per bin to get a better pictXre of hoZ Zhich binned model is to blame for the

increase in error.

In [22]:

We are getting the highest errors in the bins Zhere Ze inserted the simple model.

BXt, if there is no Zind in those bins (= directions), the errors in those bins are not important!

What Ze reall\ need is a bin-Zeighted scoring metric!

pd.DataFrame(^'rmse': bin_rmses, 'n_samples': [stat['n_samples'] for stat in bin_stats.YalXes()]`, 

             inde[=dir_bins).plot.bar(sXbplots=TrXe,figsi]e=(15,5));



IPSURYed ScRUiQg MeWUic: BiQ-WeighWed RMSE

FiUVW, Ze ZiOO caOcXOaWe Whe ZeighW Ze giYe WR each biQ. ThiV iV MXVW SURSRUWiRQaO WR Whe QXPbeU Rf VaPSOeV iQ

each biQ.

In [23]:

NRZ Ze caQ bXiOd RXU VcRUiQg fXQcWiRQ!

In [24]:

bin_n_samples = [sWaW['n_samples'] fRU sWaW iQ bin_sWaWs.YalXes()]

bin_ZeighWs = pd.Series(bin_n_samples, inde[=dir_bins)/np.sXm(bin_n_samples)

def rmse_binned(predicWion_spd, reference_spd, reference_dir):

    sqr_errors = (predicWion_spd-reference_spd)**2

    ZeighWs = bin_ZeighWs[reference_dir]

    error = np.sqrW(np.nanmean(sqr_errors.YalXes*ZeighWs.YalXes))

    UeWXUQ error



WiWh Whe VcRUiQg fXQcWiRQ XQdeU RXU beOW, OeW'V caOcXOaWe Whe biQ-ZeighWed RMSE fRU aOO Rf RXU PRdeOV'

SUedicWiRQV.

IQ [25]:

The biQ-ZeighWed RMSE VhRZV cOeaUeU diffeUeQceV beWZeeQ Whe PRdeOV WhaQ Whe XQZeighWed VcRUe:

OXU biQQed PRdeO WhaW iV XViQg Whe ViPSOe PRdeO'V iQfRUPaWiRQ WR ØOO iQ gaSV VcRUeV beVW

OXU ViPSOe PRdeO SeUfRUPV ZRUVe WhaQ Whe biQQed PRdeOV

OXU fRUeVW PRdeO SeUfRUPV SRRUO\

SR, afWeU aOO, Ze VKRXOd XVe RXU URbXVW bLQQed PRdeO WR SUedLcW ORQg-WeUP ZLQd VSeedV aW RXU PaVW!

OXW[25]: UQZeLgKWed BLQ-WeLgKWed

bLQQed_ØOO_VLPSOe 0.4026 0.1328

bLQQed 0.2888 0.1347

VLPSOe 0.3152 0.1416

fRUeVW 0.2996 0.1807

aOO_VcRUeV_bLQQed = ^`

fRU PRdeO_QaPe, SUedLcWLRQ_VSd in aOO_SUedLcWLRQV.LWePV():

    daWa_1D['VSd_58'][daWa_1D['dLU_bLQ'] == dLU_bLQ]

    aOO_VcRUeV_bLQQed[PRdeO_QaPe] = UPVe_bLQQed(SUedLcWLRQ_VSd, OW_daWa_1D['VSd'], OW_daWa_1D['dLU'])

    

Sd.DaWaFUaPe([aOO_VcRUeV, aOO_VcRUeV_bLQQed]).T.UeQaPe(cROXPQV=^0: 'UQZeLJKWed', 1: 'BLQ-WeLJKWed'`)\

    .VRUW_YaOXeV('BLQ-WeLJKWed').VW\Oe.baU(YPLQ=0, YPa[=0.5, cRORU='OLJKWbOXe').fRUPaW('^:.4f`')



PUedicWing Whe Long-TeUm Wind SSeed

NoZ Ze can predict the long-term Zind speed at our site. This helps us to get a good idea of hoZ much Zind

energ\ Ze can potentiall\ harvest if Ze build a Zind turbine there.

Remember: We assume the Zind in the future Zill behave like the Zind in the past. To get to the long-term

Zind speed, Ze take all predictions from our bin_fill_VimSle  model. To ma[imi]e accurac\, Ze

substitute it Zith actual measurements from our mast Zherever possible.

IQ [26]:

Let's summari]e our long-term Zind speed time series!

IQ [27]:

RHSOaFHG 761 PRGHO-SUHGLFWHG VaPSOHV ZLWK PHaVXUHG VaPSOHV IURP PaVW (10.3%). 

SWaUW: 1999-12-31, LHQJWK: 20 \HaUV, AYJ. VSG 2.86 P/V 

OW_VSHHG_aW_PaVW = aOO_SUHGLFWLRQV['bLQQHG_ILOO_VLPSOH']

OW_VSHHG_aW_PaVW[GaWa_1D['VSG_58'].LQGH[] = GaWa_1D['VSG_58']

 

SULQW('RHSOaFHG ^` PRGHO-SUHGLFWHG VaPSOHV ZLWK PHaVXUHG VaPSOHV IURP PaVW (^:.1%`).'\

      .IRUPaW(GaWa_1D.VKaSH[0], GaWa_1D.VKaSH[0]/OW_VSHHG_aW_PaVW.VKaSH[0]))

SULQW('SWaUW: ^:%Y-%P-%G`, LHQJWK: ^:.0I` \HaUV, AYJ. VSG ^:.2I` P/V'\

      .IRUPaW(OW_VSHHG_aW_PaVW.LQGH[[0], OW_VSHHG_aW_PaVW.VKaSH[0]/(365.25), OW_VSHHG_aW_PaVW.PHaQ()))



A feZ ZoUdV of caXWion aboXW Whe long-WeUm Zind VSeed Wime VeUieV

WLQd VSeedV XVXaOO\ YaU\ a ORW RYeU Whe da\. TheUefRUe, ZLQd WXUbLQeV SURdXce PRVW eQeUg\ RQO\

ZLWhLQ a fUacWLRQ Rf WhaW 24 hRXU SeULRd.

We SURdXced a dail\ WLPe VeULeV WhaW dReV QRW UeÙecW WheVe ZLQd VSeed chaQgeV dXULQg Whe da\,

becaXVe Ze aYeUaged hRXUO\ ZLQd VSeedV RYeU WhaW 24 hRXU SeULRd.

AV a UeVXOW, Ze ZLOO QRW geW UeaOLVWLc eQeUg\ SURdXcWLRQ QXPbeUV ZLWh WhLV WLPe VeULeV.

AcWXaO ZLQd UeVRXUce aVVeVVPeQW LV PXch PRUe cRPSOLcaWed WhaQ VhRZQ heUe.



FURm Wind SSeed MeaVXUemenW WR PUedicWiRn: TakeaZa\V

IW iV eaV\ WR bXiOd a ViPSOe ZiQd VSeed SUedicWiRQ PRdeO

MRUe adYaQced PRdeOV SeUfRUP QRW aOZa\V beWWeU

DRPaiQ kQRZOedge caQ heOS a ORW ZiWh ØQdiQg Whe UighW PRdeO

...aQd ZiWh aVVeVViQg PRdeO SeUfRUPaQce!



From MasW HeighW Wo TXrbine HeighW

We have: Long-term wind speed time series at 58 m height (height of the wind speed sensor on the

mast)

We want: Long-term wind speed time series at height of turbine

We need:

Information about turbine height

Information about how wind speed behaves with height

In this section: Ver\ short and simpliØed version.



TXUbiQe HeighW

We arbiWraril\ choose  as WXrbine model.

HXb heighW: 119 m (hXb: "nose" of Whe WXrbine aroXnd Zhich blades roWaWe)

TXrbine heighW: HXb heighW + eleYaWion of land WhaW WXrbine sWands on (assXme 100 m for all WXrbines)

MasW heighW: MasW heighW + eleYaWion of land WhaW masW sWands on (assXme 80 m)

VesWas V112

https://en.wind-turbine-models.com/turbines/7-vestas-v112-onshore


SheaU: BehaYioU of Wind Speed ZiWh HeighW

We XVe Whe  Wo Vcale maVW Zind VSeed Wo WXUbine heighW:

SheaU e[SonenW: 

Zind SUoØle SoZeU laZ

https://en.wikipedia.org/wiki/Wind_profile_power_law


LeW'V Ønd Whe Vhear e[ponenW b\ XVing  SKeaU.AYeUage()  meWhod.brighWZind'V

In [28]:

SheaU e[SRnenW: 0.19 

anemRmeWeU_heighWV = [30, 45, 58]

aYeUage_VheaU = bZ.SheaU.AYeUage(daWa[anemRmeWeUV], anemRmeWeU_heighWV)

SUinW('SheaU e[SRnenW: ^:.3`'.fRUmaW(aYeUage_VheaU.alSha))

https://github.com/brightwind-dev/brightwind/


Appl\ SheaU LaZ Wo Long-TeUm Time SeUieV

NRZ WhaW Ze knRZ Whe VheaU e[SRnenW, Ze can calcXlaWe Whe lRng-WeUm Wime VeUieV aW WXUbine heighW.

In [29]:

On aYeUage, Whe Zind iV 9.1% faVWeU aW Whe WXUbine heighW Whan aW Whe meaVXUed heighW. 

h_WXUbine   100.0 + 119.0

h_maVW   80.0 + 58.0

 

lW_VSeed_aW_WXUbine   lW_VSeed_aW_maVW*(h_WXUbine/h_maVW)**aYeUage_VheaU.alSha

 

SUinW('On aYeUage, Whe Zind iV ^:.1%` faVWeU aW Whe WXUbine heighW Whan aW Whe meaVXUed heighW.' \

      .foUmaW(lW_VSeed_aW_WXUbine.mean()/lW_VSeed_aW_maVW.mean()-1))



Predicting Wind TXrbine PoZer OXtpXt

We haYe cRme a lRQg Za\. NRZ WhaW Ze haYe a lRQg-WeUm ZiQd VSeed Wime VeUieV aW WXUbiQe heighW, Ze aUe

Uead\ WR SUedicW WXUbiQe SRZeU RXWSXW.



PoZer Curve

PoZer CXrYe: TXrbine poZer oXtpXt as fXnction of Zind speed. Let's plot the V112 poZer cXrYe!

IQ [30]:

ObserYations: TXrbine onl\ starts to prodXce poZer at aboXt 2 m/s Zind speed, poZer oXtpXt is stead\

betZeen ca. 12 and 25 m/s.

SRZeU_cXUYe = Sd.Uead_cVY('./daWa/YeVWaV_Y112_SRZeU_cXUYe.cVY', iQde[_cRO=0).iORc[:,0]

SRZeU_cXUYe.iQde[.QaPe = 'WiQd SSeed [P/V]'

SRZeU_cXUYe.SORW(WiWOe='VeVWaV V112 PRZeU CXUYe (PRZeU OXWSXW iQ kW)', figVi]e=(15,5), \OiP=(0,3500));



PoZer CXrYe Ys. Predicted Wind Speed

NoZ that Ze knoZ hoZ much poZer the V112 turbine produces b\ Zind speed, let's see hoZ our predicted

long-term Zind speed Øts into the picture.

IQ [53]:

ObserYations: Long-term Zind speed is Yer\ small in comparison to Zhat the turbine can handle, the V112

turbine is completel\ oYersi]ed for this site!

SRZeU_cXUYe.SORW(WLWOe='VeVWaV V112 PRZeU CXUYe (PRZeU OXWSXW LQ NW) YV. LRQJ-TeUP WLQd SSeed')

OW_VSeed_aW_WXUbLQe.SORW.KLVW(VecRQdaU\_\=TrXe, aOSKa=0.5, bLQV=20 , fLJVL]e=(15,5), OabeO='ORQJ-WeUP');



Calculating PoZer Output

DeVSiWe Whe V112 being VR RYeUVi]ed, leW'V Sla\ aURXnd ZiWh Whe eneUg\ SURdXcWiRn nXmbeUV Ze ZRXld geW if

Ze ZeUe WR bXild WhiV WXUbine. We ZanW WR geW a "feel" fRU Whe SRZeU RXWSXW and SXW iW in Whe cRnWe[W Rf Whe

cRmmXniW\ aURXnd Whe SandbR[, RXU ViWe.

IQ [78]:

AlmRVW 25 MWh! IV WhaW a lRW? IV WhaW a liWWle? LeW'V e[SUeVV WhiV nXmbeU in RWheU WeUmV:

IQ [79]:

ThaW iV a lRW Rf WRaVW and a gRRd amRXnW Rf elecWUic caU chaUgeV!

MeaQ WXUbLQe RXWSXW SeU \eaU LQ NWK: 24,925 

 TRaVWabOe WRaVWV SeU da\ fRU 1 \eaU: 975 

 FXOO TeVOa MRdeO S cKaUJeV SeU \eaU: 249 

OW_SRZeU_RXWSXW   QS.LQWeUS(OW_VSeed_aW_WXUbLQe, SRZeU_cXUYe.LQde[, SRZeU_cXUYe.YaOXeV, OefW 0, ULJKW 0)

OW_SRZeU_RXWSXW   Sd.SeULeV(OW_SRZeU_RXWSXW, LQde[ OW_VSeed_aW_WXUbLQe.LQde[)

 

WLPe_VeULeV_dXUaWLRQ_\eaUV   OW_SRZeU_RXWSXW.VKaSe[0]/(365.25)

RXWSXW_SeU_\eaU   OW_SRZeU_RXWSXW.VXP()/WLPe_VeULeV_dXUaWLRQ_\eaUV

 

SULQW('MeaQ WXUbLQe RXWSXW SeU \eaU LQ NWK: ^:,.0f`'.fRUPaW(RXWSXW_SeU_\eaU))

SULQW('  TRaVWabOe WRaVWV SeU da\ fRU 1 \eaU: ^:.0f`'.fRUPaW(RXWSXW_SeU_\eaU/(3.5/60*1.2)/365.25))

SULQW('  FXOO TeVOa MRdeO S cKaUJeV SeU \eaU: ^:.0f`'.fRUPaW(RXWSXW_SeU_\eaU/100))



HoZ Man\ HoXseholds CoXld We PoZer?

2017: TKe PeaQ SaQ DLeJR KRXVeKROd cRQVXPed 5600 NWK Rf eOecWULcLW\ (VRXUce: 

).

TKe SaQdbR[ ZIP cRde (92121) Kad 1677 KRXVeKROdV LQ 2010 (VRXUce: ).

SDGE YLa ETXLQR[

PURMecW

]LS-cRdeV.cRP

IQ [97]:

WeOO, WKaW ORRNV OLNe a dUeadfXO VceQaULR. BXW, JOadO\, RXU ZLQd PeaVXUePeQWV aUe aUWLØcLaO. TKLV PeaQV: We

dRQ'W UeaOO\ NQRZ KRZ PaQ\ WXUbLQeV LW ZRXOd WaNe WR SRZeU SaQ DLeJR KRXVeKROdV.

COeaUO\, XVLQJ MXVW WKeVe aUWLØcLaO daWa, bXLOdLQJ a ZLQd WXUbLQe cORVe WR WKe SaQdbR[ dReV QRW PaNe VeQVe.

WLWK RQe badO\-SOaced WXUbLQe, Ze cRXOd SRZeU 4.5 SaQ DLeJR KRXVeKROdV (0.3% RI aOO aURXQd WKe SaQdbR[).

WLWK 377 badO\-SOaced WXUbLQeV, Ze cRXOd SRZeU 1678 SaQ DLeJR KRXVeKROdV (100.1% RI aOO aURXQd WKe SaQdbR[). 

KRXVeKROdV_SeU_WXUbLQe   RXWSXW_SeU_\eaU/5600

ScW_RI_92121_SeU_WXUbLQe   KRXVeKROdV_SeU_WXUbLQe/1677

 

SULQW('WLWK RQe badO\-SOaced WXUbLQe, Ze cRXOd SRZeU ^:.1I` SaQ DLeJR KRXVeKROdV (^:.1%` RI aOO aURXQd WKe SaQdbR[).'\

      .IRUPaW(KRXVeKROdV_SeU_WXUbLQe, ScW_RI_92121_SeU_WXUbLQe))

SULQW('WLWK 377 badO\-SOaced WXUbLQeV, Ze cRXOd SRZeU ^:.0I` SaQ DLeJR KRXVeKROdV (^:.1%` RI aOO aURXQd WKe SaQdbR[).'\

      .IRUPaW(KRXVeKROdV_SeU_WXUbLQe*377, ScW_RI_92121_SeU_WXUbLQe*377))

https://sites.energycenter.org/equinox/dashboard/residential-electricity-consumption
https://www.zip-codes.com/zip-code/92121/zip-code-92121.asp


NHW CaSacLW\ FacWRU (NCF)

E[SeUWV meaVXUe hRZ Zell a WXUbine ØWV a Zind VSeed diVWUibXWiRn and elecWUiciW\ gUid enYiURnmenW in WeUmV

Rf neW caSaciW\ facWRU (NCF).

ThiV meWUic deVcUibeV hRZ mXch elecWUiciW\ Whe WXUbine Zill geneUaWe fURm Whe acWXal Zind enYiURnmenW, in

cRmSaUiVRn WR hRZ mXch iW cRXld WheRUeWicall\ geneUaWe, if Whe Zind bleZ enRXgh WR make Whe WXUbine

geneUaWe iWV ma[imXm SRZeU RXWSXW all Whe Wime.

In [100]:

ThiV neW caSaciW\ facWRU iV Ueall\, Ueall\ lRZ! (T\Sical NCFV: 30% - 50%)

We cRXld Slace WhiV WXUbine in Za\ beWWeU VSRWV!

NRbRd\ ZRXld bXild a WXUbine clRVe WR Whe SandbR[ (giYen RXU aUWiØcal daWa)!

The net capacit\ factor is 2.2%. 

ncf   output_per_\ear/(365.25*poZer_curYe.ma[())

print('The net capacit\ factor is ^:.1%`.'.format(ncf))



How "Valuable" Would our Power be?

Challenge: ReneZable energ\ is not (alZa\s) produced Zhen needed

Selling energ\ in high-demand hours can be more proØtable Ys. in loZ-demand hours

Blue: Demand / Orange: Demand minus solar and Zind (Sell energ\ Zhen this Yalue is high at slightl\

cheaper prices than fossil fuel poZer plants to make good proØt.)



Let's plot our diurnal proØle to see if we would produce a good amount of electricty during these proØtable

hours.

IQ [108]:

Unfortunately, it looks as if we produce power right when a lot of solar power is in the grid, pushing

electricity prices down. Not every wind project is like this – sometimes wind speeds are high just as energy

demand peaks.

meaVXUed_daWa = daWa['VSd_58'].UeVamSle('1h').meaQ()

meaVXUed_daWa.gURXSb\(meaVXUed_daWa.iQde[.hRXU).meaQ()\

    .SlRW(figVi]e=(15,5), WiWle='DiXUQal PRZeU PURdXcWiRQ PURfile', [lim=(0,23));



...bXW ZhaW ZoXld be a good VpoW for a Zind WXrbine?

AlWhRXgh SaQ DiegR QRW beiQg RQe Rf WheP, WheUe aUe VRPe gRRd VSRWV fRU ZiQd WXUbiQeV iQ CalifRUQia.



RefeUeQceV

(XQleVV QRWed abRYe)

Analy]ing Wind Data

MHW GDWD: 

Getting Wind Data: Met Masts

 E\ LDUV PORXJPDQQ LV OLFHQVHG XQGHU 

 E\ JYJRHEHO LV OLFHQVHG XQGHU 

Getting More, Long-Term Data

ASOS GDWD: 

Topography vs. Wind

FOXLG DQLPDWLRQ FRPHV IURP WKLV YLGHR: 

EOHYDWLRQ PDS GRZQORDGHG IURP KHUH: 

Power Curve

VHVWDV V112 PRZHU CXUYH: 

V\QWKHVL]LQJBDBZLQGBVSHHGBWLPHBVHULHV.LS\QE

"WLQG PHDVXUHPHQW WRZHU, QRUWK RI MREULGJH, SRXWK DDNRWD" CC B<-SA 2.0

"<LZWKB3E" CC B<-SA 2.0

GRZQORDGBDQGBSUHSURFHVVBDVRVBGDWD.LS\QE

KWWSV://ZZZ.\RXWXEH.FRP/ZDWFK?Y=-GITRNM-P4M

KWWS://ZZZ.VDQJLV.RUJ/GRZQORDG/LQGH[.KWPO

HQ.ZLQG-WXUELQH-PRGHOV.FRP/WXUELQHV/7-YHVWDV-Y112-RQVKRUH

http://localhost:8888/notebooks/data_acquisition/synthesizing_a_wind_speed_time_series.ipynb
https://www.flickr.com/photos/75062596@N00/8104180555
https://creativecommons.org/licenses/by-sa/2.0/?ref=ccsearch&atype=html
https://www.flickr.com/photos/37467370@N08/7676229992
https://creativecommons.org/licenses/by-sa/2.0/?ref=ccsearch&atype=html
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