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In this studytwo approache$or makingdaily probabilisticforecastdor the next day aredemonstratedThe first
methodmodelsthe joint probability distribution for all wind speedobserationsduring the day as a function of
outputfrom a numericalweathermprediction(NWP) model. The pover curve is thenappliedon a large numberof
simulationsfrom the fitted multivariate probability distribution in orderto getthe distribution for the production.
The secondmethodmodelsthe univariateprobability distribution for daily power productionasa function of NWP
modeloutputor throughanintermediatamodelthatuseSNWP modeloutput. The methodsareappliedto datafrom
awind farmin Norway. Resultsarein favour of themoreadwancedfirst method.

1 INTRODUCTION

Forecastsfor wind power production are valuable for

planningproductionandoptimizingits market value. Most

often theseforecastsconsistof only the expectedor most
likely production,i.e. noinformationaboutthe uncertainty
is provided.

Possiblythe most flexible methodthat has beenapplied
to predictthe expectedpower productionis local additive
regressionwhich is describedin [1]. Quantificationof
uncertaintyhasbeenstudiedin [2] and[3] amongothers.
In both papersthe uncertaintyis quantifiedfor predictors
taking discrete values, but only the former gives the
forecasts probabilisticinterpretation.

In this paperwe extendand unify theseideasby allowing
theuncertaintyto beafunctionof continuouspredictorspy
quantifyingtheuncertaintyin termsof probabilities andby
shaving how forecastxanbeaccumulatedhn time.

2 DATA

Themeasuremerdataconsistf hourly meanwind speed
andhourly power productionfor eachof five wind turbines
in Vikna in Norway from Februaryto December2000.
For analysisthesedata are averagedsuch that the wind

farm canbe considerecasoneunit. In all thereare 3514
hourly records;of thesethereare only 95 dayswhereall

obsenrationsareavailable.

The NWP modelusedis HIRLAM (H10) with horisontal
resolutionof about10 km. From this modelhourly fore-
castsfor wind speedat 10 m, wind speedncreaseat 10 m,

andwind directionat 10 m areextractedandinterpolatedo
the centerof the wind farm. The hourly forecastsareini-

tiatedat 00 UTC (availableto usersabout03.30UTC) and
have forecastengthsfrom +25to +48 hour

3 STATISTICAL MODELS

In statisticalmodellingit is assumedhatthe dataaregen-
eratedby randomvariableswhoseprobability distributions
arecharacterizethy afew parametersMostoftenthesepa-
rametersareunknavn andmustbe estimatedrom thedata.
In our context we would lik e to know how the distributions
of theproductiomandthewind speedlependnoutputfrom
theNWP model,i.e. the parametersf the distributionsare
functionsof the NWP modeloutput. This sectiondescribes
two methodgor estimatingthesedistributionsandmaking
forecasts.

3.1 MethodA

The basicstepin this approachis to determinethe con-
ditional multivariate probability distribution for the daily
vector of wind speedobsenationsgiven valuesof the ex-
planatoryvariables.For simplicity we usethe multivariate
normal distribution which becomesappropriateafter a
transformatiorof the obserations. The dimensionof this
distribution equalsthe numberof obsenrations eachday
and the distribution itself is fully specifiedby the mean
vectorandthe covariancematrix. We will assumehatboth
dependon predictors.

Eachcomponentof the meanvector and the diagonal of
the covariancematrix, i.e. the variancesare estimatecby
localregressionseee.g.[1]. Estimatesf thevariancesare
obtainedby usingthe squaredesidualerrorsasdependent
variable. The correlationp betweenary two obserations
on the sameday is assumedo be a function of the time
differencebetweerthemonly. An estimatecanbe obtained
by using
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where N is the total number of terms in the sums,
H = {(h,i) : |h—H| =k}, andr}, the residualerror
divided by the estimatedstandarddeviation on day d
and time of the day h. For more information see [4].
The covariancescan be computed by multiplying the
correlationdy the correspondingtandardieviations.



By ignoring the uncertaintiesin the point estimatesthe
multivariate probability distribution of daily wind speed
vectorsare nov known for ary predictorvalue. Predic-
tionsof power productionareobtainedy simulatingalarge
numberof wind speedvectorsfrom the fitted multivariate
normaldistribution. Thesesimulationsareonatransformed
scale,and let ug,...,us denotethe correspondingsimula-
tions on the normalscale. The daily power productionfor
eachsimulationis then

E = ZD(Uih) )

i =1,...,s, wherethe function p is the assumecknowvn

power curve andthe sumis taken over all componentf

ui. Thesetof values{E;,...,Es} canthenbeinterpretedas
the empirical probability distribution for the daily power

production. Basedon this distribution, forecastscan be

presentedn termsof probabilitiesabose/belav predefined
thresholdor asquantilesfor givenprobabilities.

3.2 MethodB

This approachmodels the univariate probability distri-

bution for daily power productionas a function of the
predictors. By assumingthat the normal distribution is

appropriateon atransformedscale the problemis reduced
to estimatethe meanandthe variance. Thesewill bothbe
functions of explanatory variablesand are estimatedby

meansf local regressiorasdescribedabore.

The predictorscan either be selecteddirectly from NWP

model output or they can be obtainedthroughintermedi-
atemodelling. In mary casesdt would e.g. be possibleto

improve the wind speedof the NWP modelby regression.
Predictiongrom this intermediatanodelcanthenbe used
aspredictorsin themodelfor daily production.

4 RESULTS

In this sectionthe practicalaspect®f applyingthemethods
onthedataat Vikna aredescribed.This involvesselecting
transformationspredictorsanddegreeof smoothing,such
thatthe quality of the predictionsareasgoodaspossible.

4.1 MethodA

This method requiresthat the wind speedobsenrations
are approximately normally distributed conditional on
the explanatoryvariables. An appropriatetransformation
was chosenby examining the scatterplotbetweenthe
wind speedobsenationsand the wind speedof H10, see
figure 1. Usually the squareroot transformatioris applied,
but here the conditional distribution was skewed to the
right for small predictorvaluesandslightly skewed to the
left for large. For this reasonan arcsine-transformation,
arcsiny/-/28, was chosen even thoughthis restrictedthe
rangeof the obserationsto [0,28. This restrictionwas,
however, not problematic, since for strong wind speeds
the productionis zero. The predictor variable was not
transformed.

The selectionof predictorsvasmostly informal andbased
on interpretationof plots as far as possible. Not surpris-
ingly the H10 wind speedclearly wasthe mostimportant
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Figure 1: Transformationof wind speedobsenationsfor
methodA.

predictorfor the meanfunction. By fitting the meanfor
all combinationsawith two predictorsat variousdegreesof
smoothingit was obvious that the wind speedincreaseof
H10 wasthe secondmostimportantexplanatoryvariable.
Furtherit was ascertainedhat the wind direction of H10
also had someimpact on the wind speedobsenations.
The most difficult decision was whether the seemingly
unimportantdiurnal effect should be included. Mainly
becausef the influencethe length of the forecasthad on
thevariancethetime of the daywasincludedasa periodic
predictor In our short experienceit seemedsomavhat
favourableto have the samepredictorsfor both the mean
andthevariance.

The choice of predictorsfor the variance function was
madeusing a similar procedureas for the meanfunction.
For the variance the wind speedof H10, wind speed
increaseof H10, and the length of the forecastwere all

highly significantwith roughly equalimportance. On the
other handit was difficult to seethat the wind direction
of H10 hadary effect on the squaredesidualsput it was
includedsuchthatthe predictorswerethe sameasfor the
mean.

The autocorrelationswere estimatedusing (1) and are
shawvn in figure2.

For this methodthe estimatedvind farm power curvesare
assumectorrect,i.e. thereare no uncertaintiesn pover

production calculationswhen the wind speedis known.

Thereare estimatedwo power curves with respecto the
estimatedvind farm cut-out/inwind speedtheoreticakut-

in (production)and theoreticalcut-out (none production).
Thehourly wind farm cut-out/inwind speedsreestimated
to 21 m/s and 17 m/s respectrely. Thesepower curves
were both estimatedusing local regressionwith second
degreepolynomialsandareshavn in figure 3.

In orderto assesshe quality of the predictionscrossvali-

dationwere applied. Examplesof hourly wind speedand
productionforecastsaregivenin figure4, while theresults
for daily productionareshavn attheendin figure5.
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Figure2: Estimatedautocorrelation§or methodA.
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Figure3: Estimatedoower curvesfor methodA.
4.2 MethodB

The maximumdaily power productionfor the wind farm
was limited to 52.8 MWh which implied that the support
for the probability distribution should be constrainedto
the internval [0,528]. By meansof the transformation
arcsiny/-/52.8 of the obsered daily production this
requirementvasfulfilled.

Due to only 95 datapoints the numberof predictorshad
to be kept at a minimum. The mostsimple choicewasto
useoutputfrom H10 directly, but this soonturnedoutto be
not very optimal. A far betterchoicewasto usethe mean
hourly predictedwind speedof method A. From these
predictionsthe daily averagewind speedandits standard
deviationwerecalculatecandusedasexplanatoryariables
for boththemeanandthevariancefunctions.We alsotried
to usethe daily predictedpower productionof methodA,
but surprisinglythis gave worseresultsin termsof wider
predictionintervals,i.e. moreuncertainpredictions.

As for methodA the quality of the predictionswasexam-

ined by crossvalidation. Theresultsareshavn in figure 5
alongwith theresultsfor methodA. It is easilynoticedthat
theintervalsarewider thanfor methodA.

5 DISCUSSION

The mostquestionableassumptiorin our approachis that
the errorsin the power curves are not taken into account.
This assumptioris justified by that on a daily basisthese
errorswill to someextentcancelout. On an hourly basis,
however, the assumptionis not good and needsfurther
attention.

In this paperonly HIRLAM10 outputinterpolatedto the
wind farmis used,but it is possiblethat moreinformation
aboutthe synoptic weathersituationsand/or using NWP
modelswith higher resolutioncan give improved results.
Thiswill beinvestigatedurther.

This studyhasfocusedon power productionaggr@atedin
time, but methodA could alsohave beenappliedto prob-
lemswherethe total productionof several wind farmsare
themaininterest.Insteadof assuminghatthe correlations
area function of time difference we could let the correla-
tions dependon the distancesetweenthe wind farms,or
justsimply computethe correlationshetweerall farms.

6 CONCLUSION

In this paperwe have presentedwo methodsfor making
probabilisticforecastgor daily power production. There-
sultsindicatethatit is betterto modelthejoint probability
distribution for all wind speedobserationsduring a day
andthensimulatefrom this to obtaindaily powver produc-
tion, insteadof makinga separateanodelfor daily produc-
tion.
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Figure4: Examplesof hourly predictionsn termsof the95, 75,50, 25, and5 percentilesWind speedleft column)andpower

production(right column).Obsenationsareindicatedby filled circles.



(UMW) uononpoud Jamod

L',

L9

L'S

91

§'6¢C

§'8¢

§9¢

S'1¢C

S'0¢

x4

414

(414

ve

(44

cee

¢'Te

A4

6t

'8t

L

29

4]

4

0S

or 0g 0c 0T 0

(UMIA) uononpoud Jamod

8'8T

8LT

8'ST

8T

8€T

8¢l

81T

8'6

88

89

8

8¢

8¢

8T

L'1e

1°0e

L'8¢

Lle

L9¢

1'S¢

L've

LT

20T

L'6

L8

- - T
gt 4
eI
-z A
LR=ss
.- -
- Do
R
e
=
LEEL
==
. e
g - —C—T—1- -~
LI e et
. -
o -

T
0S

ov og 0¢ ot 0

(UMIN) uononpoud Jamod

0T'¢e

0T'TC

0T°0C

0T'6T

0T8T

01’8

[O1r4

0T'T

6'0€

6'T¢

6'0¢

6€T

6¢T

6L

6'9

6'S

67

6T

8'0¢

8'9¢

8'Ge

8've

8'€e

8'¢ce

8'6T

- -—-=4
TWlL
[ e Y
Ko
e - - -~
= -
- - - -
- - - -
o= - -
(S - -
- - -
- -C——-~
[ s e
oy e e B
- o0 -%
[ ]
- - -
- }F----4
= T~
T e e [
s P
- -
(SR s Y
- {1 -
r- - I -4
r--CT3 -+
T T T T T T
0s oy o0 02 0T 0

(UMl uononpoud Jamod

cret

[4%:1%

¢T'LT

4944

CTeT

1102

TT'6T

78T

TT'LT

Tt

TTot

6

s

v

e

x4

oT'0e

0T'6¢C

0T'8¢

0T'9¢

0T'Se

oree

Figure5: ForecastaisingmethodA (left) andB (right) in termsof the 95, 75, 50, 25, and5 percentiles.Obsered power

productionis indicatedby filled circles.



