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Abstract

In this studytwo approachesfor makingdaily probabilisticforecastsfor the next day aredemonstrated.The first
methodmodelsthe joint probability distribution for all wind speedobservationsduring the day asa function of
outputfrom a numericalweatherprediction(NWP) model. Thepower curve is thenappliedon a largenumberof
simulationsfrom the fitted multivariateprobability distribution in orderto get the distribution for the production.
Thesecondmethodmodelstheunivariateprobabilitydistribution for daily power productionasa functionof NWP
modeloutputor throughanintermediatemodelthatusesNWP modeloutput.Themethodsareappliedto datafrom
awind farmin Norway. Resultsarein favourof themoreadvancedfirst method.

1 INTRODUCTION

Forecastsfor wind power production are valuable for
planningproductionandoptimizingits market value.Most
often theseforecastsconsistof only the expectedor most
likely production,i.e. no informationabouttheuncertainty
is provided.

Possiblythe most flexible methodthat has beenapplied
to predict the 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
forecastsa probabilisticinterpretation.

In this paperwe extendandunify theseideasby allowing
theuncertaintyto beafunctionof continuouspredictors,by
quantifyingtheuncertaintyin termsof probabilities,andby
showing how forecastscanbeaccumulatedin time.

2 DATA

Themeasurementdataconsistsof 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 consideredasoneunit. In all thereare3514
hourly records;of thesethereareonly 95 dayswhereall
observationsareavailable.

The NWP modelusedis HIRLAM (H10) with horisontal
resolutionof about10 km. From this modelhourly fore-
castsfor wind speedat 10 m, wind speedincreaseat 10 m,
andwind directionat10m areextractedandinterpolatedto
the centerof the wind farm. The hourly forecastsareini-
tiatedat 00 UTC (availableto usersabout03.30UTC) and
have forecastlengthsfrom +25to +48hour.

3 STATISTICAL MODELS

In statisticalmodellingit is assumedthat thedataaregen-
eratedby randomvariableswhoseprobabilitydistributions
arecharacterizedby afew parameters.Mostoftenthesepa-
rametersareunknown andmustbeestimatedfrom thedata.
In ourcontext we would like to know how thedistributions
of theproductionandthewindspeeddependonoutputfrom
theNWP model,i.e. theparametersof thedistributionsare
functionsof theNWPmodeloutput.Thissectiondescribes
two methodsfor estimatingthesedistributionsandmaking
forecasts.

3.1 MethodA

The basicstep in this approachis to determinethe con-
ditional multivariateprobability distribution for the daily
vectorof wind speedobservationsgiven valuesof the ex-
planatoryvariables.For simplicity we usethemultivariate
normal distribution which becomesappropriateafter a
transformationof the observations. Thedimensionof this
distribution equalsthe numberof observations eachday
and the distribution itself is fully specifiedby the mean
vectorandthecovariancematrix. Wewill assumethatboth
dependon predictors.

Eachcomponentof the meanvector and the diagonalof
the covariancematrix, i.e. the variances,areestimatedby
local regression,seee.g.[1]. Estimatesof thevariancesare
obtainedby usingthesquaredresidualerrorsasdependent
variable. The correlationρ betweenany two observations
on the sameday is assumedto be a function of the time
differencebetweenthemonly. An estimatecanbeobtained
by using

ρ̂
�
k ��� 1 � 1
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where N is the total number of terms in the sums,
H �
� � h � h ��� : � h � h ����� k � , and r �dh the residual error
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
correlationsby thecorrespondingstandarddeviations.



By ignoring the uncertaintiesin the point estimates,the
multivariate probability distribution of daily wind speed
vectorsare now known for any predictorvalue. Predic-
tionsof powerproductionareobtainedbysimulatingalarge
numberof wind speedvectorsfrom the fitted multivariate
normaldistribution.Thesesimulationsareonatransformed
scale,and let u1 ��������� us denotethe correspondingsimula-
tionson thenormalscale.Thedaily power productionfor
eachsimulationis then

Ei � ∑
h

p
�
uih � (2)

i � 1 ��������� s, where the function p is the assumedknown
power curve andthe sumis taken over all componentsof
ui. Thesetof values� E1 ��������� Es � canthenbeinterpretedas
the empirical probability distribution for the daily power
production. Basedon this distribution, forecastscan be
presentedin termsof probabilitiesabove/below predefined
thresholdsor asquantilesfor givenprobabilities.

3.2 MethodB

This approachmodels the univariate probability distri-
bution for daily power production as a function of the
predictors. By assumingthat the normal distribution is
appropriateon a transformedscale,theproblemis reduced
to estimatethemeanandthevariance.Thesewill bothbe
functions of explanatoryvariablesand are estimatedby
meansof local regressionasdescribedabove.

The predictorscan either be selecteddirectly from NWP
model output or they can be obtainedthroughintermedi-
atemodelling. In many casesit would e.g. be possibleto
improve thewind speedof theNWP modelby regression.
Predictionsfrom this intermediatemodelcanthenbeused
aspredictorsin themodelfor daily production.

4 RESULTS

In thissectionthepracticalaspectsof applyingthemethods
on thedataat Vikna aredescribed.This involvesselecting
transformations,predictors,anddegreeof smoothing,such
thatthequality of thepredictionsareasgoodaspossible.

4.1 MethodA

This method requires that the wind speedobservations
are approximately normally distributed conditional on
the explanatoryvariables. An appropriatetransformation
was chosen by examining the scatterplotbetween the
wind speedobservationsand the wind speedof H10, see
figure1. Usually thesquareroot transformationis 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,
arcsin � � � 28, waschosen,even thoughthis restrictedthe
rangeof the observationsto � 0 � 28� . This restrictionwas,
however, not problematic,since for strong wind speeds
the production is zero. The predictor variable was not
transformed.

Theselectionof predictorswasmostly informal andbased
on interpretationof plots as far as possible. Not surpris-
ingly the H10 wind speedclearly wasthe most important
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Figure1: Transformationof wind speedobservationsfor
methodA.

predictorfor the meanfunction. By fitting the meanfor
all combinationswith two predictorsat variousdegreesof
smoothingit wasobvious that the wind speedincreaseof
H10 wasthe secondmost importantexplanatoryvariable.
Furtherit was ascertainedthat the wind directionof H10
also had some impact on the wind speedobservations.
The most difficult decision was whether the seemingly
unimportantdiurnal effect should be included. Mainly
becauseof the influencethe lengthof the forecasthadon
thevariance,thetime of thedaywasincludedasa periodic
predictor. In our short experienceit seemedsomewhat
favourableto have the samepredictorsfor both the mean
andthevariance.

The choice of predictors for the variancefunction was
madeusinga 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 hand it was difficult to seethat the wind direction
of H10 hadany effect on the squaredresiduals,but it was
includedsuchthat the predictorswerethe sameasfor the
mean.

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

For this methodtheestimatedwind farmpower curvesare
assumedcorrect, i.e. thereare no uncertaintiesin power
productioncalculationswhen the wind speedis known.
Thereareestimatedtwo power curveswith respectto the
estimatedwind farmcut-out/inwind speed,theoreticalcut-
in (production)and theoreticalcut-out (noneproduction).
Thehourly wind farmcut-out/inwind speedsareestimated
to 21 m/s and 17 m/s respectively. Thesepower curves
were both estimatedusing local regressionwith second
degreepolynomialsandareshown in figure3.

In orderto assessthe quality of thepredictionscrossvali-
dationwereapplied. Examplesof hourly wind speedand
productionforecastsaregivenin figure4, while theresults
for daily productionareshown at theendin figure5.
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Figure2: Estimatedautocorrelationsfor methodA.
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Figure3: Estimatedpower 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 interval � 0 � 52� 8� . By meansof the transformation
arcsin � � � 52� 8 of the observed daily production this
requirementwasfulfilled.

Due to only 95 datapoints the numberof predictorshad
to be kept at a minimum. The mostsimplechoicewasto
useoutputfrom H10directly, but thissoonturnedout to be
not very optimal. A far betterchoicewasto usethemean
hourly predictedwind speedof method A. From these
predictionsthe daily averagewind speedand its standard
deviationwerecalculatedandusedasexplanatoryvariables
for boththemeanandthevariancefunctions.Wealsotried
to usethe daily predictedpower productionof methodA,
but surprisinglythis gave worseresultsin termsof wider
predictionintervals,i.e. moreuncertainpredictions.

As for methodA the quality of thepredictionswasexam-

inedby crossvalidation. Theresultsareshown in figure5
alongwith theresultsfor methodA. It is easilynoticedthat
theintervalsarewider thanfor methodA.

5 DISCUSSION

The mostquestionableassumptionin our approachis that
the errorsin the power curvesarenot taken into account.
This assumptionis 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 output interpolatedto the
wind farm is used,but it is possiblethatmoreinformation
about the synopticweathersituationsand/orusing NWP
modelswith higher resolutioncan give improved results.
Thiswill beinvestigatedfurther.

This studyhasfocusedon power productionaggregatedin
time, but methodA could alsohave beenappliedto prob-
lemswherethe total productionof several wind farmsare
themain interest.Insteadof assumingthat thecorrelations
area functionof time difference,we could let thecorrela-
tions dependon the distancesbetweenthe wind farms,or
justsimply computethecorrelationsbetweenall farms.

6 CONCLUSION

In this paperwe have presentedtwo methodsfor making
probabilisticforecastsfor daily power production.There-
sultsindicatethat it is betterto modelthe joint probability
distribution for all wind speedobservationsduring a day
andthensimulatefrom this to obtaindaily power produc-
tion, insteadof makinga separatemodelfor daily produc-
tion.
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Figure4: Examplesof hourlypredictionsin termsof the95,75,50,25,and5 percentiles.Wind speed(left column)andpower
production(right column).Observationsareindicatedby filled circles.
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Figure5: ForecastsusingmethodA (left) andB (right) in termsof the 95, 75, 50, 25, and5 percentiles.Observed power
productionis indicatedby filled circles.


