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Abstract

Forecastingof solarirradiancewill becomea majorissuein thefutureintegrationof solarenegy resourceinto
existing enegy supply structures.As far as short-termtime horizons(up to 2h) are concernedsatellitedataare
a high quality sourcefor information aboutradiationwith excellenttemporaland spatialresolution. Due to the
strongimpactof cloudinesn surfaceirradiancethe descriptionof thetemporaldevelopmentof the cloud situation
is essentiafor irradianceforecasting. As a measureof cloudinesscloud index imagesaccordingto the Heliosat
methodare calculatedfrom METEOSAT images. To predictthe future cloud index imagefrom a sequenceof
subsequenimagesdifferentapproachesvereapplied. A statisticalmethodwasusedto derive motionvectorfields
from two consecutie images. The future imagethenis determinedoy applyingthe calculatedmotion vectorfield
to theactualimage.As acompletelydifferentapproaciNeuralNetworksin combinationwith PrincipalComponent
Analysiswereusedto describethe developmentof the cloud structure.The accurag of the predictedcloudimages
wasanalysedindcomparedor bothmethodsMotion vectorfieldsshaveda superiomperformancendwerechosen
for furtherevaluations.Finally, solarsurfaceirradiancewasderived from the predictedcloudindex imageswith the
Heliosatmethodandcomparedo groundmeasurements.

1 Introduction

A major challengeof the next decaden globaldevelopmentwill bethelarge scaleintroductionof renevableenegy
sourcesnto existing enegy supplystructures.This not only demandsubstantiakfforts in further developmentsof
adwancedtechnologiedut alsomakesthe availability of preciseinformationon the fluctuatingresourcesvind and
solaranindispensiblenecessity Any efficient useof wind andsolarenegy corversionprocessesasto accountfor
this behaviour in respectie operatingstratgjies. A key issueherebyis the predictionof renavable enepgy fluxes,
typically for time scalesfrom sub-hourrangeup to two daysdependingon the givenapplication. Examplesarethe
storagemanagemernin stand-alonghotovoltaic or wind enegy systemsgcontrol of solarthermalpower plantsand
the managemenof electricity grids with high penetratiorratesfrom renavable sources.In this context, this paper
focusse®nforecastinghe surfacesolarirradiancein a short-termtime rangeof 30 minutesto 2 hours.
Themostimportantatmospheriparameteinfluencingsolarirradianceis cloudinessThusforecastingof solarirra-
diancerequireghedescriptiorof the developmenbf thecloudsituation.Informationon the spatialstuctureof clouds
is neededn additionto informationonthetemporalchangeof cloudinessMETEOSAT datawith their hightemporal
andspatialresolutioncanprovide this information.

Figurelgivesanoverview of the paperamain elements.The next chapterbriefly describeghe calculationof cloud
index imagesfrom satelliteimagesandthe derivation of groundirradiancefrom the cloud index imagesusing the
Heliosatmethod.

In the third chaptertwo methodsfor forecastingcloud imagesare presented As the developmentof the cloud sit-
uationis strongly determinedby the movementof clouds,the first approachfocuseson this issue. A statistically
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Figurel: Schematidiagramof theforecastoutineanderroranalysis.

basedalgorithmfor the estimationof motionis appliedon two consecutre imagesto calculatea vectorfield, thatis

assumedo describethe motion from oneimageto the next. This motionvectorfield (MVF) is appliedto the latest
imageto derive theforecasimage.In a secondapproachadditionalinfluenceson cloud developmentik e formation
anddissolutionof cloudsaretaken into account. Informationsof two cloud index imagesare usedasinput for a
NeuralNetwork (NN), that produceghe forecastimageasoutput. The imagesare classifiedand principal compo-
nentsare calculatedbeforethe NN is applied. Comparisorof the two methodsshovedthatthe methodusingMVF

performedsuperiorto theNN approachThereforgheforecaswith MVF wasusedfor furtherclaculationsof ground
irradiance.

Finally the overall performanceof the methodwas tested. The satellite basedforecastof groundirradiancewas
comparedo groudmeasurement®r a singlestationandanensemblef spatiallydistributedstations.

2 Calculation of cloud and radiation maps

Theforecastingschemepresentedh this studyusedatafrom thevisible sprectrakrangeof METEOSAT. Thecalcu-
lation of cloudindex imagesfrom original satellitedataandof thefinal irradianceproducts(seeFig. 1) is doneusing
the operationaHeliosattechniquedescribedn [1] and[3]. A characteristideatureof the methodis the derivation
of adimensionlessloudindex valuen describingtheinfluenceof cloudineson atmosphericransmittanceFurther
a quasilinear relationshipis assumedetweenthe cloud index n andthe ratio of globalirradianceG andclearsky

irradianceGqear, referredto asthe clearsky index k*. Typical deviationsof the satellite-dened surfaceirradiance
from groundtruth dataare 20-25% of relative r.m.s.e. for hourly data. Daily and monthly valuesgenerallyshov

uncertaintie®f 8-12% and5-7 %, respectiely.

Accordingto the stronginfluenceof cloudson surfacesolarirradianceforecastof the cloudindex n canbe usedto

determinghefutureirradiance.The advantageof operatingon cloudindex imagesinsteadof irradiancemapsis the
independengfrom daily irradiancepattern.

3 Forecasting Cloud I mages
3.1 Motion Vector Fieldsand Neural Networks

Two differentapproachesereusedto forecasttloudindex imagesthey areillustratedin Fig. 2.

Thefirst approachthe calculationof Motion VectorFields(MVF), is basedn the assumptiorthatthe changeof the
spatialcloud structureis mainly causeddy cloud motion. As only larger structuresare preseredfrom oneimageto
the next andsmall structuresvary randomlyon shorttime scalesa smoothindfilter is appliedto the imagesbefore
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Figure2: Schematiaiagramof thetwo forecastmethodscomparedwithin this study

theMotion VectorFieldsaredetermined.

To find the displacementield thatdescribedbestthe motionrelatedto two consecuiie images a statisticalapproach
basedon a modeldevelopedby KonradandDubois[4] wasapplied[2]. In amodelof motionthefollowing assump-
tionsfor a probablevectorfield aremade wherethe displacemnetfield is denotedasd, theimagesasgp andg; and
thepositionin theimageasx;:

o Pixelintensitiesarealmostconstantduringmotion,
U= Z[gl(x.- +d(x)) —go(x)] issmall. 1)
.
e Gradientof pixel intensitiesarealmostconstant,
Up = Z[Dgl(x.- +d(x)) — Ogo(x)] issmall. )
|

e Thedisplacementfield is smooth neighbouringvectors(i, j € N) donotdiffer muchfrom eachother,

Us= S [d(x)—d(x)|*> issmall. ()
i,J€

The probability P(d|go, 91) of avectorfield thencanbedescribedas:

1 _
P(d|go,01) = € v 4)

with U = U1 + Uz + Uz andZ a normalizationconstant. The mostprobablevectorfield is found by minimizing the
enegy functionU. Thisis donewith the statisticaimethodof simulatedannealind2][4].

For the predictionof a cloud index imagethe calculatedVMVF is appliedto the currentimageusingthe assumption
thatmotion change®nly slowly with time. Dependingon the forecasthorizon,theimagesare smoothedagainwith



asmoothingmasksizeincreasingwith theforecasthorizon.

As a secondcompletelydifferentapproachNeural Networks (NN) were usedto predictthe cloud index images.
Inputfor the NeuralNetwork aretransformation®f two consecutie imagestheforecasimageis givenasoutputof
the NN. Hereno assumptiongboutthe dynamicsof the cloud structuresare made. The developmentof the cloud
situationis learnedrom a setof sequencesf cloudindex imagesthetrainingset.

As shown in Fig. 2 several stepshave to be performedin orderto apply the NN to the images. In a first step
the examplesare divided in four classesdependingon meanvalue and variability of the image pixel intensities.
This significantlyreduceghe error of the Principle Componentransformationwhich is performedasa next step.
Application of the Principle ComponentAnalysis resultsin the derivation of an optimum basesystemin a sense
thatimagescan be describedby only a few modes(componentsyith the smallesterror possible. The first modes
representarge scalestructureswhereasthe higher modesrepresenthe randomlyvarying small scalestructures.
Thususingjustthe principlecomponentsnostof thenoiseis filtered out. An importantbenefitin usingthePrinciple
Componentransformatioris the significantreductionof input andoutputdimensionf the NN. Insteadof the pixel
valuestheprinciplecomponentsf two consecutieimagesareusedasinputfor theNN, theoutputgivestheprinciple
component®f theimageto beforecasted.

With NN the functional dependeng betweenoutputy and input x is described. This relationshipis not known
analyticallybut is learnedfrom a training set. The NN consistsof layersof single units, the neurons.For the here
usedfeedforward networks neuronsof consecutie layersareconnectedvith weightsw; j , thusthe activationa for
neuroni is givenas:

ai:ZWi’joj, (5)
J

wereoj is the outputof neuronsof the previouslayer Theinputis processeavith a sigmoidoutputfunction fo, SO
thatthe outputof the neuronis givenas:

0j = fout () = fout(ZWi,joj)- (6)
J

To learnthe functionaldependeng betweeninput and output, the weightsw; j areadjustedsuchthatthe difference
betweemetoutputN(x) andy, theerror

error = (Ni(¥) —v1) (@)
(x,%e.s |Z

is minimizedfor atrainingset$. Thisis achievedusinga standardackpropagatioralgorithm. The trainednetwork

now canbeusedto calculatey (forecastimage)if x (pastandpresenimages)s given.

To find the optimumnet configuration several parameteriave to be adjusted)ik e the numberof input neurong(~

numberof modes)andthe numberof layersand connections.Theseparameterslependon the imageclassandthe
forecasthorizon. With increasingorecasthorizonthe numberof predictablemodesdecreaseé~ 100 modesfor 30

min, ~ 10 modesfor 120min). For horizonshetweer80 and90 minutesa modelwith connection®f only the same
modedrom inputto outputperformedbest.for a2 hourshorizonthefully connecteanodelgave bestresults.Hidden
layerscould improve the forecastquality only in somecases.For the evaluationin chapter3.2 the resultsfor the
respectie optimumconfigurationsveretakeninto account.

3.2 Comparison of both methods

Theforecastwasevaluatedor a50dayperiod(14.5.1997 2.7.1997 ¥or anareaof 250kmx 300kmsituatedn North
Germaury.

As a measuref forecastquality the meanrms errorsof pixel valuesbetweenoriginal imagesandthe forecastwere
calculatedfor the time series. This erroris presentedor both forecastmethodsand for a persistencdorecastas
a function of the forecasthorizonin Fig. 3. For the numericcalculationthe rangeof cloud index values([O0,..,1])
is mappedinto one byte integer values(i.e. [0,..,255]). The resultsin Fig. 3 are basedon this mapping. Both
methodgeducethe error of persistencethe forecastmethodusingMVF performssignificantlybetterthanNN. The
MVF methodbenefitsfrom the additionalassumptionghataremadeaboutthe developmentf the cloud situationin
the modelof motion. An attemptto combinethe methodsandincludeinformationaboutmotionin the NN model
improvedtheNN results but did notoutperformthe MVF method.Thusthe MVF methodwaschoserfor ary further
evaluations.
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Figure3: Meanrmseof forcastedmagefor atime seriesof 50 daysasa function of forecasthorizon. The curves
correspondo Motion VectorField forecastsNeuralNet forecastandpersistancéfrom bottomto top).

4 Evaluation with Ground Data

4.1 Ground Data Set

To evaluatethe performanceof the radiationforecasttheforecastresultswerecomparedo groundmeasuredrradi-

ance.Datafrom aregionalnetwork for measuringglobalradiationin theregion of Saarbiicken(Germairy) wereused
for themonthof june 1995. 15 Stationsaredistributedover anareaof 31kmx 45km. 7 of thesestationsaresituated
onaneardistancegrid (<7.5km).
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Figure4: Positionof groundstationsS1to S15in Saarbiickenareain relationto Meteosaimages.Thelargesquares
represenfour Meteosapixelsandanareaof approximatelys x 7 km?.

Severalconfigurationavereinvestigatedisingthis setup.Theforecasiguality wasdeterminedor a singlestationS2
locatedat 49.24°N and6.97°E, for anensemblef 8 stationscloseto this station(ensemblel) andfor anensemble
of 8 stationsdistributed over the whole area(ensemble?), seeFig.4. With respecto solarenegy applicationghis
correspondeto standalonesystemsandgrid connectedPV systemdor local andregionalgrids, respectily.

4.2 Results

The forecastectloud index imageswere usedto calculatehalf hourly meanvaluesof groundirradiancewith the
Heliosatmethod:
GfOfeC(X’t) = ?orec(xat)Gdear(Xat)' 8)

Theoverallerrorof forecastingglobalradiationincludestheerrorof forecastinghe cloudindex imagesandtheerror
of theHeliosatmethod.
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Figure5: Relative rmseasa function of the numberof pixelsfor differentforecasthorizons. Theresultsareshavn
for asinglestation(left) andensemble (right).

Thematchbetweersatellitederivedirradianceandgroundmeasurementsanbeimprovedby calculatingtheground
irradiancenotonly from the pixel correspondingo thegroundstation but asameanof n = (2a+ 1) x (2a+ 1) pixels
aroundthis station:

Gforec Xt %kforec XI t Gclear(xi,t) (9)

Fig. 5 shavsthedependengof thermserrorof thetime seriesontheparametea for asinglestationandfor ensemble
2. Thermserroris plottedfor G calculatedrom the originalimageandfrom forecastandpersistencef cloudindex
imagesfor differentforecastorizonsT . Gpe is calculatedas:

Gper (X,1) Z)k* Xi,t — T)Gglear (Xt). (10)

Two effectsmainly influencethe dependeng of the rms error on the numberof pixels: As statedin section3.2 for
larger forecasthorizonsonly shapeof large scalestructuresare predicteddueto randomvariationsof small scale
structures Furthermorehe error of statisticallyvaryingvaluescanbereduceddy averaging.The optimumareasize
for averagingincreasesith the sizeof the error. Thusagy is increasingwith the forecasthorizon. The difference
betweerforecastandpersistencés decreasingvith increasinga andfor areasf approximately40 x 40 pixelsboth,
forecastandpersistenceepresenthe samepatternandthereforegive the sameresults.A comparisorof thefigures
for a singlegroundstationandensemble& shawvs thatthe satellite-baseéorecastperformsbetterfor meanvaluesof
anensemblef stationsthanfor a singlestation.

This is alsoillustratedin Fig. 6, whereforecastecand measuredrradiancesaswell asthe correspondingorecast
errorsarepresentedor 5 cloudy daysand5 cleardays,respectiely. For the cloudy dayswith largerforecasterrors
the curvesof forecastecand measuredrradiancefor the ensembleof stationsare smootherand matchmuchbetter
thanfor a singlestation.For cleardaystheforecasterroris generallysmallfor both,singlestationsandensemblesf
stations.

Fig. 7 shavs theforecasterrorsasa function of the spatialvariability in the images,definedas meandifferenceof
intensitiesy betweemeighbouringpixels:

1
=5 3 1900 - 906l (1)

Fromthe graphthe expectedmaximumerror dependingon the variability canbe estimated With increasingspatial
variability, which, dueto the movementof clouds,is correlatedto the temporalvariability, forecastresultsbecome
lessreliable.

Finally in Fig. 7 rmserrorsfor the optimumaveragingareaareshavn asa function of the forecasthorizonT for a

singlestation,ensemblél andensemble. For comparisorthermsefor the persistencef cloudimagesaccordingo

Equation10is displayed aswell asthermsefor persistencef groundmeasuredq, :

As alower limit for the error of satelhte—der\vedforecastshe errorof the Heliosatmethodis presentedTheresults
for a singlegroundstationandfor ensemblel aresimilar, all methodsperformonly slightly betterfor ensemblel.
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Figure6: Time seriesof predictedgroundmeasuredndclearsly irradiancefor cloudydays(top) andclearsky days
(bottom).In addition,the deviation betweerpredictedandgroundmeasurediradianceis showvn.

This is dueto the small distancedetweenthe groundstationsyielding only a small gainin informationby adding
thesestations. For forecasthorizonsup to 90 minutesthe satellite-basedorecastsare superiorto satellite-based
persistencendfor a 30 minute horizonthe forecasterror is slightly higherthanthe error of the Heliosatmethod
alone.Satellite-basefébrecastandpersistencéoth outerperfornmpersistencdasedn grounddatadueto the spatial
informationprovidedby satelliteimages.The situationis differrentfor ensemble& with a distribution of the stations
overalargerarea.Here,for aforecasthorizonof 30 minutespersistencéasedn grounddataequalgheerrorof the
Heliosatmethodandis superiorto aforecastusingonly satelliteinformation. For largerforecasthorizonsthe satellite
basedorecastagaingave betterresults.

Finally, a forecastasedn a combinationof groundandsatelliteinformation

Ggrysat(X,t) = (Z K (Xi,0) + c) Galear (%), (13)

wasimplementedassuminga constanbffset

1
c=zo(zk;n(m,t—T—j))—kgr(x,t—T—n) (14)
= |
betweersatelliteandgroundderived clearsky index k*. The constantc wascalculatedasan averageof the current

andthe preceedingalue. For ensemble? andforecasthorizonsup to 60 minutesthis approactshoved bestresults,
for asinglestationandensembld the satellite-basefbrecasts mostsuitable.

5 Conclusion

We have shown thatshort-termforecastingof cloudindex imagesperformsmoresuccessfuby usingMotion Vector
Fieldsthanby NeuralNetworks. This mainly resultsfrom the addionalinformationaboutthe cloud motion usedin
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Figure7: Forecaserrorasafunctionof variability of theimageqtop, left) andrmseasa functionof forecasthorizon
for asinglestationandthetwo ensemblesf stations.

the MVF method.

Moreover, we investigatedthe error of forecastedglobal irradiancefor a single ground stationand ensemblef

spatiallydistributedstations.For forecasthorizonsup to 90 minutesglobalirradianceforecastshor a smallerrms

error thanthe satellite persistenceerror, which is significantly lowe thanthe persistencesrror derived from single
stationgrounddata. The erroris slightly higherthanthe error of the Heliosatmethodappliedwithout forecasting.
Theaverageirradiancefor an ensemblef stationsdistributedover several Meteosapixels canbe forecastedvith a

relative rms of lessthan20%. The forecastmethodis notapplicablefor forecasthorizonslargerthan120minutes.
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