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Abstract

Forecastingof solarirradiancewill becomea majorissuein thefutureintegrationof solarenergy resourcesinto
existing energy supplystructures.As far asshort-termtime horizons(up to 2h) areconcerned,satellitedataare
a high quality sourcefor informationaboutradiationwith excellent temporalandspatialresolution. Due to the
strongimpactof cloudinesson surfaceirradiancethedescriptionof thetemporaldevelopmentof thecloudsituation
is essentialfor irradianceforecasting.As a measureof cloudiness,cloud index imagesaccordingto the Heliosat
methodare calculatedfrom METEOSAT images. To predict the future cloud index imagefrom a sequenceof
subsequentimagesdifferentapproacheswereapplied.A statisticalmethodwasusedto derive motionvectorfields
from two consecutive images.The future imagethenis determinedby applyingthecalculatedmotionvectorfield
to theactualimage.As acompletelydifferentapproachNeuralNetworksin combinationwith PrincipalComponent
Analysiswereusedto describethedevelopmentof thecloudstructure.Theaccuracy of thepredictedcloudimages
wasanalysedandcomparedfor bothmethods.Motion vectorfieldsshowedasuperiorperformanceandwerechosen
for furtherevaluations.Finally, solarsurfaceirradiancewasderivedfrom thepredictedcloudindex imageswith the
Heliosatmethodandcomparedto groundmeasurements.

1 Introduction

A majorchallengeof thenext decadein globaldevelopmentwill bethelargescaleintroductionof renewableenergy
sourcesinto existing energy supplystructures.This not only demandssubstantialefforts in furtherdevelopmentsof
advancedtechnologiesbut alsomakesthe availability of preciseinformationon the fluctuatingresourceswind and
solaranindispensiblenecessity. Any efficient useof wind andsolarenergy conversionprocesseshasto accountfor
this behaviour in respective operatingstrategies. A key issueherebyis the predictionof renewableenergy fluxes,
typically for time scalesfrom sub-hourrangeup to two daysdependingon thegivenapplication.Examplesarethe
storagemanagementin stand-alonephotovoltaic or wind energy systems,controlof solarthermalpower plantsand
the managementof electricity grids with high penetrationratesfrom renewablesources.In this context, this paper
focusseson forecastingthesurfacesolarirradiancein a short-termtimerangeof 30 minutesto 2 hours.
Themostimportantatmosphericparameterinfluencingsolarirradianceis cloudiness.Thusforecastingof solarirra-
diancerequiresthedescriptionof thedevelopmentof thecloudsituation.Informationonthespatialstuctureof clouds
is neededin additionto informationonthetemporalchangeof cloudiness.METEOSAT datawith theirhightemporal
andspatialresolutioncanprovidethis information.
Figure1givesanoverview of thepapersmainelements.Thenext chapterbriefly describesthecalculationof cloud

index imagesfrom satelliteimagesandthe derivation of groundirradiancefrom the cloud index imagesusingthe
Heliosatmethod.
In the third chaptertwo methodsfor forecastingcloud imagesarepresented.As the developmentof the cloud sit-
uation is stronglydeterminedby the movementof clouds,the first approachfocuseson this issue. A statistically
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Figure1: Schematicdiagramof theforecastroutineanderroranalysis.

basedalgorithmfor theestimationof motionis appliedon two consecutive imagesto calculatea vectorfield, that is
assumedto describethemotion from oneimageto thenext. This motionvectorfield (MVF) is appliedto the latest
imageto derive theforecastimage.In a secondapproachadditionalinfluenceson clouddevelopmentlike formation
anddissolutionof cloudsare taken into account. Informationsof two cloud index imagesareusedas input for a
NeuralNetwork (NN), thatproducesthe forecastimageasoutput. The imagesareclassifiedandprincipal compo-
nentsarecalculatedbeforetheNN is applied.Comparisonof thetwo methodsshowedthat themethodusingMVF
performedsuperiorto theNN approach.Thereforetheforecastwith MVF wasusedfor furtherclaculationsof ground
irradiance.
Finally the overall performanceof the methodwas tested. The satellitebasedforecastof groundirradiancewas
comparedto groudmeasurementsfor a singlestationandanensembleof spatiallydistributedstations.

2 Calculation of cloud and radiation maps

Theforecastingschemespresentedin this studyusedatafrom thevisible sprectralrangeof METEOSAT. Thecalcu-
lationof cloudindex imagesfrom originalsatellitedataandof thefinal irradianceproducts(seeFig. 1) is doneusing
the operationalHeliosattechniquedescribedin [1] and[3]. A characteristicfeatureof themethodis the derivation
of a dimensionlesscloudindex valuen describingtheinfluenceof cloudinesson atmospherictransmittance.Further
a quasilinear relationshipis assumedbetweenthe cloud index n andthe ratio of global irradianceG andclear-sky
irradianceGclear, referredto asthe clear-sky index k

�
. Typical deviationsof the satellite-derivedsurfaceirradiance

from groundtruth dataare20-25% of relative r.m.s.e. for hourly data. Daily andmonthly valuesgenerallyshow
uncertaintiesof 8-12% and5-7 %, respectively.
Accordingto thestronginfluenceof cloudson surfacesolarirradianceforecastsof thecloudindex n canbeusedto
determinethefutureirradiance.Theadvantageof operatingon cloudindex imagesinsteadof irradiancemapsis the
independency from daily irradiancepattern.

3 Forecasting Cloud Images

3.1 Motion Vector Fields and Neural Networks

Two differentapproacheswereusedto forecastcloudindex images,they areillustratedin Fig. 2.
Thefirst approach,thecalculationof Motion VectorFields(MVF), is basedon theassumptionthatthechangeof the
spatialcloudstructureis mainly causedby cloudmotion. As only largerstructuresarepreservedfrom oneimageto
thenext andsmall structuresvary randomlyon shorttime scales,a smoothingfilter is appliedto the imagesbefore
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Figure2: Schematicdiagramof thetwo forecastmethodscomparedwithin this study.

theMotion VectorFieldsaredetermined.
To find thedisplacementfield thatdescribesbestthemotionrelatedto two consecutive images,astatisticalapproach
basedon a modeldevelopedby KonradandDubois[4] wasapplied[2]. In a modelof motionthefollowing assump-
tionsfor a probablevectorfield aremade,wherethedisplacemnetfield is denotedasd, theimagesasg0 andg1 and
thepositionin theimageasxi:� Pixel intensitiesarealmostconstantduringmotion,

U1
� ∑

i

�
g1 � xi � d � xi � ��� g0 � xi � 	 is small. (1)

� Gradientsof pixel intensitiesarealmostconstant,

U2
� ∑

i

�
∇g1 � xi � d � xi � ��� ∇g0 � xi � 	 is small. (2)

� Thedisplacementfield is smooth,neighbouringvectors(i 
 j �
� ) donot differ muchfrom eachother,

U3
� ∑

i � j � � � d � xi ��� d � x j � � 2 is small. (3)

TheprobabilityP � d � g0 
 g1 � of avectorfield thencanbedescribedas:

P � d � g0 
 g1 � � 1
Z

e � U (4)

with U � U1 � U2 � U3 andZ a normalizationconstant.Themostprobablevectorfield is foundby minimizing the
energy functionU . This is donewith thestatisticalmethodof simulatedannealing[2][4].
For thepredictionof a cloud index imagethecalculatedMVF is appliedto thecurrentimageusingtheassumption
thatmotionchangesonly slowly with time. Dependingon theforecasthorizon,theimagesaresmoothedagainwith



a smoothingmasksizeincreasingwith theforecasthorizon.
As a secondcompletelydifferent approachNeural Networks (NN) were usedto predict the cloud index images.
Input for theNeuralNetwork aretransformationsof two consecutive images,theforecastimageis givenasoutputof
the NN. Hereno assumptionsaboutthe dynamicsof the cloudstructuresaremade.The developmentof the cloud
situationis learnedfrom a setof sequencesof cloudindex images,thetrainingset.
As shown in Fig. 2 several stepshave to be performedin order to apply the NN to the images. In a first step
the examplesare divided in four classesdependingon meanvalue and variability of the imagepixel intensities.
This significantlyreducesthe error of the PrincipleComponenttransformation,which is performedasa next step.
Application of the Principle ComponentAnalysis resultsin the derivation of an optimum basesystemin a sense
that imagescanbe describedby only a few modes(components)with the smallesterror possible.The first modes
representlarge scalestructures,whereasthe highermodesrepresentthe randomlyvarying small scalestructures.
Thususingjust theprinciplecomponents,mostof thenoiseis filteredout. An importantbenefitin usingthePrinciple
Componenttransformationis thesignificantreductionof inputandoutputdimensionsof theNN. Insteadof thepixel
valuestheprinciplecomponentsof two consecutiveimagesareusedasinput for theNN, theoutputgivestheprinciple
componentsof theimageto beforecasted.
With NN the functional dependency betweenoutput y and input x is described. This relationshipis not known
analyticallybut is learnedfrom a training set. TheNN consistsof layersof singleunits, the neurons.For the here
usedfeedforwardnetworksneuronsof consecutive layersareconnectedwith weightswi � j , thustheactivationa for
neuroni is givenas:

ai � ∑
j

wi � jo j � (5)

wereo j is theoutputof neuronsof thepreviouslayer. Theinput is processedwith a sigmoidoutputfunction fout , so
thattheoutputof theneuronis givenas:

o j � fout � a � � fout � ∑
j

wi � jo j � � (6)

To learnthefunctionaldependency betweeninput andoutput,theweightswi � j areadjustedsuchthat thedifference
betweennetoutputN � x � andy, theerror

error � ∑�
x � y � � � ∑i

� Ni � x ��� yi � (7)

is minimizedfor a trainingset � . This is achievedusinga standardbackpropagationalgorithm.Thetrainednetwork
now canbeusedto calculatey (forecastimage)if x (pastandpresentimages)is given.
To find theoptimumnetconfiguration,severalparametershave to beadjusted,like thenumberof input neurons( �
numberof modes)andthenumberof layersandconnections.Theseparametersdependon the imageclassandthe
forecasthorizon. With increasingforecasthorizonthenumberof predictablemodesdecreases( � 100modesfor 30
min, � 10 modesfor 120min). For horizonsbetween30 and90 minutesa modelwith connectionsof only thesame
modesfrom input to outputperformedbest,for a2 hourshorizonthefully connectedmodelgavebestresults.Hidden
layerscould improve the forecastquality only in somecases.For the evaluationin chapter3.2 the resultsfor the
respectiveoptimumconfigurationsweretakeninto account.

3.2 Comparison of both methods

Theforecastwasevaluatedfor a50dayperiod(14.5.1997- 2.7.1997)for anareaof 250kmx 300kmsituatedin North
Germany.
As a measureof forecastquality themeanrmserrorsof pixel valuesbetweenoriginal imagesandtheforecastwere
calculatedfor the time series. This error is presentedfor both forecastmethodsand for a persistenceforecastas
a function of the forecasthorizonin Fig. 3. For the numericcalculationthe rangeof cloud index values([0,..,1])
is mappedinto one byte integer values(i.e. [0,..,255]). The resultsin Fig. 3 are basedon this mapping. Both
methodsreducetheerrorof persistence,theforecastmethodusingMVF performssignificantlybetterthanNN. The
MVF methodbenefitsfrom theadditionalassumptionsthataremadeaboutthedevelopmentof thecloudsituationin
the modelof motion. An attemptto combinethe methodsandincludeinformationaboutmotion in the NN model
improvedtheNN results,but did notoutperformtheMVF method.ThustheMVF methodwaschosenfor any further
evaluations.
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Figure3: Meanrmseof forcastedimagefor a time seriesof 50 daysasa functionof forecasthorizon. The curves
correspondto Motion VectorField forecasts,NeuralNet forecastsandpersistance(from bottomto top).

4 Evaluation with Ground Data

4.1 Ground Data Set

To evaluatetheperformanceof theradiationforecast,theforecastresultswerecomparedto groundmeasuredirradi-
ance.Datafrom aregionalnetwork for measuringglobalradiationin theregionof Saarbr̈ucken(Germany) wereused
for themonthof june1995.15 Stationsaredistributedoveranareaof 31kmx 45km. 7 of thesestationsaresituated
on aneardistancegrid ( ! 7.5km).
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Figure4: Positionof groundstationsS1to S15in Saarbr̈uckenareain relationto Meteosatimages.Thelargesquares
representfour Meteosatpixelsandanareaof approximately5 " 7 km2.

Severalconfigurationswereinvestigatedusingthis setup.Theforecastquality wasdeterminedfor asinglestationS2
locatedat 49# 240N and6 # 970E, for anensembleof 8 stationscloseto this station(ensemble1) andfor anensemble
of 8 stationsdistributedover thewhole area(ensemble2), seeFig.4. With respectto solarenergy applicationsthis
correspondesto standalonesystemsandgrid connectedPV systemsfor localandregionalgrids,respectivly.

4.2 Results

The forecastedcloud index imageswereusedto calculatehalf hourly meanvaluesof groundirradiancewith the
Heliosatmethod:

G f orec $ x % t &(' k ) f orec $ x % t & Gclear $ x % t & # (8)

Theoverallerrorof forecastingglobalradiationincludestheerrorof forecastingthecloudindex imagesandtheerror
of theHeliosatmethod.
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Figure5: Relative rmseasa functionof thenumberof pixels for differentforecasthorizons.Theresultsareshown
for asinglestation(left) andensemble2 (right).

Thematchbetweensatellitederivedirradianceandgroundmeasurementscanbeimprovedby calculatingtheground
irradiancenotonly from thepixel correspondingto thegroundstation,but asameanof n = + 2a , 1- x + 2a , 1- pixels
aroundthis station:

G f orec + x . t -(/ n

∑
i 0 0

k 1 f orec + xi . t - Gclear + xi . t - (9)

Fig. 5 showsthedependency of thermserrorof thetimeseriesontheparametera for asinglestationandfor ensemble
2. Thermserroris plottedfor G calculatedfrom theoriginal imageandfrom forecastandpersistenceof cloudindex
imagesfor differentforecasthorizonsT . Gper is calculatedas:

Gper + x . t -2/ n

∑
i 0 0

k 1 + xi . t 3 T - Gclear + x . t - 4 (10)

Two effectsmainly influencethedependency of the rmserror on thenumberof pixels: As statedin section3.2 for
larger forecasthorizonsonly shapesof large scalestructuresarepredicteddueto randomvariationsof small scale
structures.Furthermoretheerrorof statisticallyvaryingvaluescanbereducedby averaging.Theoptimumareasize
for averagingincreaseswith the sizeof the error. Thusaopt is increasingwith the forecasthorizon. The difference
betweenforecastandpersistenceis decreasingwith increasinga andfor areasof approximately40 x 40 pixelsboth,
forecastandpersistencerepresentthesamepatternandthereforegive thesameresults.A comparisonof thefigures
for a singlegroundstationandensemble2 shows that thesatellite-basedforecastperformsbetterfor meanvaluesof
anensembleof stationsthanfor a singlestation.
This is alsoillustratedin Fig. 6, whereforecastedandmeasuredirradiancesaswell as the correspondingforecast
errorsarepresentedfor 5 cloudydaysand5 cleardays,respectively. For thecloudydayswith largerforecasterrors
the curvesof forecastedandmeasuredirradiancefor the ensembleof stationsaresmootherandmatchmuchbetter
thanfor asinglestation.For cleardaystheforecasterroris generallysmallfor both,singlestationsandensemblesof
stations.
Fig. 7 shows the forecasterrorsasa functionof thespatialvariability in the images,definedasmeandifferenceof
intensitiesg betweenneighbouringpixels:

var / 1
N ∑

i 5 j 6 7 8 g + xi -�3 g + x j - 8 4 (11)

Fromthegraphtheexpectedmaximumerrordependingon thevariability canbeestimated.With increasingspatial
variability, which, dueto the movementof clouds,is correlatedto the temporalvariability, forecastresultsbecome
lessreliable.
Finally in Fig. 7 rmserrorsfor theoptimumaveragingareaareshown asa functionof the forecasthorizonT for a
singlestation,ensemble1 andensemble2. For comparisonthermsefor thepersistenceof cloudimagesaccordingto
Equation10 is displayed,aswell asthermsefor persistenceof groundmeasuredk 1gr:

Gper5 gr + x . t -2/ k 1gr + x . t 3 T - Gclear + x . t - 4 (12)

As a lower limit for theerrorof satellite-derivedforecaststheerrorof theHeliosatmethodis presented.Theresults
for a singlegroundstationandfor ensemble1 aresimilar, all methodsperformonly slightly betterfor ensemble1.
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Figure6: Timeseriesof predicted,groundmeasuredandclearsky irradiancefor cloudydays(top)andclearsky days
(bottom).In addition,thedeviationbetweenpredictedandgroundmeasuredirradianceis shown.

This is dueto the small distancesbetweenthe groundstationsyielding only a small gain in informationby adding
thesestations. For forecasthorizonsup to 90 minutesthe satellite-basedforecastsare superiorto satellite-based
persistenceand for a 30 minutehorizonthe forecasterror is slightly higher than the error of the Heliosatmethod
alone.Satellite-basedforecastandpersistencebothouterperformpersistencebasedon grounddatadueto thespatial
informationprovidedby satelliteimages.Thesituationis differrentfor ensemble2 with a distributionof thestations
overa largerarea.Here,for a forecasthorizonof 30minutespersistencebasedon grounddataequalstheerrorof the
Heliosatmethodandis superiorto aforecastusingonly satelliteinformation.For largerforecasthorizonsthesatellite
basedforecastagaingavebetterresults.
Finally, a forecastbasedon a combinationof groundandsatelliteinformation

Ggr : sat ; x < t =(> ?
∑

i

k @sat ; xi < t = A cB Gclear ; x < t = < (13)

wasimplementedassumingaconstantoffset

c > 1

∑
j C 0

?
∑

i
k @sat ; xi < t D T D j = =�D k @gr ; x < t D T D j = B (14)

betweensatelliteandgroundderivedclearsky index k @ . Theconstantc wascalculatedasanaverageof thecurrent
andthepreceedingvalue.For ensemble2 andforecasthorizonsup to 60 minutesthis approachshowedbestresults,
for asinglestationandensemble1 thesatellite-basedforecastis mostsuitable.

5 Conclusion

We have shown thatshort-termforecastingof cloudindex imagesperformsmoresuccessfulby usingMotion Vector
Fieldsthanby NeuralNetworks. This mainly resultsfrom theaddionalinformationaboutthecloudmotionusedin
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Figure7: Forecasterrorasafunctionof variability of theimages(top, left) andrmseasafunctionof forecasthorizon
for asinglestationandthetwo ensemblesof stations.

theMVF method.
Moreover, we investigatedthe error of forecastedglobal irradiancefor a single groundstationand ensemblesof
spatiallydistributedstations.For forecasthorizonsup to 90 minutesglobal irradianceforecastsshow a smallerrms
error thanthe satellitepersistenceerror, which is significantly lowe than the persistenceerror derived from single
stationgrounddata. The error is slightly higherthanthe error of the Heliosatmethodappliedwithout forecasting.
Theaverageirradiancefor anensembleof stationsdistributedover severalMeteosatpixelscanbeforecastedwith a
relativermsof lessthan20%.Theforecastmethodis notapplicablefor forecasthorizonslargerthan120minutes.
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