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ABSTRACT

Electricpowerplaysavibrantroleineconomicgrowthanddevelopmentofaregion.Thereisastrong
co-relationbetweenthehumandevelopmentindexandpercapitaelectricityconsumption.Providing
adequateenergyofdesiredqualityinvariousformsinasustainablemannerandatacompetitiveprice
isoneofthebiggestchallenges.Tomeetthefast-growingelectricpowerdemand,onasustained
basis,meticulouspowersystemplanningisrequired.Thisplanningneedselectricalloadforecasting
asitprovidestheprimaryinputsandenablesfinancialanalysis.Accurateelectricloadforecastsare
helpfulinformulatingloadmanagementstrategiesinviewofdifferentemergingeconomicscenarios,
whichcanbedovetailedwiththedevelopmentplanoftheregion.Theobjectiveofthisarticleisto
understandvariouslongtermelectricalloadforecastingtechniques,toassessitsapplicability;and
usefulnessfor longtermelectrical loadforecastingforanisolatedremoteregion,underdifferent
growthscenariosconsideringdemandsidemanagement,priceandincomeeffect.
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INTROdUCTION

Electricpowerplaysafundamentalroleintheprocessofeconomicgrowthanddevelopment.Several
studiesconductedindevelopingcountriesindicatesignificantcausalrelationshipbetweenelectricity
consumptionandeconomicgrowth.Thesestudiesindicatethateconomicgrowthprospectisadversely
affectedduetopowershortage(Ebohon,1996;Hwang&Gum,1992;Glasure&Lee,1997).

Tomeetthefast-growingpowerdemand,onasustainablebasis,meticulouspowersystemplanning
isrequired.Thisplanningneedselectricalloadforecasting,asitprovidestheprimaryinputsand
enablesfinancialanalysis.Accurateforecastsarehelpfulinformulatingloadmanagementstrategies
inviewofdifferentemergingeconomicscenarios,whichcanbedovetailedwiththedevelopmental
planoftheregion.

Forlastfewdecadestherehasbeenalotofresearchonelectricalloadforecasting(Fuetal.,
2003;Quilumbaetal.,2015).Therearemainlythreetypesofelectricloadforecastingshortterm,
mediumtermandlongterm.Shorttermloadforecastingisthepredictionofelectricalloaddemand
foraperiodvaryingfromthenextfewminutesuptoaweek,mediumtermisforaperiodofnextfew
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monthstoayearandlongtermisforaperiodof2to15years.Alotofotherfactorsaffectforecasting,
thispaperpresentsalistofthesefactorsandprinciples.Therearedifferentmethodsavailablefor
differenttypeofforecasting.Hereallthemethodsandtechniquesarediscussedcategoricallywith
respecttoshortterm,mid-termandlong-termforecasting.

Mostofthisliteraturerelatestoshorttermelectricalloadforecasting,onlyafewofthemare
relatedtomediumtermandlongtermelectricalloadforecasting(Bunnetal.,1985).Mostofthe
longtermelectricalloadforecastingisfocusedtowardsalargeregion,countryorstatewhicharewell
connected(Bunn,2000).Here,aneffortismadetostudydifferenttypesofelectricalloadforecasting
techniquesandtheirapplicabilitytodifferentgeographicalregion.Theemphasisofthestudyison
longtermelectricalloadforecastingwithdifferentgrowthscenarios,incorporatingtheincome,price
effectonelectricalloaddemandforanisolatedremoteregionlikeAndaman&NicoberIslands,India.

Thepaperisorganizedasfollows:Nextsectiondescribeswhatiselectricalloadforecasting,
principlesandthekeyfactorsaffectingloadforecasting.Thenitfocusesonthedifferentmethods
usedforshortterm,mid-termandlongtermelectricalloadforecasting.Recentlyusedsoftwareare
discussedinaseparatesection.Thelastsectionpresentstheconclusionsandfutureworks.

ELECTRICAL LOAd FORECASTING

definition
Loadforecastingisthepredictingofelectricalpowerrequiredtomeettheshortterm,mediumtermor
long-termdemand.Itisacentralandintegralprocessforplanningperiodicaloperationsandfacility
expansionintheelectricitysector.Demandpatternisalmostverycomplexduetotheuncertainty
ofenergymarkets.So,tofindanappropriateforecastingmodelforanyelectricitynetworkisnotan
easytask.

Themainfunctionofelectricpowersystemistoprovideareliableandcontinuoussourceof
electricitywhereverwheneverrequired.Toprovidethisserviceeachofthethreemaincomponents
ofanelectricpowersystem–generation,transmissionanddistributionmustperformefficientlyto
meettherequireddemand.

Anelectricpowersystemisadynamicsystemwhichisabalanceofsupplyanddemand:

• The supplyof electricity consists of physical devices thatmust bedesigned, constructed&
operatedtogenerate,transmitanddistributedesiredquantityofqualityelectricalpowerreliably;

• The demand of electricity by the consumer, which changes as a function of time on an
instantaneousbasis(secondstominutes),onashort-termbasis(hourstodays)andonalong
termbasis(monthstoyears).

Objective
Therefore,oneofthemainobjectivesoftheelectricpowersystemistokeepacontinuousbalance
betweenthesupplyandthedemandofelectricity(Ebohon,1996;Hwang&Gum,1992;Glasure
&Lee,1997).Thisispossibleonlybyanaccurateassessmentofrequirementofelectricalenergy
andpeakloaddemandi.e.electricalloadforecasting.Theassessmentofrequirementofelectrical
energy(potentialdemandofelectricalenergy)inMU(MillionUnit)iscarriedoutbymakingcertain
assumptions of GDP, population, number of households, index of industrial production, energy
consumptionandelectricityprice,whileassessmentofpeakloaddemandinMW/GW(Mega/Giga
Watt)iscalculatedusingpotentialelectricalenergydemanddatamultipliedwithcoincidencefactor
(occurrenceofpeakloadofdifferentsectors)andreciprocalofloadfactor(Zachariadis,2010).The
primarypurposeofelectricloadforecastingistoaddressthekeyquestionofwhen,where,whyand
howmuchelectricitywouldberequiredbyaregion.Electricloadforecastingisavitalcomponent
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forelectricutilityindustryinthederegulatedeconomy,sinceelectricityhasbecomeacommodity
soldandboughtatthemarketprice.Theelectricloadforecastinghasmanyapplicationsincluding
energypurchase&generation,loadswitching,contractevaluationandinfrastructuredevelopment.

The load forecastingofelectricityhasbecomeoneof themajor research fields inelectrical
engineering.Thesupplyindustryrequiresforecastwithaleadtimethatrangesfromshortterm(a
fewminutes,hoursordayahead)tolongterm(upto20yearsahead).Theshort-termforecast,in
particular,hasbecomemoreimportant,sincetheriseofcompetitiveenergymarkets.Manycountries
includingIndia,oflate,haveprivatizedandde-regulatedtheirpowersystemsandelectricityissold
andboughtatmarketprices(Weronetal.,2004).Since,theloadforecastsplayacrucialroleinthe
compositionoftheseprices;theyhavebecomevitalforthesupplyindustry.

Constraints
Electricalloadforecastingis,however,adifficulttask.Firstly,becauseelectricloadiscomplexand
exhibitsseverallevelsofseasonality:theloadatagivenhourisdependentnotonlyontheloadat
theprevioushour,butalsoontheloadatthesamehouronthepreviousday,andontheloadatthe
samehouronthedayinthepreviousweekandsoon.Secondly,becausetherearemanyimportant
exogenousvariablesliketemperature,humidity,increaseinpopulation,income,GDP/SDPandtariff
thatmustbeconsidered,whilecarryingouttheelectricalloadforecasting.Itisrelativelyeasytoget
forecastswithabouta10%meanabsolutepercenterror(MAPE);however,thecostsoftheerrorareso
high,theresearchthatcouldhelpreducingittoafewpercentpointsisamplyjustified.Oftenquoted
estimatein(Fuetal.,2003)suggeststhatanincreaseof1%intheforecastingerrorwouldimply(in
1984)a£10million(719millionINR)increaseinoperatingcostsperyear,foracountrylikeAustralia.
Forecastingloadsandpricesinthewholesalemarketsaremutuallyintertwinedactivitiesandthe
fundamentalapproachtothisistolookfortheintersectionsofthedemandandsupplyfunctionsat
eachtimeperiodinthemarket(Bunn,2000).

Principles of Forecasting
Anaccuratemodelforelectricloadforecastingisessentialfortheoperationandplanningofautility
companyasithelpsthemtomakeimportantdecisionsonpurchaseandgenerationofelectricpower.
In(Expansion Planning for Electrical Generating Systems:A Guidebook.1984),itissuggestedthat
thepointsdiscussedbelowshouldbekeptinmindwhilecarryingoutelectricalloadforecasting.By
followingthem,theforecastingprocesscanbemoreaccurateandprovidesmoreusefulinformation
tothepolicymakers.

Identify Causality
The cause and effect relationship is to be identified for carrying out a proper forecasting. The
basicreasonforchangeinelectricalloadcanbeidentified.Economicactivitiescreatecommercial
andindustrialdemand.Numberofhouseholdsconnectedtothegridandtheiraccesstoelectrical
appliances,shapedomesticdemand.Beyondthislevelofgenerality,thesearchforcausalrelationship
cantakedifferentformsintermsofitseffectontheload,dependingonthecharacteristicsofutility
systeminquestion(Bruhnsetal.,2005).

Reproducible
Ifpredictionsarereproduciblethenindependentresearchersareabletoobtainthesameresultsas
theoriginalstudyusingthesamedataandthesamemethods.Reproducibilityisafirststeptowards
replicationandso,ifitcannotbeachieved,thegeneralizationoffindingsislikelytobeindoubtand
perfectreproductionofresultsmaynotbepossible.Aninabilitytoreproduceresultsimpliesthatthe
methodshavebeeninsufficientlyspecified(Boylanetal.,2015;Tawfiqetal.,1999).
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Functional
Theforecastistobecarriedout,suchthatitcanbeusedbythepolicymakerindecisionmaking
process,withoutmuchchange.Ifthedecisionconcernstheschedulingofmaintenanceofexisting
plants,theforecasttimeframecanbeoneyear,dividedintomonths(perhapsinweeklyincrements).
Ifthedecisionrelatestoconstructionofcentralgeneratingstation,theforecastshouldfocusonannual
incrementsofdemandconsideringtheleadtimeforconstructingtheplant(probablyforadecadeor
more).However,inbothshort-termandlong-termplanning,thepatternofdailyvariationsinload
istobeconsidered(Reddyetal.,1991).

Test Sensitivity
Asensitivityanalysisisatechniqueusedtodeterminehowdifferentvaluesofanindependentvariable
impactaparticulardependentvariableunderagivensetofassumptions.Thistechniqueisusedwithin
specificboundariesthatdependononeormoreinputvariables,suchastheeffectthatchangesin
populationhaveonelectricload.

The forecasts are carried out by making assumptions of the future growth rate, population,
tariffandscopefornewbusinessdevelopment.Itisdifficulttomakeaccurateassumptionsofthe
abovevariables.Oneofthesignificantwaystodothisistopreparealternativeforecasts,oftencalled
scenarios,whichcontaindifferentassumptionsaboutvariablesshapingtheforecast(Reddyetal.,
1991).Scenarioanalysisprovidesaprocesstoestimatethechangesinforecastvalue,basedonthe
occurrenceofdifferentsituations,referredtoasscenarios,followingtheprinciplesof“whatif”.

Simplicity
Modellingmeansspecifyingclearlyandunambiguouslytherelationshipthatgovernsthephysical
andsocialactivity.Thereal-worldactivitiesaremorecomplexthanthosethatcanbedescribedina
model.Theprincipleofsimplicitydictatesthatthereisaneedtoincludeonlyasmuchinformation
inthemodel,asitisnecessaryforaccurateprediction.

Types of Load Forecasting
Thedifferenttypesofloadforecastingareclassifiedaccordingtotheforecastperiod(Metaxiotiset
al.,2003):

• Shorttermloadforecasting;
• Mediumtermloadforecasting;
• Longtermelectricalloadforecasting.

Ineachofthetypesofloadforecastingperiodoftime,forecastedvaluesandpurposeofforecasting
arenoticeablydifferentandareasillustratedinTable1.

Factors Affecting Load Forecasting
Forshorttermelectricalloadforecasting,severalfactorsareconsidered,suchastimefactors,weather
dataandpossiblecustomers’class.Themediumandlong-termforecaststakeintoaccountthehistorical
loadandweatherdata,thenumberofcustomersindifferentcategories,theappliancesintheareaand
theircharacteristicsincludingapplianceage,theeconomicanddemographicdataandtheirforecasts,
theappliancesalesdataandotherfactorslikeGDP,tariffanddisposableincome.

Thetimefactorsincludetimeoftheyear,dayoftheweekandhourofthedaypertainingtothe
areaforwhichforecastistobecarriedout.Thereareimportantdifferencesinloadbetweenweekdays
andweekends.Theloadondifferentweekdayscanalsobehavedifferently.Forexample,Mondays
andFridaysbeingadjacenttoweekends,mayhavedifferentloadpatterncomparedtoTuesdayto
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Thursday.Holidaysaremoredifficulttoforecastcomparedtoworkingdays,becauseoftheirrelative
infrequentoccurrence.

Weather conditions influence the load. In fact, forecasted weather parameters are the most
importantfactorsinshorttermloadforecasts.Variousweathervariablescouldbeconsideredforload
forecasting.Temperatureandhumidityarethemostcommonlyusedloadpredictors.

ThevariableslistedagainstlongtermelectricalloadforecastinginTable2aretakentoforecast
the peak electrical load of Japan up to the year 2020 using Artificial Neural Network (ANN)
(Kermanshahietal.,2002).

Table 1. Types of load forecasting

Table 2. Factors involved in load forecasting
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METHOdS USEd FOR ELECTRICAL LOAd FORECASTING

Themethodsusedforloadforecastingmaybebroadlyclassifiedintotwocategoriesviz.artificial
intelligencebasedtechniquesandclassicalorstatisticalapproaches(Weronetal.,2004).Theformer
includesexpertsystems,fuzzyinference,fuzzyneuralmodelsandinparticularartificialneuralnetwork
(ANN).Thestatisticalmethodsdifferfromthepreviousapproach,inthattheyforecastthecurrent
valueofavariablebyusinganexplicitmathematicalcombinationof thepreviousvaluesof that
variableand,possibly,previousvaluesofexogenousfactors(especiallyweatherandsocialvariables).
Modelsthathavebeenappliedrecentlyincludeautoregressive(AR)models,linearregressionmodels,
dynamic,thresholdARmodels,methodsbasedonKalmanfiltering,optimizationtechniquesand
curve fittingprocedures (Weronetal.,2004).Thestatisticalmodelsareattractivebecausesome
physicalinterpretationmaybeattachedtoitscomponents,allowingengineersandsystemoperators
tounderstandtheirbehaviour.

Short Term Electrical Load Forecasting Methods
Alargevarietyofstatisticalandartificialcomputationalintelligencetechniquesaredevelopedforshort
termelectricalloadforecastingandarediscussedin(Feinbergetal.,2005,Hernandezetal.,2014):

• Similar Day Approach:Thisapproachisbasedonsearchinghistoricaldatafordayswithinone,
twoorthreeyearswithsimilarcharacteristicstotheforecastday.Similarcharacteristicsinclude
weatheranddayoftheweek.Theloadofasimilardayisconsideredasaforecast.Insteadofa
singlesimilardaylead,theforecastcanbealinearcombinationorregressionprocedurethatcan
includeseveralsimilardays.Thetrendcoefficientcanbeusedforsimilardaysintheprevious
years(Chenetal.,2008);

• Regression Methods:Regression isoneof themostwidelyused statistical techniques.For
electricloadforecastingregressionmethodsareusuallyusedtomodeltherelationshipofload
consumptionandotherfactorssuchasweather,daytypeandcustomerclass.Severalrelational
models are presented in research articles for next day peak load forecasting. These models
incorporatedeterministicinfluencesuchasholidays,stochasticinfluencesuchasaverageload
andexogenousinfluencesuchasweather(Papalexopoulusetal.,1990);

• Time Series:Timeseriesmethodsarebasedontheassumptionthatthedatahaveaninternal
structure,suchasautocorrelation,trendorseasonalvariation.Timeseriesforecastingmethods
detectandexploresuchastructure.Timeserieshavebeenusedfordecadesinthefieldssuch
aseconomics,digitalsignalprocessingaswellaselectricloadforecasting(Chaouch,2014).In
particular,ARMA(autoregressivemovingaverage),ARMAX(autoregressivemovingaverage
with exogenous variables) and ARIMAX (autoregressive integrated moving average with
exogenousvariables)arethemostoftenusedclassicaltimeseriesmethods.ARMAmodelsare
usuallyusedforstationeryprocesses,whileARIMAisanextensionofARMAtonon-stationary
processes.ARMAandARIMAusethetimeandloadastheonlyinputparameters.Sinceload
generallydependsontheweatherandtimeoftheday,ARIMAXisthemostnaturaltoolforload
forecastingamongtheclassicaltimeseriesmodels(Dengetal.,2010);

• Neural Networks:Theuseofartificialneuralnetwork(ANNorsimplyNN)hasbeenawidely
studiedelectricloadforecastingtechniquesince1990(Bansal,2006;Quanetal.2014;Ekici,
2016).NNsareessentiallynon-linearcircuitsthathavethedemonstratedcapabilitytodonon-
linearcurvefitting.

TheoutputsofanANNareeitherlinearornon-linearmathematicalfunctionofitsinputs.The
inputsmaybetheoutputsofothernetworkelementsaswellasactualnetworkinputs.Inpractice
networkelementsarearrangedinarelativelysmallnumberofconnectedlayersofelementsbetween
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networkinputsandoutputs.Feedbackpathsaresometimesused(Hippertetal.,2001).Atypical
artificialneuronwithallitscomponentsisshowninFigure1.

The most popular ANN architecture for electric load forecasting is back propagation. Back
propagationNNsusecontinuouslyvaluedfunctionsandsupervisedlearning.Inotherwords,under
supervised learning, the actual numericalweights assigned to element inputs are determinedby
matchinghistoricaldata(suchastimeandweather)todesiredoutputs(suchashistoricalelectric
loads) inapre-operational“trainingsession”.ANNwithunsupervised learningdoesnot require
pre-operationaltraining(Rajasekaranetal.,2003).

In(Follyetal.,2007)ANNbasedshorttermelectricalloadforecastingmodelisdevelopedfor
CapeTownControlCentre.Thethree-layeredANNarchitecturewithfeedforwardalgorithmisused
todevelopthemodel.

• Expert Systems:Rulebasedforecastingmakesuseofrules,whichareoftenheuristicinnature,
todoaccurate forecasting.Expert systems incorporate rulesandproceduresusedbyhuman
experts in the fieldof interest intosoftware that is thenable toautomaticallymakeforecast
withouthumanassistance(Feinbergetal.,2005).

Expertsystemsworkbest,whenahumanexpertisavailabletoworkwithsoftwaredevelopers
foraconsiderableamountoftimeinimpartingtheexpert’sknowledgetotheexpertsystemsoftware.
Also,anexpert’sknowledgemustbeappropriateforsettingupsoftwarerules(i.e.theexpertmust
beabletoexplainthedecisionprocesstoprogrammers).Aknowledgebasedexpertsystemforthe
shorttermloadforecastingoftheTaiwanpowersystemwasdevelopedusingoperator’sknowledge
and hourly observations of system load over the past five years. Weather parameters were also
considered,thedevelopedalgorithmperformedbettercomparedtotheconventionalBox–Jenkins
method(Feinbergetal.,2005;Kandil,2002).

• Fuzzy Logic:FuzzylogicisageneralizationoftheusualBooleanlogicusedfordigitalcircuit
design.AninputunderBooleanlogictakesonatruevalueof“0”or“1”.Underfuzzylogic
aninputisassociatedwithacertainqualitativerange.Forinstance,atransformerloadmaybe
“low”,“medium”or“high”.Fuzzylogicallowsoneto(logically)deduceoutputsfromfuzzy
inputs.Inthissensefuzzylogicisoneofanumberoftechniquesformappinginputstooutputs
(i.e.curvefitting)(Rajsekaranetal.,2003;Hong,&Wang,2014).

Figure 1. Artificial neuron and its components. Source: Hipper et al., 2001.



International Journal of Energy Optimization and Engineering
Volume 7 • Issue 1 • January-March 2018

8

Among the advantages of fuzzy logic are the absence of a need for a mathematical model
mapping inputs to outputs and the absence of a need for precise (or even noise free) inputs. In
(Pandian,2006) short termelectrical load forecasting is carriedoutusing fuzzy logicalgorithm
withtimeandtemperatureasinputdata.Theinputvariable‘time’isdividedintoeighttriangular
membershipfunctions.ThemembershipfunctionsareMidNight,Dawn,Morning,ForeNoon,After
Noon,Evening,DuskandNight.Anotherinputvariable‘temperature’isdividedintofourtriangular
membershipfunctions.TheyareBelowNormal,Normal,AboveNormalandHigh.The‘forecast
load’asoutputisdividedintoeighttriangularmembershipfunctions.TheyareVeryLow,Low,Sub
Normal,ModerateNormal,Normal,AboveNormal,HighandVeryHigh.

• Support Vector Machines: Support Vector Machines (SVMs) are more recent powerful
techniquesforsolvingclassificationandregressionproblems.Thisapproachoriginatedfrom
Vapnik’s(Vapnik,1995)statisticallearningtheory.UnlikeNNs,whichtrytodefinecomplex
functionsoftheinputfeaturespace,supportvectormachinesperformanon-linearmapping(by
usingsocalledkernelfunctions)ofthedataintoahighormulti-dimensional(feature)space.
Thensupportvectormachinesusesimplelinearfunctionstocreatelineardecisionboundaries
inthenewspace(Kavousi-Fardetal.,2014).TheproblemofchoosingarchitectureforaNNis
replacedherebytheproblemofchoosingasuitablekernelfortheSVM(Christianietal.,2000).

Ahybridtechniqueusingsupportvectormachine(SVM)isdevelopedtoforecastthenext24-hour
load(Jainetal.,2008).FourmodulesconsistingoftheBasicSVM,Peak&ValleySVM,Averager
&ForecasterandAdaptiveCombinerformtheintegratedmethodforloadforecasting.Outofthese
fourmodules,oneistheBasicSVMmoduletopredictthenextday‘24’hourloadandthesecond
moduleisPeak&ValleySVMtopredictthepeak&valleyloadsofthenextday.Thethirdmodule
comprisesoftwoblocksAverager&Forecaster.TheAveragercomputesthehourlyaveragedloadof
thedaytobeforecasted.TheForecastercalculatesthenextday‘24’hourloadbyusingthepredicted
peak&valleyloadsobtainedfromthePeak&ValleySVMandthehourlyaveragedloadobtained
fromtheAverager.UsingAdaptiveCombinerthefinalforecastforthenext‘24’hourloadisdone.

Medium Term and Long Term Electrical Load Forecasting Methods
Theliteratureonmediumtermandlongtermelectricalloadforecastingrevealsthatthemethods
usedformediumtermandlongtermelectricalloadforecastaresimilar(Eliasetal.,2009;Hong
etal.,2014).Therearefewerstudiesformediumtermandlongtermelectricalloadforecasting.A
comprehensiveinvestigationofmethodsforlongtermelectricalloadforecastingiscarriedoutin
(Ghodsetal.,2008;Ardakanietal.,2014).

Thelongtermelectricalloadforecastingisbroadlyclassifiedintwocategories,viz.parametric
methodsandartificialintelligencemethodsasshowninTable3.

Parametric Methods
Threetypesofparametricmethodsareusedforloadforecastingasfollows:trendanalysis,end-use
modellingandeconometricmodelling.

Table 3. Methods for long term electrical load forecasting
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Trend Analysis
Trendanalysisextendspastratesofelectricitydemandintothefuture,usingtechniquesthatrange
fromhanddrawnstraightlinestocomplexcomputerproducedcurves.Theseextensionsconstitute
theforecast.Trendanalysisfocusesonpastchangesormovementsinelectricitydemandanduses
themtopredictfuturechangesinelectricitydemand.Theadvantageoftrendanalysisisthat,itis
simple,quickandinexpensivetoperform,whileitsdisadvantageisthatitproducesonlyoneresult,
futureelectricitydemand(Daetal.,2000).

End - Use Models
Theend-useapproachdirectlyestimatesenergyconsumptionsbyusingextensiveinformationon
endusers,suchasapplications,thecustomeruse,theirage,sizeofhouses,detailsoftheappliance
usedandpopulation.Statisticalinformationaboutcustomersalongwithdynamicsofchangeisthe
basisfortheforecast(Murthyetal.,2001).

End-use models focus on the various uses of electricity in the residential, commercial and
industrialsector.Thesemodelsarebasedontheprinciple,thatelectricitydemandisderivedfrom
customer’sdemandforlighting,cooling,heating,refrigerationandotherappliances.Thus,end-use
modelsexplainenergydemandasafunctionofthenumberofappliancesinthemarket.Ideally,this
approachisveryaccurate.However,itissensitivetotheamountandqualityofend-usedata.The
disadvantageofend-useanalysisisthatmostend-usemodelsassumeaconstantrelationshipbetween
electricityandend-use(electricityperappliance)(Ghodsetal.,2008).

ApioneeringresearchstudyonalternativepowersectorscenarioofKarnatakaonthebasisof
Development-Focused End-use-oriented (DEFENDUS) paradigm is conducted in (Reddy et al.,
1991).Thestudyincludesanextensiveapplicationoftheend-usemethodforgenerationofLong-
TermElectricalLoadForecasts.Thestudyadoptsayear-by-yearprocedureforenergydemandat
theterminal-yearstartingfromtheend-usewiseconsumptioninthebase-yearandintroducingnew
energyconsumptionnormsforretrofittingnewconnectionsandnewgrowthrates.

AdetailedstudyonLong-TermElectricalLoadForecastingforBihariscarriedoutasapartof
PowersectorrestructuringinBihar(IRG,1996).Thestudyisbasedonadisaggregatedapproach
withaviewtogrouptogether,userswhosebehaviourinfuturewouldbeashomogenousaspossible,
i.e.,categorizationofconsumersatend-uselevelonthebasisofsocial,economic,demographicand
spatiallevels.Inthisstudyelectricalloadforecastingiscarriedoutbyend-usemethodtakinginto
accounttheconditionsofchange,structuralchangesinfluencingenergydemandandenergypolicies.

Econometric Models
The econometric approach combines economic theory and statistical techniques for forecasting
electricitydemand.Theapproachestimatestherelationshipbetweenenergyconsumption(dependent
variables)andfactorsinfluencingconsumption.Therelationshipsareestimatedbytheleastsquare
methodortimeseriesmethods.Oneoftheoptionsinthisframeworkistoaggregatetheeconometric
approach,whenconsumptionindifferentsectors(residential,commercial,industrial,agricultural,
public lighting and water supply) is calculated as a function of weather, economic and other
demographicvariablessuchasnumberofconsumers,populationandthenestimatesareassembled
usingrecenthistoricaldata(Zachariadis,2010).

Theadvantageofeconometricmodelsisthattheyprovidedetailedinformationonfuturelevels
ofelectricitydemand,whilethedisadvantageofeconometricforecastingisthatitdoesnottakeinto
accountthetechnologydeterminedcoefficientlikeconsumptionnorms.

Alargenumberofstudiesarereviewedonapplicationofeconometricmodelsforelectricalload
forecasting.Salientfeaturesofafewofthemarepresentedinwhatfollows.

Astudyiscarriedout inUSAwith27yearsdata(1972-1998)(Kamersshenetal.,2004) to
estimateresidential,industrialandaggregateelectricitydemandbypartialadjustmentapproachand
bysimultaneousequationapproach.Thestudyrevealsthatsimultaneousequationmodelsaremore



International Journal of Energy Optimization and Engineering
Volume 7 • Issue 1 • January-March 2018

10

appropriatecomparedtotheflow-adjustmentmodels.Aneconometricanalysisforlong-termpeak
electricityloadforecastingiscarriedoutinTaiwanusingco-integration(Chen,1997).Intheanalysis
double-logtypeloadfunctionisadoptedtogeneratelong-termforecasts.

Aclassicaleconometricmodelisinvestigatedin(Bunnetal.,1985)forinvestigatingtheaccuracy
of forecastingbasedonhistorical annual energyand tariffdataprovidedbyPowerCompanyof
Australia. The evaluations are extended to include an advanced method which uses dynamical
functionallinknet(FLN)andwaveletnetworks.

Theconsumptionofpreviousyear(one-yearlag)andtheratioofGDPofcurrentyeartothe
previousyear(oneyearlag),theratioofpowertariffofcurrentyeartothepreviousyear(oneyear
lag)andratioofpopulationofcurrentyeartothepreviousyear(oneyearlag)aretakenasinputsto
forecasttheenergyconsumptionforthecurrentyear.

Thetime-of-usestructuretoestimateelectricitydemandforSwitzerlandisusedin(Filippinni,
1995).ThemodeltermedasAlmostIdealDemandSystem(AIDS)operatesintwostages.Atthe
firststage,consumersallocateexpendituresamongvariouscommoditiesincludingelectricityand
inthesecondstage,electricitydemandisdeterminedbypriceduringpeakandoff-peakperiodsand
totalexpenditureonelectricityasobtainedinthefirststage.

Artificial Intelligence Methods

Artificial Neural Networks
Artificialneuralnetworks(ANNs)havesucceededinsolvingseveralpowersystemproblems,suchas
planning,control,analysis,protection,design,loadforecasting,securityanalysisandfaultdiagnosis
(Hippertetal.,2001).Thelastthreeapplicationsarethemostpopular.TheANNsabilityinmapping
complexnon-linearrelationshipsisresponsibleforthegrowingapplicationtoloadforecasting.Most
oftheANNsareappliedtoshorttermloadforecasting.Onlyafewstudiesarecarriedoutformedium
termandlong-termloadforecasting.TherearemainlytwotypesofANNswhichcanbeusefulfor
longtermloadforecastingviz.RecurrentNeuralNetwork(RNN)forforecastingthepeakloadand
FeedForwardBackPropagation(FFBP)forforecastingtheannualpeakload:

1. Recurrent Neural Network:Recurrentneuralnetworks(RNN)containfeedbackconnections,
whichenablethemtoencodetemporalcontextinternally.Thisfeedbackcanbeexternalorinternal.
RNNhastheabilitytolearnpatternsfromthepastrecordsandalsotogeneralizeandprojectthe
futureloadpatternsforanunseendata(Kermanshahietal.,2002).Therearedifferenttypesof
RNNs,suchasJordanRNN,ElmanRNN,HopfieldnetworkandBoltzmannMachinenetwork;

2. Feed – Forward Back Propagation:Feed–forwardbackpropagation(FFBP)isoneofthe
mostwidelyusedneuralnetworkparadigms,whichisappliedsuccessfullyinapplicationstudies.
FFBPcanbeappliedtoanyproblemthatrequirespatternmapping(Kermanshahietal.,2002).
Givenaninputpattern,thenetworkproducesanassociatedoutputpattern.Itslearningandupdate
procedureisintuitivelyappealing,asitisbasedonarelativelysimpleconcept.

In(Kermanshahietal.,2002)longtermelectricalloadforecasting(uptotheyear2020)forJapan
iscarriedoutusingRecurrentNeuralNetwork(Jordantype–RNN)showninFigure2andBack
Propagation(BP)networkshowninFigure3.TheRNNisappliedforforecastingthepeakloadsof
1–3yearsaheadi.e.1996–99,whiletheBPisappliedforforecastingtheloadsbeyond2000up
totheyear2020instepsof5years.TenfactorsaretakenasinputfortheproposedANN,thefactors
includeGDP,GNP,population,numberofhouseholds,numberofairconditioners,amountofCO2
pollution,indexofindustrialproduction,oilprices,electricityconsumptionandprice.Theresults
obtainedshowtheabilityofthemodeltoforecastthefutureloadwithonlya3%error.

Astudyiscarriedoutusingdifferentmodelsofmediumtermelectrical loadforecastingfor
Thailand(Bunnoonetal.,2010)anditisobservedthatartificialintelligencetechnologyhasability
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Figure 2. Recurrent Neural Network (Jordan Type RNN). Source: Kermanshahi & Iwamiya, 2002; Kermanshahi et al., 2002.

Figure 3. Back Propagation Neural Network (BPNN). Source: Kermanshahi & Iwamiya, 2002; Kermanshahi et al., 2002.
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toworkwithnon-lineardataandcaneffectivelybeperformedincomplicatedforecastingmodelfor
continuousdatasignal.
Wavelet Networks
Khoaetal.(Khoaetal.,2004)investigatetheapplicationofwaveletpacketinelectricloadforecasting.
Wavelettheoryisintroducedtoelectricloadforecastingrecentlyandreceivedwideattention.Compared
totraditionalloadforecastingmethods,wavelettheoryprovidespowerfulandflexibletooltodecompose
loaddataintodifferentfrequencycomponents,makingitpossibletoanalyzethecharacteristicsofeach
componentandimproveforecastingaccuracy.Waveletpacketanalysisisanextensionofwaveletanalysis
andgivesbetterfrequencyresolution.Themostadvantageousfactorofwaveletnetworkisthatthe
inputsarenotspannedinlargespaceunlikeinaNN,theaccuracyofwaveletnetworkmodelisbetter
thanmultilayerNN.Itgivesbetterresultswhenappliedtolongtermforecast.

Genetic Algorithms
GeneticAlgorithms(GAs)haverecentlyreceivedmuchattentionasrobuststochasticsearchalgorithms
forvariousproblems(Rajasekaranetal.2003).Thisclassofmethodsisbasedonthemechanismof
naturalselectionandnaturalgenetics,whichcombinesthenotionofsurvivalofthefittest,random
andyetstructured,searchandparallelevaluationofthepointsinthesearchspace.

GAsarenumericaloptimizationtechniques.TheycombineaDarwiniansurvivalofthefittest
strategy with a random, yet structured information exchange among a population of artificial
“chromosomes”.Thistechniquehasgainedpopularityinrecentyearsasarobustoptimizationtool
foravarietyofproblemsinengineering,science,economicsandfinance(Ghodsetal.,2008).

In(Karabulutetal.,2008)along-termenergyconsumptionforecastingmodelisdevelopedusing
geneticprogramming.AmoderatecityinTurkeyistakenasacasestudy.Thepowerconsumption
dataisprocessedwithbothconventionalregressionanalysisandgeneticprogrammingtechniques.It
isobservedthatthegoodnessoffitproducedbygeneticmethodbyevaluatingusingsumofsquares
oferror(SSE)methodisbettercomparedtoothertwomethodsofregression.

Fuzzy Logic Model
Fuzzycontrolsystemsarerulebasedsystems,inwhichasetofsocalledfuzzyrulesrepresenta
controldecisionmechanismtoadjusttheeffectsofcertainstimuli.Theaimoffuzzycontrolsystems
isnormallytoreplaceaskilledhumanoperatorwithafuzzyrulebasedsystem(Rajasekaranetal.
2003).Thefuzzylogicmodelprovidesanalgorithm,whichcanconvertthelinguisticstrategybased
onexpertknowledgeintoanautomaticstrategy.Thefuzzylogicmethodisappliedforscoring.The
applicationoffuzzyrulesimprovesthemodelaccuracybyavoidingarbitrarinessforthepurposeof
thestudy.OneoftheapplicationsofthefuzzyrulesistocombinethemwithNNtotrainanANNand
haveabetterloadforecasting.Thebenefitoftheproposedhybridstructureistoutilizetheadvantages
ofbothi.e.thegeneralizationcapabilityofANNandtheabilityoffuzzyinferenceforhandlingand
formalizingtheexperienceandknowledgeoftheforecasters.

In(Farhat,2004)NNtechniqueandfuzzyinferencemethodareusedforlongtermindustrial
loadforecastingandplanning.ThemodelisbasedonhybridneuraltechniquewhichcombinesANN
andfuzzylogicforlongtermindustrialloadforecastinginelectricalpowersystem.Itisobserved
thatlargenumberofinfluencingfactorsareexaminedandtestedforpredictionofmaximumelectric
demandandconsumptionforfuture‘24’months.ThefuzzyrulesandtrainingpatternsforANNmodels
arecollectedfromhistoricalloaddata.EveryANNistrainedusinganerrorBackPropagation(BP)
algorithmandRadialBasisFunctionNetwork(RBFN)withanadaptivelearningrateandmomentum.

Approach Followed for Long Term Demand Assessment by Govt. of India
Indianeconomyisaplannedeconomy;theentireeconomicactivityisbroadlydividedinto66sectors
withspecificestimationofgrowthrateforeachsector.Asregardselectricity,CentralElectricity
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Authority(CEA)istheapexbodyatnationallevel,whichcoordinateswiththeelectricityutilitiesof
thestateandunionterritoriesofIndiaandprovidesthemrequiredinputsforlongtermplanningof
energygenerationtomeettheprojecteddemand(CEA,2000).

CEAconductsperiodicelectricpowersurveys(EPS)throughoutthecountrytoforecastdemand
onshort,mediumandlong-termbasisforelectricutilities.Thefirstsurveyreportwaspublishedin
theyear1963andsofar,17powersurveyshavebeenconductedbyCEA.InEPS,demandforecast
ismadeusuallyintwotimeframes,oneforaperiodof5-7yearsandtheotherfor10–15years
(EPS,2004).Itmakesuseof“PartialEndUse”methodforforecasting.

LOAd FORECASTING SOFTwARE TOOLS ANd SOLUTIONS

There aremany tools available in themarket thatmaybeused for energy forecastingpurposes.
Theyallhavedifferentlearningcurves,levelsoftechnicalsupport,depthofforecastingprocedures,
andpricetags.Thereisnotyetonesingletoolthatdominatesallmetrics.Whenconsideringwhich
toolstouse,utilitieshavetoevaluatemanyfactors,suchasdirect(i.e.,licenseandservicefees)and
indirectcosts(salariesandtrainingcostsfortheusers)ofthesoftwarepackage,potentialvalue-add,
andimplementationtime.Twotoolsarewidelyusedbyutilityanalysts,MSExcel(fromMicrosoft
Office)andEViews(fromHISInc.).Spreadsheetsareprobablythemostwidelyusedforecasting
tool,foritseaseofuseandlowcost.EViewsisaforecasting,econometricandstatisticalsoftware
package.EViewsfeaturesagraphicalobject-orienteduser-interface,makingitaneasytousestatistical
package.Thissectionintroducesseveralmorecommercialloadforecastingtoolsandsolutionsthat
havebeenwidelyused.

SAS
SAS®EnergyForecastingisbuiltontheSASfamilyofsoftwareproductswhichhavebeenusedby
electricutilitiessince1976.Thesolutionistailoredforelectricutilityenergyandloadforecasting,
automaticallysteppingthroughasmanyasnineteenmodelstoselectthebestforecastmodel.For
inexperiencedforecasters,theprocesscanbehighlyautomatedwithfewdecisionsrequired,while
experienceduserscanexpandthemodelswithadditionalvariablesorimportmodelsintothesolution.
TheSASEnergyForecastingprocessistransparent,withmodelresultsatallstagesoftheprocess
availableforreviewandtoarchiveforregulatorydocumentation.Thesolutionistailoredforelectric
utilityenergyandloadforecasting,automaticallysteppingthroughanintelligentmodelselecting
methodologywhichisequivalenttoenumeratingthousandsofmodelcandidatestopickthebest.
Basicmodelsaremultipleregressionswhereadditionalvariablesandcombinationsaresequentially
testedformodelimprovement.Modelsaretestedeachiterationtopreventover-fitting.Secondstage
modelsaredevelopedusingUCM,ARIMAX,ExponentialSmoothing,andNeuralNets;testingfor
modelimprovementwithautomaticweatherrangescenariosandautomaticeconomicgrowthscenarios.

GMdH Shell
Thissoftwareputsthemostrecentmathematicalalgorithmsintothistaskandprovidesquickand
reliableelectricityloadforecastingbasingonprovidedhistoricaldata.Theprogramcreatesasetof
modelsgettingmoreandmorecomplicatedateachlevel.Suchmodelsarethenappliedtohistorical
dataandanerror iscalculated.Once thefurthercomplicationofmodelsstopsproducingdecent
increaseinpredictionquality,theprocessends.

Itron
MetrixND and MetrixLT are Windows applications designed specifically for utility forecasting
processes. MetrixND is a statistical package that supports data transformation, statistical model
estimation,modelevaluation,andpostprocessing.Statisticalmethodssupportedinclude,Exponential
smoothing, Time series (ARIMA) modelling, Regression models with or without time series
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residuals,NeuralNetworkmodelswithorwithouttimeseriesresidualsandRegressionwithARCH
(AutoregressiveConditionalHeteroskedasticity)/GARCH(GeneralizedAutoregressiveConditional
Heteroskedasticity)volatilitymodels.MetrixLTisaspecializedsystemthatperformsconstructionof
billingcycleweightedweathervariables,calculationofnormalandrankandaverageweathervalues,
calendarrotationofdailyweatherscenarios,aggregationofhourlyloadsandlossfactoradjustments,
calibrationofhourlyloadforecaststomonthlyenergyandpeaksandCalibrationofbottom-uphourly
forecaststosystemforecasts.

LoadSEER
LoadSEER(SpatialElectricExpansion&Risk)isaspatialloadforecastingsoftwaretooldesigned
specificallyfortransmissionanddistribution(T&D)plannerswhofaceincreasinglycomplexgrid
decisionscausedbyemergingmicrogridtechnologies,extremeweatherevents,andneweconomic
activity.TheobjectiveofLoadSEERistostatisticallyrepresentthegeographic,economic,distributed
resources,andweatherdiversityacrossautility’sserviceterritory,andusethatinformationtoforecast
circuitandbanklevelpeakloads,sub-sectionsofthecircuit,acre-levelchanges,andimpactsfrom
variousscenariosovertheplanninghorizon.Plannersareabletodecomposesystemimpactsusing
maplayerssuperimposedonthespatialrepresentationoftheT&Dinfrastructure.

CASE STUdy

Long Term Electrical Load Forecasting for A & N Islands
A&NIslands(Andaman&NicobarIslands)isaUnionTerritoryofIndia.Itisagroupof572Islands
situatedinBayofBengalwith92%ofareacoveredunderforest.Itisoneoftheremotestpartsof
Indiawheresettlementstartedin1858.Priorto1858,onlytribesusedtostayintheseislands.Outof
572islands,only37islandsareinhabited.A&NIslandhastremendousstrategicimportancefrom
thecountry’ssecuritypointofview.ThelongtermelectricalenergyforecastingforA&NIslands
iscarriedoutbyCEA,Govt.ofIndiathroughElectricPowerSurvey(EPS).EPSprojectionsare
carriedoutbyusingpartialEndUsetechnique.Alltheexpansionprojectsunderpowersectorare
basedontheEPSreports.

The18thEPSprojectionsforenergyrequirementcarriedoutbypartialEndUsetechniquefor
A&NIslands[67]iscompiledandcomparedwiththeactualrequirementandshowninTable4.It

Table 4. Comparison of estimated energy requirement (EPS) with actual

Source: Electric Power Survey, Ministry of Power, Govt. of India
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showsthepercentagevariationofenergyrequirementprojectedinEPSwithactual.FromtheTable
4itisobservedthattheEndUsemethodisnotacceptablebecauseofthehigherrorvalues.Oneof
thereasonsforthatistheforecastingiscarriedoutbytakingallthe37inhabitedislandsasasingle
entitywithanassumptionofsamegrowthrateforallinhabitedislands.

SohereANNtechniqueisappliedtotheremoteIslandtocheckifitcangiveacceptableresult.
Athree-layeredarchitecture(i.e.input,hiddenandoutputneuron)isselected.Feedforwardback
propagationnetworkwithadaptivelearningrateandmomentumistakenforbuildingupthemodel.
Thelogsigmoidfunctionisusedforallhiddenneuronsasanactivationfunction.Thelinearactivation
functionisemployedfortheoutputnode.Thesequencefollowedforbuildingtheforecastingmodel
usingANNisgiveninFigure4.

Followingtwomodelsaredevelopedforforecastingtheenergyrequirement:

Model 1:Tenindependentvariables(numberofconsumers,consumption,population, tariff,per
capitaincome,plan&nonplanexpenditure,windspeed,rainfall,humidityandtemperature)
with27yearsdataaretaken.23yearsdataareusedfortrainingand04yearsfortesting,the
architectureisgiveninFigure5.

Model 2:Pastfouryeardata(Consumption)istaken(for27years)totrain,testandforecasttheT+1
yearconsumption,thearchitectureisgiveninFigure6.

Figure 4. Flowchart showing the procedure for forecasting model building using ANN technique
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ForecastingofenergyrequirementusingModel1andModel2ofANNisshowninTable5.
ItisseenfromtheTable5thatmodel2isgivingrelativelybetterresults.Boththemodelsare

obtainedafterrunningforfewthousanditerationstoarriveatthebestmeansquareerror,bothfor
trainingandtesting.ThepossiblereasonforbetterperformanceofModel2couldbethenatureof
training.Model1learnstopredicttheconsumptionbasedoncurrentvaluesofindependentvariables,

Figure 5. ANN architecture for Model 1

Figure 6. ANN architecture for Model 2
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whereasModel2learnsfromatime-dependentmodelasafunctionofpastvaluesoftheconsumption
data.ResultsindicatethatfortheA&NIslanddata,amodelthattakesintoaccounttemporalvariations
suchasModel2seemsmoreappropriate.Sincemodel2isgivingrelativelybetterresults,theoutput
ofModel2istakenforcomparisoninsubsequentsections.ItisimplementedinMATLABversion7.9
(Linux).ThegraphshowingtheactualandforecastvaluesusingANNModel2isshowninFigure7.

FromFigure7,followingobservationismadeontheapplicabilityofANNmodeltoA&N
Islands,theerroriswithinacceptablelimitsduringtesting&trainingperiod.Theslopeofthegraph
isreducingduringtheforecastperiod;hence,theforecastvalueislowerthantheactual(-veerror).
Thenegativeerrorinthiscasetendstocontinueastheforecastingperiodisincreased.

ThecomparisoninTable6clearlyshowsthat,ANNisthebetterapproachforlongterm
forecastingofremoteIslands.Theerrorcanbereducediftheneuronsaretrainedbasedon
thepastdata,efficiencyimprovement, thechangeineconomicscenarios,anddemandside
management.Longtermestimationoftheindependentvariableslikenumberofpopulation,
consumers,per capita income, tariff,planandnon-planexpenditure, rain fall, temperature
andhumidity isverydifficult for isolatedandremote regionswhich in turnwillaffect the
loadforecasting.

Table 5. Forecasting of energy requirement for A & N Islands using Model 1 and Model 2 of ANN

Figure 7. The graph of actual vs forecast consumption (results of ANN Model 2)
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CONCLUSION

Thisstudyismadeto introducetheconceptofelectric loadforecasting.Emphasis is laidonthe
methodsusedforcarryingoutshortterm,mediumtermandlongtermelectricalloadforecasting.
Fromtheliteratureitisfoundthatalotofstudieshavebeendoneonshorttermforecastingthanother
twotypes.Thereisascopeformorestudiesonlongtermforecasting.Itisalsoconcludedthatthere
ishugeimpactofsocioeconomicfactorsonloadforecasting.So,thesametechniquescannotbeused
fordevelopedanddevelopingregionsorcountries.IncountrieslikeIndia,wheretheeconomicstatus
ofstatesvariesalot,samemethodscannotbeappliedtoallstates.Somewidelyusedsoftwaretools
arealsodiscussedtohelptheresearcherstochoosethebestonefortheirapplications.

Although,manystudieshavebeencarriedoutonelectricalloadforecastingfortheentirecounty
or state, apparently there are no studies on long term electrical load forecasting for an isolated
remoteregion.Morestudiescanbedonetounderstandthecommonlyusedlongtermelectricalload
forecastingtechniquesnamelyEndUse,EconometricandANN.HeretheremoteAndamanNicobar
Islandistakenasthecasestudy.ANNandEndUsemethodisappliedforlongtermforecasting.It
isconcludedthatANNisthebettertechniquebetweenthese.Butthereisenoughscopetoimprove
theerrors.Forfuturestudy,combinationofmorethanonetechniquemustbeappliedforlongterm
electricalloadforecasting.Thisstudywillhelptheresearcherstofindtheappropriatetechnologyfor
longtermforecastingbasedoncostofgenerationbyconsideringtheenvironmentalaspects.

Table 6. Comparison of forecasting results between end use method and ANN method for A & N islands
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