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Abstract　AsatypicalindustrialInternetofthings(IIOT)service,demandresponse(DR)isbecomingapromisingenablerforinＧ

telligentenergymanagementin６GＧenabledsmartgridsystems,toachievequickresponseforsupplyＧdemandmismatches．HowＧ

ever,existingliteraturestrytoadjustcustomers’loadprofilesoptimally,insteadofelectricityoverhead,energyconsumptionpatＧ

ternsofresidentialappliances,customersatisfactionlevels,andenergyconsumptionhabits．Inthispaper,anovelDRmethodisinＧ

vestigatedbymixingtheaforementionedfactors,wheretheresidentialcustomerclusterisproposedtoenhancetheperformance．

Clusteringapproachesareleveragedtostudytheelectricityconsumptionhabitsofvariouscustomersbyextractingtheirfeatures

andcharacteristicsfromhistoricaldata．Basedontheextractedinformation,theresidentialappliancescanbescheduledeffectively
andflexibly．Moreover,weproposeandstudyanefficientoptimizationframeworktoobtaintheoptimalschedulingsolutionby
usingclusteringanddeeplearningmethods．ExtensivesimulationexperimentsareconductedwithrealＧworldtraces．NumericalreＧ

sultsshowthattheproposedDRmethodandoptimizationframeworkoutperformotherbaselineschemesintermsofthesystem

overheadandpeakＧtoＧaverageratio(PAR)．Theimpactofvariousfactorsonthesystemutilityisfurtheranalyzed,whichprovides

usefulinsightsonimprovingtheefficiencyoftheDRstrategy．WiththeachievementofefficientandintelligentenergymanageＧ

ment,theproposedmethodalsopromotestherealizationofChina’scarbonpeakingandcarbonneutralitygoals．

Keywords　Demandresponse(DR),Customerclustering,Deeplearning,６GＧenabledindustrialInternetofthings(IIOT),Smart

srid(SG)
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１　INTRODUCTION

The６GnetworkwillbecomeabasisofintrinsicintelliＧ

gence,ubiquitousconnectivityand multidimensionalintegraＧ

tion,andanimportantfoundationforvariousfutureindustrial

verticalapplicationdevelopments．６GnetworkwillbeembedＧ

dedwithartificialintelligence(AI)capabilitiestoachievearＧ

chitectureＧlevelintelligence．Internally,intelligencecanbeused

tooptimizenetworkperformance,enhanceuserexperience,

andautomatenetworkoperation,layingasolidfoundationfor

thecrossＧborderconvergenceofdifferentindustrialnetworks．

Externally,itcanextractandencapsulatenetworkintelliＧ

gence,and providecommunicationandcomputingservices

combiningnetworkand AIforindustrialInternetofthings
(IIOT),forinstance,thefuturesmartgrid(SG)．

Asanimportant６GＧenabledIIOTscenario,SGisaproＧ

misingsolutionforconventionalpowernetworksbyleveraging
informationand communicationtechnologies,where power

supplystatuscanbedetectedandcollectedwithdigitaloranaＧ

logsignalswhenelectricityissupplied,andpowerusageinforＧ

mationcanbeproperlyanalyzedwhenelectricityisused．DeＧ

mandresponse(DR)isbecominganovelenablerinSGbyexＧ

ploringitspotentialbenefitstoachievequickresponsefor

supplyＧdemandmismatches[１]．

Nowadays,differenttypesofDRprogramshavebeenimＧ

plementedtorealizeefficientenergyconsumptionmanagement

forresidentialcustomersandachievecarbonpeakingandcarＧ

bonneutralitygoals[２Ｇ３]．Generallyspeaking,therearetwo

maintypesofDR programs:controlＧbasedand motivationＧ

basedDRprograms．However,thesetwotypesofprogramare

notcompletelymutuallyexclusive．Wewillstudythestateof

artconcerningtheDRprogramsin６GenabledSG,andthen

analyzeourresearchmotivationsinthefollowingsubsections．

Weorganizetherestofthispaperasfollows．InSection

２,wereviewthestateoftheart．Section３studiesthesystem

operationdetailsandproposesanoptimizationproblemforthe



DRproblem．TheDRschemebasedontheclusterofresidenＧ

tialcustomersisintroducedinSection４．InSection５,theoptiＧ

mizationframeworkispresented．Section６presentsthebaseＧ

linemethodsinsimulation．ThesimulationexperimentsareinＧ

cludedanddiscussedinSection７．Finally,thispaperisconcluＧ

ded．

２　RELATEDWORK

２．１　FeaturesofDRProgram

InthecontrolＧbasedDRprograms,centralizedanddisＧ

tributedschemesaredefinedaccordingtowherethedecisions

aremade．Fortheformer,utilitycompanieswithcentralized

infrastructuremakethedecisionsaccordingtotheinformation

collectedfromallappliancesandprovideoptimalenergyconＧ

sumptionsolutionsforcustomersbyconsideringlimitedgrid

technicalconstraint[４]．Nevertheless,thecomplexityofthe

centralizedschemeincreasessignificantlywiththeincreasein

thenumberofresidentialappliancesduetocentralizeddeciＧ

sionＧmaking．ItisextremelydifficulttocollectinformationacＧ

curatelyfrom massiveappliances．Moreflexibilitycan be

achievedbythedistributedschemeduetoscalabilityandcusＧ

tomerinvolvement．Efficientcoordinationisrealizedamong
differentcustomersaccordingtotheloaddemandsandreＧ

ceivedpricesignals．AlthoughthedecentralizedonecanproＧ

videownershipauthoritytocustomers,theoptimaloperation

ofappliancescannotbeguaranteedandnewsecurityissuesof

powergridsarise．

Unliketheaforementioned DR programs,motivational

DRprogramscanbemainlydividedintothefollowingtwo

types．

WithChinaisalreadycommittedtopeakcarbondioxide

emissionsbefore２０３０andachievecarbonneutralitybefore

２０６０,theCentralEconomic WorkConferenceurgesquicker

stepstocomeupwithanactionplanthatenablesthepeaking
ofemissions．

IncentiveＧbasedandpriceＧbasedDRprograms．IntheforＧ

merone,customersareencouragedtodecreasetheirenergy
consumptionupontherequestoffersorbasedontheirconＧ

tractualagreementsreachedbybothcustomersandcompaＧ

nies[６Ｇ７]．Undersuchanincentivescheme,somecustomerswill

berewardedduetoactionstakenbytheprogramadministraＧ

tor,e．g．appliancerescheduling,reduction,anddisconnection．

However,itmaybringnewchallengesandissuesregarding
customers’privacyandsecuritywhenaccessingappliancesdiＧ

rectly．Inthelatterone,timeＧvaryingelectricitypricesareofＧ

feredtocustomers[８]．Theelectricitypriceisincreasedwhen

peakcomesandreducedduringlesscongestedperiods．With

thepricesignal,thepeakＧtoＧvalleygapofthepowerloadcan

bereduced,andtheenergyconsumptionbehaviorsofcustoＧ

merscanbechangedtoachievepeakshavingandvalleyfilＧ

ling．TheexamplesofthepriceＧbasedschememainlyinclude

thetimeofuseprice(ToU),criticalＧpeakprice(CPP),andreＧ

alＧtimeprice(RTP)[９]．WiththeusageofthepriceＧbasedDR

program,customerprivacyandsecuritycanbeenhanceddraＧ

matically．However,thecustomersshouldrespondtothevaＧ

ryingpricesignalquickly．Atthesametime,theunfairness

amongconsumersmayincurduetothedifferentpricingmechaＧ

nisms．Tosummarize,theperformance metrics,e．g．overall

energyoverheadandpeakＧtoＧaverageratios(PARs),canbe

improvedsignificantlybyleveragingappropriateDRschemes．

２．２　OptimizationMethodsofDR

TooptimizethecostminimizationＧbasedDRproblems,

fuzzyandprogrammingmethodsaswellasgametheoryhave

beenwidelyutilized[１０Ｇ１２]．Inaddition,machinelearningＧbased

methods,suchasclustering,havebeenusedtofurtherimprove

theperformance．Kwacetal．[１３] proposeastablecoding
mechanismthatusesanadaptiveKＧmeansalgorithmtofind

therepresentativeloadshapefromthedailypowerdataof

consumersanduseshierarchicalclusteringtosummarize,and

calculatesvariousindexesaccordingtothecodingmechanism．

Kangetal．[１４]proposeakＧslidingdistancebetweentwoelecＧ

tricitycustomersforcustomerclustering．Inliterature[１５],

thedensityＧbasedspatialclusteringofapplicationswithnoise

isappliedtoexploreendＧcustomers’inherentelectricityconＧ

sumptionpatternsfromhistoricalloaddata．WiththecompleＧ

mentarityofdifferentconsumers,utilitycompaniescandeveＧ

lopmoreappropriateDRschemesfordifferenttypesofconＧ

sumers[１６]．Habenetal．[１７]presentacomprehensivestudyof

customers’smartmeterdataforanalyzingpeakdemandand

mainfactorsofvariabilityintheirbehavior．Afinitemixture

modelＧbasedclusteringmethodisalsopresentedfordiscoveＧ

ringdifferentbehaviorgroupsbasedondemandandvariabiliＧ

ty．Zhouetal．[１８]developanimprovedfuzzyclusteringmodel

fortheminingofhouseholdmonthlyelectricityconsumption

patterns．Melicioetal．[１９]employsKＧmeansclusteringalgoＧ

rithmtopredictdailyloadprofileoftypicalelectricityusage．

Withthe development ofcomputertechnology,deep
learningplaysanincreasinglyimportantroleinSG．Shiet

al．[２０] proposeanovelpoolingＧbaseddeeprecurrentneural

networkwhichbatchesagroupofcustomers’loadprofilesinＧ

toapoolofinputstodirectlylearntheuncertaintyofload

profiles．Sunetal．[２１]proposeanovelprobabilisticbaseline

estimationframework,whichemploysadeeplearningＧbased

clusteringmethodtoprocessalargequantityofdailypatterns

forimprovingestimationperformance．Fanetal．[２２]exploit

andcomparetheperformancemetricsofcoolingloadpredicＧ

tionwithdeeplearninginbuildingfieldwithtwomanners,

whicharemethodswithtypicalfeatureextractionaswellas

popularprediction．Caietal．[２３]proposetwoclassicaldeep
neuralnetworkmodelsinbothrecursiveanddirectmultiＧstep
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mannerstoforecastbuildingloads．Kongetal．[２４]proposea

longshortＧterm memory(LSTM)recurrentneuralnetworkＧ

basedframeworktoforecasttheelectricloadofasingleenerＧ

gycustomer．Kimetal．[２５]studyaCNNＧLSTM neuralnetＧ

workthatextractsbothspatialandtemporalfeaturesfordeＧ

velopinganeffectivehousingenergyconsumptionprediction．

２．３　MainContributions

TheaboveＧmentionedworksmainlystudiedtheoptimizaＧ

tionproblemsforloadprofilesofcustomersbysmoothingthe

demandprofileanddecreasingthePARs．NoneofthemconＧ

sidersthesatisfactiondegree,fairnessandenergyconsumption

preferencesofcustomers,whichareveryimportantfortheinＧ

teractionsbetweenutilitycompaniesandappliancessincecusＧ

tomersarethemainrolesinthesystem．Forexample,theelecＧ

tricitypricesarehighlightedbysomecustomersandothersfoＧ

cusmoreonthecomfortofpowerconsumption．Thus,anovel

DRschemeisproposedinthisworkbasedontheclusterof

residentialcustomers,whichisachievedbytheenergyconＧ

sumptionhabitsandpreferences．Themaincontributionscan

besummarizedasfollows:

(１)AnoptimizationproblemfortheproposedDRscheme

isformulatedbyconsideringtheenergyconsumption patＧ

terns,electricityprices,customersatisfaction,aswellasfairＧ

ness．Tothebestofourknowledge,theaforementionedimpact

factorsarenotcomprehensivelyinvestigatedinaDRscheme

inexistingliteratures．
(２)Clustering methodsareleveragedtoinvestigatethe

electricityconsumptionfeaturesofcustomers．Basedonthe

clusteringresults,residentialappliancesarescheduled more

flexiblyandeffectively．
(３)Anoptimizationframeworkbasedonclusteringand

deeplearningisproposedtosolvetheproblemofhugecompuＧ

tationinlargeＧscalecustomerscenarios．
(４)Extensivesimulationexperimentsareconductedwith

realＧworldtraces．ThenumericalresultsshowthatourproＧ

posed DR methodandoptimizationframeworkoutperform

otherbaselineschemesintermsofthesystemoverheadand

PARoftheelectricitygrid．

３　DRPROBLEMFORMULATION

AsshowninFig．１,anSGsystemiscomposedofapower

supplier,i．e．,autilitycompany,andalsoN residentialcusＧ

tomers．WedenoteU＝{１,􀆺,N}asthesetofcustomers．The

６Gcommunicationnetworkisassumedtoconnectthepower

supplierandnumerousresidentialcustomersaspowerusers．It

isassumedthattheresidentialcustomershavesignedrelevant

authorizationdocumentswiththeutilitycompany．Then,the

powerdatacanbedownloadedfromtheutilitycompanytothe

residentialcustomerssothatthecustomerenergyconsumpＧ

tioncanbemonitoredandtheremotecontrolcanbeachieved

torealizetherequireddemandresponsestrategy．AtimeslotＧ

basedsystemisconsidered,wherethereareTtimeslotswith

equallength．Thelengthofatimeslotcanbesetto１５min．

T＝{１,􀆺,T}isdenotedastheindexsetoftimeslots．Since

eachresidentialcustomerhasseveralappliances,weassume

thattheappliancesetisdenotedbyAu＝{１,􀆺,Au}inhouseＧ

holdu∈U．ThetotalnumberofappliancesissettoAu．

Fig．１　Illustrationoftheproposedsystem

３．１　ModelofResidentialAppliances

Accordingtotheappliancefeatures,theloadscanbecateＧ

gorizedintothreedifferenttypes,includingadjustable,scheduＧ

lableandfixedloads．
(１)AdjustableLoads:LoadscanbeconsideredasadjusＧ

tableloadsgiventheloadsareabletobeadjustedineachtime

slot．Forinstance,electricvehiclesandairconditionerscan

controltheirenergyconsumptiononatimeslotbasis．Theset

ofadjustableloadsusedbycustomeruisdenotedbyCCu．By
dynamicallyalteringthechargingratesofelectricvehiclesas

wellasthecurrenttemperaturesofairconditioners,theconＧ

trolofapplianceoperationscanberealized．Intimeslott∈T,a

variableIu,a,t∈{０,１}isintroducedtodepictthethestateof

customeru’sappliancea (０forthestateoffand１foron)．

TheactivepowerconsumptionisdefinedasEu,a,t whenappliＧ

anceaisswitchedonintimeslott．Theconsumedenergyof

customeru’sapplianceaduringtimeslottisderivedas:

Eeca
u,a,t＝Iu,a,t􀅰Eu,a,t,∀u∈U,∀a∈CCu,∀t∈T (１)

Eeca
u,a,tdenotesthebaselineofenergyconsumptionforcusＧ

tomeru’sappＧliancea．Letγupper
u,a andγdown

u,a denotetheelasticＧ

itiesoframpingupandrampingdownforcustomeru’sappＧ

liancea．Wehavethefollowingconstraintforthepotential

appliance’sschedulingstrategy:

γdown
u,a 􀅰Ebase

u,a ≤∑
T

t＝１
Eeca

u,a,t≤γupper
u,a 􀅰Ebase

u,a ,∀u∈U,∀a∈CCu

(２)

Thetotalenergyconsumptionamountbytheadjustable

appliancesofcustomerucanbeachievedas:

Eadj
u,t＝ ∑

a∈CCu

Eeca
u,a,t (３)

(２)SchedulableLoads:Theoperationtimeofparticular
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loadscanbeshiftedbackwardorforward．Nevertheless,these

loadsshouldbecompletedwithoutabreakoncethesystem

runs．Assumingthat Suisthecategoryofschedulableloads

generatedbycustomeru．Typicalapplianceswithschedulable

loadsincludepumps,dishwashers,andwashing/laundrymaＧ

chines．Thededicatedenergyconsumptionpatternisanother

featureoftheappliancesgeneratingschedulableloads．For

example,asillustratedinFig．２,theoperationstateofawaＧ

shingmachinecanbedividedintofineＧgrainedstages,incluＧ

dingsoaking,washing,anddrying．Energyconsumptionfor

eachstageshowsdifferentpatterns．Thekeyprocedureof

schedulingforschedulableloadsisthetranslationofenergy
consumptiononthetimeaxis．TheDRschemeisexpectedto

properlyconsidertheenergyconsumptionpatternsofsuchapＧ

pliancesduringtheschedulingprocess．LetEpa
u,a ＝ (epa

u,a,１,

epa
u,a,２,􀆺,epa

u,a,T
min
u,a

)denotetheenergyconsumptionpatternvecＧ

torofcustomeru’sappＧliancea,whereTmin
u,aistheminimum

requirednumberoftimeslotstofinishtheoperationprocess

fortheschedulableappliance．ThepatternforenergyconＧ

sumptionofu’sapplianceaisformulatedas:

fpa
u,a(t)＝

epa
u,a,t １≤t≤Tmin

u,a

０ otherwise{ (４)

WeassumethatapplianceaofcustomerubeginstoopeＧ

rateintimeslotTstart
u,a ．Then,theenergyconsumptionofappＧ

lianceaofcustomeruintimeslottcanbecalculatedas:

Eecs
u,a,t＝fpa

u,a(t－Tstart
u,a ＋１)􀅰Iu,a,t,∀u∈U,∀a∈Su,

∀t∈T (５)

LetTmin
u,aandTend

u,a∈Tdenotethethebeginningandending
ofatimeintervalrepetitively,in whichapplianceacanbe

scheduled．Anauxiliarybinaryvariableisintroducedsuchthat

zu,a,t􀰛１iftheoperationofcustomeru’sapplianceastartsin

timeslott,wherea∈ Su．Otherwise,zu,a,t􀰛０．Then,itholds

that:

∑
T

end
u,a－Tmin

u,a＋１

t＝Tini
u,a

zu,a,t＝１ (６)

and

zu,a,t＝０,∀t∈T\[Tini
u,a,Tend

u,a－Tmin
u,a＋１] (７)

Fig．２　Energyconsumptionpatternforawashingmachine

ElementsinboththestateindicatormatrixIu×a×tandthe

starttimematrixZu×a×tarethuscorrelatedinthefollowing
manner:

Iu,a,t≥zu,a,t,Iu,a,t＋１≥zu,a,t,􀆺,Iu,a,t＋Tmin
u,a－１≥zu,a,t (８)

whichindicatesthatTstart
u,a ＝tandIu,a,t ＝ Iu,a,t＋１ ＝ 􀆺 ＝

Iu,a,t＋Tmin
u,a－１＝１ifzu,a,t＝１．OnceaschedulableappliancebeＧ

ginstooperate,itkeepsoperatingcontinuouslyforaduration
ofTmin

u,atimeslots．ThetotalenergyconsumptionofschedulaＧ
bleloadsbycustomeru’sappliancesishereofderivedas:

Esch
u,t＝ ∑

a∈Su

Eecs
u,a,t (９)

(３)FixedLoads:Someappliancesarenoteligibletobe
dynamicallycontrolledduringoperation,whicharecategorized

asapplianceswithfixedloads．TypicalexamplesofsuchappＧ
liancesinclude microwaveovens,electricstoves,andteleviＧ
sions．Totalenergyconsumptionoftheapplianceswithfixed

loadsbycustomeruattimeslottisdefinedas:

Efix
u,t＝ ∑

a∈Fu
E
~
u,a,t,∀u∈U,∀t∈T (１０)

whereFurepresentsthefixedloadcategoryofcustomer,

E
~
u,a,tisthehistoricalenergyconsumptionofcustomeru’sapＧ

plianceaattimeslott．Forfixedloads,noDRstrategiesare

appliedsinceitwillcausesignificantinconveniencetocustoＧ
mers．Forexample,whencustomersarewatchingTV,ifpowＧ

ercompaniessendDRsignalstoturnoffTVs,itwillbring
greatinconveniencetocustomers’life．

Thetotalenergyconsumptionofcustomeruattis:

Etot
u,t＝Eadj

u,t＋Esch
u,t＋Efix

u,t (１１)

３．２　ObjectiveFunctions

Powersuppliersaimatimprovingsatisfactiondegreeand
fairnessoftheircustomers,aswellasreducingtheoverall

energycostoftheSGsystemwhenthesystemisinoperation．
Objectivefunctionsofthepowersuppliersarederivedinthe

following．
(１)DegreeofDissatisfaction:Todepictasatisfaction

measurementofacustomer,thedegreeofdissatisfactioncan
bedefinedasanincreasingandconvexfunctionconcerningthe
energyconsumptiondeviationbyleveragingtheDRstrateＧ

gy[２６]．Theconvexityindicatesthattheincreaseintheenergy
consumptiondeviationleadstohigherdissatisfactionofcusＧ
tomers．Withoutlossofgenerality,aquadraticdissatisfaction

functionisproposedinthiswork．Intimeslott,thedissatisＧ
factiondegreeofcustomerucanbedefinedas:

funs
u,t(ju,t)＝muns􀅰(ju,t)２＋nuns􀅰ju,t (１２)

wheremuns≥０andnuns≥０indicatethecoefficients,ju,tisthe
energyconsumptiondeviationaftercustomerubyleveraging
theDRstrategyintimeslott．Itholdsthat:

ju,t＝‖Etot
u,t－E

~tot
u,t‖ (１３)

whereE
~tot
u,tdenotestheaveragehistoricalenergyconsumption

ofcustomeruintimeslott．ItmeansthatoncethepowerutiＧ

litydispatchesthecustomers’appliances,thecustomerswill
bedissatisfiedwiththeDRschemeiftheenergyconsumption

afterDRisdifferentfromthehistoricalenergyconsumption．
(２)DegreeofUnfairness:Tomeasurewhethercustomers

arefairlyservedornot,ageneralizedincreasingandconvex
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functioncanbedefinedformeasuringunfairnessdegreeasfolＧ

lows:

funf
u,t(ku,t)＝munf􀅰(ku,t)２＋nunf􀅰ku,t (１４)

wheremunf≥０andnunf≥０denotethecoefficients,ku,tindicates
theenergyconsumptiondeviationbycomparingtheaverage
energyconsumptionofcustomeruwiththatofothercustomＧ
ers:

ku,t＝‖Etot
u,t－ １

n－１ ∑
u∈U

c
u\u
Etot

u,t‖ (１５)

whereUc
uisthecustomersetthatcompareswithu,andnis

thesizeofthatset．Inthecomparisonrange,onlywhenthe
energyconsumptionofeachcustomerafterDRisthesamein
anytimeslot,thedegreeofunfairnessis０,andtheDRisabＧ
solutelyfair．

(３)EnergyCost:Anincreasingandconvexfunctionin
termsoftheamountofconsumedenergyisdefinedasthe
energycost,indicatingtheexpenditurespentonelectricity
consumption．Theconvexityofthecostfunctionindicatesthat
thecostincreasessignificantlywhentheamountofrequired
energyincreases．Thequadraticcostfunction[２７]andpiecewise
linearcostfunction[２８] are widelyusedinexisting works．
Therefore,aquadraticcostfunctionisutilizedinthiswork．
Theenergycostofcustomeruintimeslottcanbeachieved
as:

fcost
u,t (Etot

u,t)＝mcost􀅰(Etot
u,t)２＋ncost􀅰Etot

u,t (１６)

wheremcost≥０andncost≥０denotecoefficientsdefinedbythe

powersupplier．Actually,mcostisanarbitrarilysmallnumber．

４　CUSTOMERCLUSTERＧBASEDDRSCHEME

Customersareoftenfeaturedwithvariouspreferencesand
characteristics．Forinstance,customerswhofocusmoreonthe
energycostswillactivelybeapartoftheDRschemetoreduce
theirelectricitybillssignificantlybytakingmoreDRresponsiＧ
bilities．Insteadofmonetaryoverhead,thecustomerswhoare
insensitivetothecostwanttoachieveconvenientandcomforＧ
tableapplianceoperationsforbetterexperiences．Drivenby
theaforementionedsituations,weproposeacustomerclusterＧ
basedDRschemebyconsideringdifferentcustomerprefeＧ
rencestoprovideflexibleschedulingservices．

KＧmeansalgorithmisoneofthemostpopularandused
clusteringmethodsforunsupervisedlearning,whereefficient
multiＧdimensionalfeatureclusterscanbeobtainedinSG[２９]．
Withagivendataset,KＧmeanscanfindthegloballyoptimal

partitionsefficiently．Inthiswork,thecustomerfeaturesare
theinputsoftheKＧmeansalgorithm,whichislistedinTable
I．Thereare１０featuresforeverycustomer,wherethefirst
eightfeaturesarecollectedfromcustomersandgatheredby
smartmeters．Moreover,flexibilityandinterruptiontolerance
factorsareextractedfromhistoricaldataastwonewfeatures．
Inthefollowingsubsections,moredetailsareincludedanddisＧ
cussed．

Table１　Clusterfeatures

Index Description
１ Buildingtype
２ AmountofPV

３ Houseconstructionyear

４ Totalsquarefootage

５ Totalroomnumber

Index Description
６ Totalappliancenumber

７
Totalenergyconsumption
oflastmonth

８
PowergeneratedbyPV
inlastmonth

９ Flexibilityfactor
１０ Interruptiontolerancefactor

４．１　FlexibilityFactor
Theflexibilityfactorofapplianceacanbedefinedasthe

standarddeviationoftheelectricityconsumptiondistribution．
Therefore,theflexibilityfactorofcustomerucanbeachieved
as:

l(u)＝ ∑
a∈Au

σu,awa (１７)

whereσu,adenotesthestandarddeviationofappliancea’senＧ
ergyconsumptiondistributionextractedfromthehistorical
energyconsumptiondata,andwa indicatestheweightappＧ
liancea,whichiscalculatedas:

wa＝ powera

∑
a′∈Au

powera′
(１８)

wherepoweraisthepowerofappliancea．Asmallerflexibility
factormeansthatcustomermaytendtotakefewerDRreＧ
sponsibilities．Onthecontrary,thecustomerwithahigher
flexibilityfactorwilltakemoreDRresponsibilities．
４．２　InterruptionToleranceFactor

Theinterruptiontolerancefactorinteru,aforappliancea
denotestheaverageinterruptiontimesperday．AsaforemenＧ
tioned,customer’sinterruptiontolerancecanbeobtainedas:

i(u)＝ ∑
a∈Au

interu,a (１９)

Withaninterruptiontolerance,thecustomeroftenwants
touseappliancescontinuously．Incontrast,acustomerwitha
largerinterruptiontolerancefactorwillbemoreeagertoacＧ
ceptmoreinterruptionsduringtheapplianceoperation．
４．３　OptimizationFrameworkFormulationBasedonCustomer

Clustering
　　CustomersaredividedintoCclustersbyleveragingthe
KＧmeansclusteralgorithm．Customersindifferentclustersare
differentinthedissatisfaction,unfairness,andelectricitycost．
Withthevariousparametersettings,fordifferentclusters,the
DRschemeshouldgeneratedifferentstrategies．Inclusterc,

thetotalexpenditurefunctionisdefinedas:

Ucluster
c,t ＝∑

u∈c
(ac􀅰funs

u,t(ju,t)＋βc􀅰funf
u,t(ku,t)＋

γc􀅰fcost
u,t(Etot

u,t)) (２０)

whereαc,βcandγcarethecustomercoefficientsinclustercfor
thedissatisfactionlevel,unfairnesslevel,andelectricitycost．It
holdsthatαc ＋βc＋γc ＝１．Thus,theobjectiveoftheDR
schemeisto minimizethetotalexpendituresforcustomers
duringthesystemoperation．TheenergyconsumptionscheduＧ
lingproblemcanbeformulatedasthefollowingoptimization

problem:

min∑
C

c＝１
　∑

T

t＝１
Ucluster

c,t ,s．t．(１)－(２０) (２１)
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Thisproblem is a mixedＧintegerlinear programming
(MILP)problem．Thecalculationoftheunfairnessdegreein
theDRschemeinvolvesthecomparisonwithothercustomers’

electricityconsumption,sotheoptimalsolutiontotheproblem
needstobesolvedasawhole．Whenthenumberofcustomers
increases,itwillnotbeabletosolvetheoptimalsolutionina
tolerabletime．So we proposean optimizationframework
basedonclusteringanddeeplearningtosolveitmoreeffiＧ
cientlyinSection４．

５　OPTIMIZATIONFRAMEWORKBASEDONCLUSＧ
TERINGANDDEEPLEARNING

　　ConsideringthecomputationalcomplexityofEq．２１,we

proposeanoptimizationframeworkbasedonclusteringand
deeplearningtosolveitmoreefficiently．Fig．３demonstrates
thatthewholeoptimizationframeworkcanbedividedintotwo
stages:thedatapreparationstageandthenetworktraining
stage．AssumingthattherearecurrentlyT０ daysofcustomＧ
ers’electricitydata,itisdividedintoT１,T２and１day(T０＝
T１＋T２＋１)fordatapreparation,networktraining,andmethＧ
odperformanceverificationrespectively．
５．１　DataPreparationStage

Inthedatapreparationstage,eachlargecustomercluster

generatedinSection３isfurtherdividedintoseveralsmall
clustersofthesamesizebyusingtheSameＧSizeKＧmeansVaＧ
riation(SSKＧmeans)[３０]．Eachsmallclusterisregardedasa
separatevirtualoptimizationgroup．AccordingtoEq．２１,the

globaloptimalsolutionisobtainedbyusingtheMOSEKtoolＧ
kit[３１],andtheoptimalvirtualenergyconsumptionofcustoＧ
mersineachsmallclusterafterDRisobtained．Thenthe
frameworkcalculatesandsolvestheDRschemeagaininthe
largecluster．Accordingto Eqs．１４and１５,eachcustomer
needstocomparewithothercustomers’energyconsumption
whencaＧlculatingthedegreeofunfairness．Atthistime,the
comparisonvalueusesthevirtualenergyconsumptionsolved
foreachcustomerinthesmallclusterintheabovestep．Inthis
way,themixedsolutionofmultiplecustomerscanbedivided
intouniquesolutionsofsinglecustomers．Theframework
solvestheproblemvertically,T１daysinturn．AfterthecomＧ

pletionofthedatapreparationstage,theenergyconsumption
ofeachcustomerafterDR withalengthofT１ daysisobＧ
tained．ItthenentersthenetworktrainingstagewhensuffiＧ
cientpreＧtrainingdataiscollected．
５．２　NetworkTrainingStage

Inthenetworktrainingstage,thefirststepistotrainan
LSTMnetworkforeachcustomerusingtheenergyconsumpＧ
tiondatacollectedinthedatapreparationstate．Thenweuse
LSTMtopredicttheenergyconsumptionofcustomersafter
DR．ThesumoftheresultsobtainedbyLSTM maybeinconＧ
sistentwiththetotalpowerdemandofcustomers．ForexamＧ

ple,thetotalenergyconsumptionofthepredictedresultsis

greaterorlessthanthehistoricalenergyconsumptionofcusＧ

tomers．Thusitneedstobecorrectedaccordingtocertain

rules．Afterthecorrection,wetakethedatatothelargeclusＧ

terforcalculationandsolution．Whencalculatingthedegreeof

unfairnessaccordingtoEqs．１４and１５,theenergyconsumpＧ

tionofothercomparisoncustomersusesthemodifiedLSTM

predictionresultscorrespondingtoeachcustomer．AfterobＧ

tainingeachcustomer’soptimalDRschedulingresultsunder

constraint,theenergyconsumptiondataisaddedtothetraiＧ

ningdatasetofthecorrespondingcustomers’LSTM netＧ

works．Thenthe LSTM networkofeachcustomerisreＧ

trained,andtheT２daysofdataissuccessivelyaddedtograＧ

duallyenhancethepredictionabilityoftheLSTM network．

Finally,thenetworktrainingstageiscompleted．TheLSTM

networksofcustomerscanpredicttheenergyconsumptionof

customersafterDR．

５．３　CorrectionofPredictionResults

Forcustomeru,wedefinethecorrespondingenergyconＧ

sumptionpredictedbytheLSTM networkattimeslottas

Elt
u,t．Thentheenergyconsumptionsetofcustomerupredicted

bytheLSTMnetworkisElt
u,t＝{Elt

u,１,Elt
u,２,􀆺,Elt

u,t}．ThepreＧ

dictedenergyconsumptiondataandthecustomer’shistorical

energyconsumptiondataaresubjecttothefollowingconＧ

straint:

∑
T

t＝１
Elt

u,t＝∑
T

t＝１
Etot

u,t (２２)

Ifthepredictionresultsofacustomer’sLSTMnetwork

can’tmeettheaboveconstraints,weneedtomodifythepreＧ

dictionresultsbeforetheycanbeusedinthenextstep．The

processofpredictionresultcorrectionisdividedintothree

steps:１)correctionofabnormallargevalues,２)correctionat

nonＧschedulingtimeslots,and３)correctionatschedulingtime

slots．
(１)CorrectionofAbnormalLargeValues:Correctionof

abnormallargevaluesistoreduceandcorrectthedatalarger

thanthemaximumvalueofhistoricalenergyconsumptiondata

inthepredictionresults．Accordingtothecalculationmethod

ofenergycostinEq．１６,additionalenergyconsumptiondeviaＧ

tionleadstogreaterexpenditure,soitisimpossiblethatthe

totalenergyconsumptionafterDRatacertaintimeslotis

greaterthanthemaximumhistoricalenergyconsumptionon

thedayofdispatching．Letemax
u indicatesthemaximumamount

ofenergyconsumedbycustomeruinthehistoricalenergy
consumptiondata,thenwehave:

emax
u ＝ max

t∈{１,２,􀆺,T}
E
~tot
u,t (２３)

LetepowerMax
u,t denotesthepowerthatcustomerureceivesin

theprocessofcorrectingabnormallargevaluesoftimeslott,

epowerMax
u denotestheabnormalpowervaluethatcustomeruobＧ

tainsintheprocessofcorrectingabnormallargevalues,and

TpowerMax
u denotesthetimeslotsetwhenthepredictedresultof
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customeruisgreaterthanthemaximumvalueofhistorical

energyconsumptiondata,sowehave:

epowerMax
u,t ＝max{０,Elt

u,t－emax
u }

epowerMax
u ＝∑

T

t＝１
epowerMax

u,t TpowerMax
u ＝{tepowerMax

u,t ＞０,∀t∈T}
(２４)

Inaddition,theelementsintheenergyconsumptionset

Elt
u,tpredictedbytheLSTMnetworkarechangedto:

Elt
u,t＝Elt

u,t－epowerMax
u,t (２５)

(２)CorrectionatNonＧschedulingTimeSlots:InSection

２,Iu,a,tindicateswhethercustomeru’sapplianceaisworking
ornotintimeslott．Itmeansthattheremayexisttimeslots

inwhichonlyfixedloadsareworking．ThenonＧschedulable

timeslotsofcustomeru’sadjustableloadsandschedulable

loadscanbedefinedas:

TpowerNoTime
u ＝{t|Iu,a,t＝０,∀a∈CCu∪Su,∀t∈T} (２６)

LetepowerNoTime
u,t denotestheabnormalpowervalueofcusＧ

tomeruattimeslottthroughStep２)．Itiscalculatedas:

epowerNoTime
u,t ＝Elt

u,t－Efix
u,t,∀t∈TpowerNoTime

u (２７)

andtheabnormalpowervalueofcustomeruinstep２)iscalＧ

culatedas:

epowerNoTime
u ＝ ∑

t∈T
powerNoTime
u

epowerNoTime
u,t (２８)

TheresultofLSTMnetworkpredictionshouldequalthe

energyconsumptionoffixedloads．SothecalculationofpreＧ

dictionresultaftercorrectionatnonＧschedulingtimeslotsis

asfollows:

Elt
u,t＝Efix

u,t,∀t∈TpowerNoTime
u (２９)

(３)CorrectionatSchedulingTimeSlots:ThroughStep
１),themaximumvalueofthepredictedresultislessthanthe

historicalmaximumvalueofcustomeru’senergyconsumption

data．TheenergyconsumptionatnonＧschedulingtimeslots

equalstheenergyconsumptionoffixedloadsafterapplying
Step２)．FortheabnormalpowervaluesobtainedinSteps１)

and２),thepredictionresultsneedtobefurthercorrectedin

theschedulingtimeslots．InEq．１８,theweightfactorwais

calculatedfromthepower．Forcustomeru,theenergyweight

intimeslottcanbecalculatedas:

wu,t＝ ∑
a∈Au

Iu,a,t∗wa (３０)

Thenthetotalenergyweightofcustomeruisdefinedas:

wu＝ ∑
t∈T\T

powerMax
u ∪TpowerNoTime

u )
wu,t (３１)

Inthecorrectionstep,thelargertheenergy weightof

timeslottis,thelargertheabnormalpowerallocatedshould

be．Therefore,thecorrectionofthepredictionresultofthe

LSTMnetworkinschedulingtimeslotsisasfollows:

Elt
u,t＝Elt

u,t＋wu,t

wu
(epowerMax

u ＋epowerNoTime
u ) (３２)

UponcorrectionofSteps１),２)and３),thepredictionreＧ

sultsoftheLSTMnetworkcorrespondingtocustomeruwill

meettheconstraintsofEq．２２andDRscheme．

６　COMPARISONS

Toillustratethebenefitsoftheproposedoptimization

framework,aseriesofbaselinemethodsarecomparedinthis

paper．

６．１　Random

ItdoesnotusethedataofpreviousT０－１daysandisdiＧ

rectlyverifiedonthedataofthelastdaygeneratedfromthe

datapreparationprocessinFig．３．Thecustomersinlarge

clustersaredividedintosmallequalＧsizeclustersrandomly．

Fig．３　Optimizationframeworkbasedonclusteringanddeeplearning
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６．２　SSKＧmeans

Thismethodisdirectlyvalidatedonthedataofthelast

daygeneratedfromthedatapreparationprocessinFig．３．

Whenlargeclustersarefurtherdividedintosmallclusters,the

equalＧsizeclusteringalgorithmisapplied．

６．３　SSKＧmeans＋ LSTM

Thismethodmakesfulluseofthedatabetweendaysof

T１andT２andfollowsthewholeprocessdescribedinSection４．

Aftertrainingeachcustomer’sLSTMnetwork,thepredicted

andcorrectedresultsoftheLSTM networkareusedasthe

energyconsumptiondataofothercustomerswhencalculating

customers’unfairnessdegrees．MOSEK solvestheenergy

consumptiondataofasinglecustomeraftertheDRscheme．

６．４　Best

Basedonthedataofthelastday,weusethe MOSEK

toolkittofindtheoptimalsolutiondirectly．Itispossibleto

usetheMOSEKtoolkittofindtheglobaloptimalsolutionin

anacceptabletimewhentheclusterisnotlarge．

７　SIMULATIONRESULTS

NumericalexperimentsareconductedtoshowtheeffecＧ

tivenessoftheproposedDRschemebysettingdifferentsysＧ

tem parametersinthissection．Inthiswork,theresidential

energy consumption datais collected from Pecan Street

Inc．Dataport２０１６[３２]．Basedonthedataset,customercharaＧ

cteristicsareextracted．Thisdatasetincludestheelectricity

consumptiondataperminuteineachhouseholdinacommuniＧ

tylocatedinAustin,Texas．Then,theelectricvehicles(EVs)

areconsideredasadjustableloads,whiledishwashersaretreaＧ

tedasschedulableloads．

７．１　ClusteringParameterAnalysis

TheKＧmeansalgorithmisusedtoachievethecustomer

clustersinthecommunitybasedon１０features．Wefirstuse

thePearsoncorrelationcoefficienttomeasuretheselectedfeaＧ

tures[３３]．Fig．４showsthePearsoncorrelationcoefficienttherＧ

modynamicdiagramofthefeatures．Itcanbeobservedthat

thereisnocorrelationcoefficientabove０．８,whichindicates

thatthefeaturesusedinthismethodhavenostrongcorrelaＧ

tionandcannotbereplaced．

KＧmeansisakindofunsupervisedmachinelearningalgoＧ

rithm．Becausethelabelsoftrainingdataareunknown,the

clusteringeffectisdifficulttoevaluateanddisplayintuitively．

Inthispaper,theeffectofclusteringisevaluatedbytheSilＧ

houetteCoefficient[３４]．Itcanevaluatetheimpactofdifferent

algorithmsordifferentoperationmodesonclusteringresults

basedonthesamedatabycombiningtwofactorsofcohesion

andseparation[３５]．

Fig．４　Pearsoncorrelationcoefficientsofclusteringfeatures

Fig．５showstheSilhouetteCoefficientsofdifferentclusＧ

tersunderthesameKＧmeansalgorithmparameters．Thevalue

oftheSilhouetteCoefficientreachesthemaximum whenthe

numberofclustersis３．Therefore,wesetthenumberofclusＧ

tersto３forfurtheranalysis．

Fig．５　SilhouetteCoefficientswithdifferentnumbersofclusters

７．２　ParameterSetting
Thelengthofeachtimeslotissetas１５min．TheoverＧ

alllengthforschedulingissetasoneday,i．e．,T＝ {１,􀆺,

９６}．Withoutlossofgenerality,theavailablechargingtimeinＧ

tervalsforelectricvehiclesrangebetween１２∶００AMto７∶００

AM,and８∶００PMto１２∶００PM．Ebase
u,a iscollectedfromthe

historicaldata,andtheelasticitiesofalladjustableloadsare

setasγdown
u,a ＝１．０andγupper

u,a ＝１．１５．Theoperationtimeinterval

fortheschedulableloadsisachievedaccordingtothehistorical

energyconsumptiondata．TheparametersofthedissatisfacＧ

tiondegree,unfairnesslevelandtotalenergycostaremuns＝

munf＝０．０１,nuns＝nunf＝０．０５,andmcost＝０．００５andncost＝

０．０８．

Thequantityofcustomerclustersissetas３,asshownin

Table２．Then,threeDRschemesareevaluatedagainsteach

otherwithdifferentparametersettings．ForSchemeI,custoＧ

mersfromdifferentclustersfocusonvariousfactors．Scheme

IIisdefinedasabaselinescheme,wheretheclusterisgrouped

bycustomerswiththesamepreferencesonthedissatisfaction
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level,unfairnesslevel,andelectricitycost．InSchemeIII,the

customerstrytominimizethetotalamountofenergyexpendiＧ

tureandignoreotherfactors．Toevaluatetheeffectivenessof

allschemes,weselecttwomainperformancemetricsincluding

thesystemPARandelectricitymonetaryoverhead．InthefolＧ

lowingsubsections,moredetailsareincludedanddiscussed．

WefirstuseKＧmeanstoclusterallcustomersinto３clusＧ

tersandthenselect１０customersfromeachcluster．

７．３　PredictionResultEvaluationBasedonDeepLearning
　　ForeachLSTMnetworkusedfortraining,theinputisa

６Ｇdimensionalvector:thedayoftheweek,whetherthecurrent

dayisaholiday,thecurrenttimeslott,thehistoricalenergy

consumptionattimeslott－１ofthecustomer,thehistorical

energyconsumptionattimeslottofthecustomer,andtheenerＧ

gyconsumptionofthecustomerafterDRattimeslott－１．

Theoutputisthepredictedenergyconsumptionofcustomeru

afterDRattimeslott．IntheLSTM networkstructure,the

morehiddenlayers,thebetterthetrainingeffectofthenetＧ

work,butitwilltakealongertimetotrainthenetwork．

Therefore,thispaperusestwohiddenlayersandeitherhas５０

LSTMunits．

Table２　Differentparametersofclusters

Scheme ClusterName
ParameterSet

α β γ

SchemeI
ClusterI ０．３ ０．３ ０．４
ClusterII ０．２ ０．２ ０．６
ClusterIII ０．１ ０．１ ０．８

SchemeII ClusterI,II,III ０．２ ０．２ ０．６
SchemeIII ClusterI,II,III ０ ０ １．０

Table３showstheaveragemeanabsolutepercentageErＧ

rors(MAPE)ofthepredictionresultsofeachcustomer’s

LSTMnetworkonthelastdayofcomparison．Manypiecesof

researchare based onstatic LSTM systems,thatis,the

groundtruthvaluesarepreparedinadvance．Inthispaper,the

methodofusingLSTMisdynamic．Thatistosay,theground

truthvaluescorrespondingtothepredictionresultsofthe

LSTMnetworkarenotpreparedinadvance,butthedataobＧ

tainedafterusingthepredictionresultsintheoperation．

Therefore,thecustomers’MAPEsofoursystemarehigher

thanthoseofthestaticsystem．Meanwhile,aftertheresult

correctionsteps,theMAPEsofthemodifieddataaresignifiＧ

cantlylowerthanthoseoftheoriginalpredictionoutput．

Table３　Mapesofdifferentmethods
(unit:％)

Method Min Max Average
LSTM １０．７２ ２７．２４ １８．７７

LSTM ＋ Correction ５．９４ ２４．３１ １４．５９

７．４　PerformanceAnalysisofDRSchemeandOptimization

Framework

　　Fig．６showsthecomparisonoftheoverallenergyconＧ

sumptionofthefouralgorithmsbeforeandafterDR(SchemeI)．

Table４showsthestatisticsofPARandelectricitycharge

changesofthefouralgorithmsunderdifferentDRschemes．
BasedontheresultsofFig．６andTable４,PARandenergy
consumptioncostofthesystemaresignificantlyreducedunder
thethreeschemes．Amongthem,therandomalgorithmdoes

notconsidercustomers’personalpreferencesandrandomly
dividescustomers,soitsPARreductionisthesmallestamong
thefourcomparisonmethods．SSKＧmeansalgorithmconsiders
thecustomers’personalpreferencesandusestheequalＧsize

clusteringalgorithmtodividecustomersagain,whichreduces

thecomputationscalewhencustomerscomparethefairness
degree．ItsPARreductionis２．０２％ higherthanthatofthe

randomalgorithm．ThealgorithmofSSKＧmeans ＋ LSTM

goesfurther．Itnotonlymakesuseofthecustomers’personal

preferenceinformationbutalsomakesfulluseofthehistorical
data．AlthoughtrainingtheLSTM networkis much more

complexthanthesingleSSKＧmeansalgorithm,thePARreＧ
ductionoftheLSTM networkis１．５１％ higherthanthatof

theSSKＧmeansalgorithm．

(a)TheenergyconsumptionoftherandommethodandtheSSKＧmeansmethod

beforeandafterDR(SchemeI)

(b)TheenergyconsumptionoftheSSKＧmeansmethodandtheSSKＧmeans＋

LSTM methodbeforeandafterDR(SchemeI)

(c)TheenergyconsumptionoftheSSKＧmeans＋ LSTM methodandtheBest

methodbeforeandafterDR(SchemeI)

Fig．６　Energyconsumptionoffourmethodsbeforeandafter

DR(SchemeI)
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AlthoughtheoptimalsolutionoftheSS KＧmeans ＋

LSTMalgorithmis０．８４％ lowerthanthatof MOSEKin

PAR,thewholesetofdataisrequiredforobtainingtheoptiＧ

malsolution．Asaresult,whenthescaleofcustomersbecomes

larger,thesolutioncannotbeobtainedinanacceptabletime,

orevenmaynotbeobtained．AlthoughthemethodofSSKＧ
means＋ LSTMproposedinthispapersacrificesalittlepreＧ

cision,itreducesthecomplexityofcomputationbydecompoＧ

singthewholesolutionintosinglecustomersolutions,which

canbeappliedeveninlargeＧscalescenarios．

SchemeIIIofeachmethodadoptstheparametersetting
ofα＝β＝０andγ＝１,thatis,allcustomersonlycareabout

energyconsumptionbutnotDR．Therefore,thePARsand

averagepricesofthesystem underSchemeIIIofthefour

methodshavethesamevalues．AccordingtoEq．１６,acustoＧ

mer’scostisonlyrelatedtotheenergyconsumptionofeach

timeslot．Atthesametime,thedesignoftheconvexfunction

makeseachcustomerreducetheenergyconsumptionofasinＧ

gletimeslotasmuchaspossibleonthepremiseofmeeting
theenergyconsumptionconstraints．Therefore,theaverage

pricesafterDRinSchemesIandIIofthefourmethodsarealＧ

mostthesame．

InTable４,thePARreductionofSchemeIcorresponding
toeachmethodisbetterthanthatofSchemeII,whichproves

thatforlargeＧscalecustomergroups,itisnecessarytodivide

customersintodifferentcategoriesaccordingtocertainrules,

andfullyconsidertheenergyconsumptionpreferencesofdifＧ

ferentcategoriestoscheduledemandresponsemanagement．

Table４　Parsandaveragecostofdifferentmethodsunderdifferent

schemes

Method Scheme PAR
PAR

Reduced/％
Average
Cost

Cost
Reduced/％

NoDR ２．３８１ － ０．１２９ －

Random
SchemeI １．８１４ ２３．８１ ０．０９９ ２３．２６
SchemeII １．８４０ ２２．７２ ０．０９９ ２３．２６
SchemeIII １．８５５ ２２．０９ ０．０９７ ２４．８１

SS
KＧmeans

SchemeI １．７６６ ２５．８３ ０．０９９ ２３．２６
SchemeII １．８０３ ２４．２８ ０．０９９ ２３．２６
SchemeIII １．８５５ ２２．０９ ０．０９７ ２４．８１

SS
KＧmeans＋

LSTM

SchemeI １．７３０ ２７．３４ ０．０９９ ２３．２６
SchemeII １．７６６ ２５．８３ ０．０９９ ２３．２６
SchemeIII １．８５５ ２２．０９ ０．０９７ ２４．８１

Best
SchemeI １．７１０ ２８．１８ ０．０９９ ２３．２６
SchemeII １．７４９ ２６．５４ ０．０９９ ２３．２６
SchemeIII １．８５５ ２２．０９ ０．０９７ ２４．８１

Conclusion　Inthispaper,weproposeacentralizedresiＧ

dentialDRschemeforreducingcustomerenergycostand

PARsinaSG,whichisdeemedasoneoftheimportant６GenaＧ

bledIIOTservices．TheproposedDRschemeisformulatedas

anoptimizationproblem,wheremultiplefactorsarecompreＧ

hensivelyconsidered．Themainfactorsconsistoftheenergy
consumptionpatternofresidentialappliances,electricitymoＧ

netaryoverhead,customersatisfactionlevel,andfairnessdeＧ

gree．BasedonthecharacteristicsandenergyconsumptionbeＧ

haviorsofvariouscustomers,thecustomerfeaturesareexＧ

tractedfromthehistoricalenergyconsumptiondata．Several

customerclustersareobtainedaccordingtotheachievedfeaＧ

tures,wheredifferentclustersfocusondifferentperformance

factors．Withtheclusterresults,theresidentialappliance

schedulingcanbeimprovedsignificantly．Next,anoptimizaＧ

tionframeworkbasedonclusteringanddeeplearningisproＧ

posedinordertoeliminatethecomputationoverheadinlargeＧ

scalecustomerscenarios．Finally,extensivesimulationexperiＧ

mentsareconductedwithrealＧworlddatasets．Thesimulation

resultsshowthatourproposedDRschemeoutperformsother

baselinealgorithmsin managing residentialappliancesin

termsofenergycostandPARreductions．Inaddition,wealso

evaluatetheimpactsofdifferentparameters,whichmayproＧ

videusefulinsightsforthefurtherdevelopmentofrationalDR

strategies．Withefficientandintelligentenergymanagement,

theproposed methodlayshelpfulsupportforfuturepower

networkstoachievecarbon peakingandcarbon neutrality

goals．
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