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Abstract—Thispaperconsidersenergydisaggregationatsub-
stations(EDS)wheretheobjectiveistoestimatetheconsumption
ofeachloadfromaggregatemeasurements,inwhichwhetheror
notsomeloadsareconsumingpowerisunknowntotheoperator.
TheexistingEDSmethodcannotprovideanyreliabilitymeasure
ofthedisaggregationresults,whilethedisaggregationaccuracy
canvarysignificantlyfordifferentdataduetothevolatility
ofloadssuchasthesolargeneration.Thispaperproposesa
Bayesian-dictionary-learning-basedapproachtodisaggregatethe
loadsandprovidesanuncertainty measureofthereturned
estimation. Ourapproachlearnstheprobabilitydistributions
oftheloadpatternsandthedecompositioncoefficientsfrom
recordeddatawithpartiallabelsattheofflinestage.Inreal-
timedisaggregationoftheobtainedaggregatedata,ourapproach
computesthemeanandcovarianceoftheprobabilitydistribution
ofeachloadconsumption,estimatestheloadusingthe mean,
andcomputestheuncertaintyindexbasedonthecovariance.
Numericalexperimentsindicatethatour methodachievesim-
proveddisaggregationaccuracyovertheexistingEDSmethod,
andtheuncertaintyindexmeasuresthereliabilityofthereturned
estimationaccurately.

IndexTerms—Energydisaggregation,behind-the-metersolar
generation,Bayesiandictionarylearning,uncertaintymodeling

I.INTRODUCTION

Atadistributionsubstation,measurementsaretakencon-
stantlyaboutthenetpowerconsumptionofalltheloads1,
suchasresidentialloads,industrialloads,windandsolar
generations,whilethepowerconsumptionofindividualload
typesisnotdirectlymeasured.Energydisaggregationatthe
substationlevel(EDS)wantstoextracttheenergyconsump-
tionofeachtypeofloadfromtheaggregatednetload
measurements.Theaccurateconsumptionofeachloadtype
isusefulfordistributionsystemplanningandoperations,such
ashostingcapacityevaluation[1],[2],providingrestoration
solutionsfordistributionnetworks[3],[4],netloadforecasting
[5],[6],demandresponseandloaddispatching[7],[8]and
dynamicVolt/Varcontrol[9],[10].EDSbecomesincreasingly
challengingduetothevolatilityofrenewablegenerationssuch
asthebehind-the-meter(BTM)solargenerations.
EDSisdifferentfromenergydisaggregationatthehouse-

holdlevel(EDH)[11]–[14], whichisstudiedunderthe
terminologyofnon-intrusiveloadmonitoring(NILM)[11]–
[17]. Mosthousehold-levelelectricappliancesdemonstrate
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repeatablecharacteristicsandareoftensingle-sateormulti-
statedevices.EDH methodsfirstestimatethepatternsof
individualappliancesfrom measurementsthatcontainone
applianceonlyandthenidentifyappliancesfromthetesting
datausingthesepatterns.Atthesubstationlevel,incontrast,
thepowerconsumptionishighlyaggregatedfromvarious
typesofloads.Itismorechallengingtoobtainmeasurements
thatonlycontainonetypeofloadatthesubstationthanthe
householdleveland,thus,moredifficulttolearnthedistinctive
patternsofdifferentloads.Inaddition,althoughtheoperator
knowsthetypesofloadsconnectedtoasubstation,itmaynot
knowwhetheralltheloadsareconsumingpowerornotina
giventimewindow.Forinstance,theoperatordoesnothave
directinformationaboutwhethertheBTMsolargenerationis
functioningornotataparticulartime.Infact,identifying
theactualamountofgenerationbytheBTMsolarisan
importantandchallengingtask.Intheory,onecandisaggregate
thesolargenerationateachhouseholdfromthesmartmeter
andaddthemtoobtainthetotalsolargeneration[18].If
smart metersarenotavailableateveryhomeorthereis
alargenumberofhouses,solvingEDSdirectlyusingthe
aggregatemeasurementsisapracticalandcomputationally
efficientapproach.
Ref.[19]isthefirstworktoformulatetheEDSasa
deterministicdictionarylearningproblemfromso-called“par-
tiallylabeledaggregatedata.”Notethatduetotheadditive
featuresinpowerconsumption,theproblemformulatedby
[19]differsfromtheconventionaldictionarylearningusing
incompletelabelinformationinimageclassification[20],[21].
BecausesomeloadssuchasBTMsolararevolatile,and
loadpatternsaremaskedintheaggregatedmeasurementsand
difficulttolearnaccurately,itisnaturalthattheestimated
powerconsumptioncontainserrors.The methodin[19],
however,onlyprovidesanestimateofthepowerconsumption
ofeachtypeofloadanddoesnotprovideanyinformation
aboutthereliabilityoftheestimation.Fortheoperatorto
makeaninformativedecision,itisimperativetodevelop
EDSmethodsthatcanprovideanuncertaintymeasureofthe
returnedestimation.Moreover,thedeterministicapproachin
[19]doesnotmodelmeasurementnoiseexplicitly,andthe
disaggregationperformancedegradessignificantlywhenthe
noiselevelishigh.
ThispaperdevelopsaprobabilisticEDSmethodtoesti-
matetheconsumptionofdifferentloadtypesfromaggregate
measurementsandcomputesanuncertaintymeasureofthe
disaggregationresults.Theproposedmethodincludesboththe
offlinelearningthatestimatestheloadpatterns,referredtoas
dictionaries,fromrecordednoisytrainingdataandtheonline
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disaggregationthatseparatestheconsumptionofeachtypeof
loadfromtheaggregatepowerconsumption.Theofflinelearn-
ingproblemisformulatedasaBayesiandictionarylearning
problemwheregivenpriordistributionsofmodelparameters
andtherecordeddata,wecomputetheposteriordistributions
ofthedictionaries.Inonlinedisaggregation,weusethelearned
distributionsofthedictionariestoestimatetheprobability
distributionsofthepowerconsumptionofeachload.Wealso
computeanuncertaintyindexbasedonthesingularvaluesof
thecovariancematrixoftheestimateddistribution.Tothebest
ofourknowledge,thisisthefirstworkonEDSthatprovides
anuncertaintymeasure,whichcanbeusedtoevaluatethe
reliabilityofthedisaggregationresult.Moreover,ourmethod
hasamuchhigherdisaggregationaccuracythanthedeter-
ministicapproachin[19],especiallywhenthemeasurements
arenoisy.Furthermore,theperformanceofthedeterministic
dictionarylearningmethodsdependscriticallyontheprior
selectionofmodelparameterssuchasthedictionarysize,
andtheperformancedegradessignificantlyiftheparameters
arenotselectedproperly.Incontrast,ourmethodbasedon
Bayesiandictionarylearningcanlearnthedictionarysizefrom
dataandisalsomorerobusttoothermodelparameters.
Bayesiandictionarylearning[22]–[24]hasbeenexploited

inapplicationslikeimagedenoisingandobjectclassification.
Tothebestofourknowledge,thispaperisthefirstworkthat
studiestheEDSproblemfromtheperspectiveofBayesian
dictionarylearning. Moreover,conventionalBayesiandictio-
narylearningmethodsrequirethateverytrainingdatapoint
belongstoexactlyoneclassandcannothandlethecase
whenatrainingdatapointisthesumofmultipletypesof
loads.Thispaperprovidesthefirstformulationandsolutionof
Bayesiandictionarylearningfrompartiallylabeledaggregate
data.Ourapproachlearnsthedictionariesofdifferenttypesof
loadsfromaggregatedata,evenwhentheloadtypesineach
trainingdatasamplearenotfullyknown.Thisisageneral
methodologyandcanbeappliedtootherdomainsbeyond
energydisaggregation,aslongasthedataareadditiveof
differentclasses.

A.RelatedWorks

Bothmodel-basedanddata-drivenmethodshavebeende-
velopedtoestimatesolarloadsfromthenetpoint.Themodel-
basedmethods[18],[25]–[27]utilizeparametricmodelstoes-
timateBTMsolargeneration.Theestimationaccuracylargely
dependsontheprecisemeteorologicalandgeographicinfor-
mation,whicharenotalwaysavailableandmaybeexpensive
toobtain.Data-drivenmethods[28]–[33]usuallyrequirehigh-
resolutionhistoricalloadprofiles.Thesetwocategoriesof
methodsdisaggregatesolarloadonlybutnotothertypesof
loads.Refs.[34],[35],[36],[37]disaggregatedifferenttypes
ofloadsfromthefeederlevelatthesubstation,butthey
developparametricmodelsforeachloadandrequireweather
information.
Thenon-intrusiveload monitoring[11]–[17]studiesthe

energydisaggregationproblematthehouseholdlevel.Mostof
existingmethodsrequirerecordedmeasurementsofindividual
appliancestolearnthetypicalfeatures.Variousapproaches

havebeenproposedsuchastrainingdeepneuralnetworks
[13],[38],[39],modelingNILMasfactorialhiddenMarkov
model[12],[40],[41],learningrepresentativepatternsby
dictionarylearning[11],[42],[43],constrainingthestates
ofelectricalappliancesbymixed-integerlinearprogramming
[44],andsolvingmatrixdecompositionproblem[45],[46].
Amongthem,hidden-Markov-model-basedalgorithmsmodel
thediscreteoperatingstatesofhouseholdelectricalappli-
ancesprobabilisticallyandoftenrequirehightemporaldata
resolution.Atthesubstationlevel,thesamplingrateisnot
high,andthecomplexityofmodelingindividualappliancesat
eachhouseholdquicklyexplodesasthenumberofusersin-
creases.Dictionary-learning-basedapproachesaremodel-free
andcomputationallyefficient.Thedisaggregationaccuracycan
beimprovedbypromotingdiscriminativedictionaries[11],
[42],[43]andaddingregularizationconstraints[45].Noneof
theseworkscancharacterizetheuncertaintyofsolutions.
Onlyafewworksmodeltheuncertaintyoftheprediction.
Ref.[6]usesBayesianneuralnetworkstoforecastresiden-
tialloadsandcharacterizetheuncertaintyoftheforecasting
results.Ref.[32]proposestomodeluncertaintyofsolargen-
erationbythefuzzyinterval.Thesemethodsforecastoneload
basedonthehistoricaldataanddonotconsiderdisaggregating
multipleloadsfromaggregatemeasurements.

II.PROBLEMFORMULATION

ThereareC(C >1)typesofloadsintotalconnecting
toasubstation.Aloadisconsideredasapositiveloadifit
consumesthepoweroranegativeloadifitgeneratespower.
Examplesincludebutnotlimitedtoresidentialload,industrial
load,solargenerationandwindgeneration.Notethatina
giventimeinterval,noteveryloadisconsuming/generating
power.Letx∈RP denotethetotalpowerconsumptionat
thesubstationduringatimeintervalwithlengthP.y=
[y1,y2,...,yC]⊆{0,1}C isamulti-labelbinaryvectorwith
sizeCthatindicatestheloadtypesthatexistinx∈RP,i.e.,
yc=1ifloadcisnonzeroinx,andyc=0ofloadciszero
inx.Forexample,whenC=3,y=[0,1,1]Tindicatesthat
loads2and3existinxbutnotload1.
Onlypartialentriesinyareknowntotheoperator,while
whetherornotsomeotherloadsexistinaspecifictime
seriesxisunknown.Thissetupfollowsthe“partiallylabeled
aggregatedata”in[19].Asdescribedin[19],thepartial
labelscanbeobtainedeitherbyengineeringexperience(e.g.,
residentialloadexistsduring7-9pm)orapplyingadetector
forsometypesofload[47],[48].Becausethemeasurements
areaggregatedatthesubstation,adetectormayfailtodetect
theexistenceofsomeloads[49],resultinginpartiallabels.We
alsoremarkthatthescenariowhenallthelabelsareknownis
aspecialcaseofoursetup,andtheproposedmethodinthis
paperforpartiallabelsnaturallyhandlesfulllabelsaswell.
LetX ∈RP×N representNrecordedmeasurements,each
withwindowlengthP.TheithcolumnofX,denotedby
xi,representsthedataattheithinterval.Letyidenote
thecorresponding multi-labelofxi.TheC×N matrix
Y =[y1,y2,...,yN]collectsallthelabels.LetΩdenote
thesetofindiceswhereentriesofY areknown.LetΩ̄be
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thecomplementsetofΩ.Thentheindex(c,n)belonging
toΩmeansthatweknowwhetherloadcisinxnornot.
Otherwise,(c,n)belongstoΩ̄.Thepartiallyknownlabels
arecharacterizedinYΩ.IntheaboveexamplewhereN=1
andC=3,ifoneonlyknowsload2existsinx,andno
informationisprovidedaboutload1and3,thenYΩ canbe
writtenasYΩ=[?,1,?]

T where?denotestheentriesnotin
Ω.
Thengivenatimeseriesofaggregatemeasurementx̂∈
RP,thequestionsthispaperaddressesare(1)whatisthe
correspondingpowerconsumptionofeachloadcin̂x,denoted
byx̂c?(2)Whatistheuncertaintyofthisestimation?

III.BAYESIANENERGYDISAGGREGATIONUSING
PARTIALLYLABELEDAGGREGATEDATA

Followingthedictionarylearningframework,thedictionary
Dc∈RP×Kc containsKcrepresentativepatternsofload
c.Thentheaggregatedataxicanbe writtenasxi =
C
c=1D

cωci+ i,whereω
c
i∈R

Kcrepresentsthecoefficients
forloadc,andirepresentsthenoise.
Fig.1isanoverviewofourproposedapproach.Inthe

offlinetrainingstage(SectionIII-A),themethodinfersKc
andlearnthedistributionsofthedictionariesDcandthe
coefficientsfromtherecordeddataX andthecorresponding
partiallabelsYΩ.Inonlinedisaggregation(SectionIII-B),
basedonthelearnedprobabilisticmodel,themethodcomputes
thedistributionof̂xc,whichistheconsumptionofloadcin
x̂c.Themeanwillbeusedasanestimateofx̂c,andthe
uncertaintymeasureiscalculatedbasedonthecovariance.

A.Bayesiandictionarylearningfrompartiallylabeledaggre-
gatedata

Aprobabilisticmodelisemployedtodescribethedata.
Thehierarchicalmodelisshowninequations(1)to(11),and
visualizedinFig.2.ConventionalBayesiandictionarylearning
usesdatabelongingtoonesameclasstolearnonedictionary.
This modelhereextendsfromthe modelinconventional
dictionarylearningfromtwoaspects.First,aggregatedata
fromCdictionariesratherthanonedictionaryareconsidered
here,asshownin(1).Secondandmoreimportantly,theload
typesthatactuallyexistineachtrainingsamplexiarenot
fullyknown.DifferentfromconventionalBayesiandictionary
learning,oneneedstoadditionallyestimatethefulllabels
(loadtypesthatactuallyexist)ofeachtrainingdatapoint.
Thus,anewbinaryvariableyci isintroducedhereasan
indicatoroftheexistenceofloadcintrainingsamplei.
Foralli=1,2,3,...,N,c=1,2,3,...,C,andk=
1,2,3,...,Kc,

xi=
C

c=1

Dcωci+ i (1)

ωci=(z
c
i sci)y

c
i (2)

dck∼N(0,
1

λd
IP) (3)

zci∼

Kc

k=1

Bernoulli(πck) (4)

πck∼Beta(
a0
Kc
,
b0(Kc−1)

Kc
) (5)

sci∼N(0,
1

γcs
IKc) (6)

i∼N(0,
1

γ
IP) (7)

γcs∼Γ(c0,d0) (8)

γ∼Γ(e0,f0) (9)

yi∼
C

c=1

Bernoulli(φc) (10)

φc∼Beta(g0,h0) (11)

EachcolumnofthedictionaryDc,denotedbydck for
thekthcolumn,issampledfromamulti-variantGaussian
N(0,1λdIP),whereλdisafixedconstant,andIPisaP×P
identitymatrix.Thevectorimodelsthemeasurementnoise
andisfromGaussianN(0,1γIP).Thecoefficientvectorω

c
i

includesthecorrespondingcoefficientsintrainingsamplexi
ofalldictionaryatomsofDc.Asshownin(2),ωcicanbe
viewedasthepoint-wiseproductoftwovectorszciands

c
iin

RKcandthenmultipliedbythevalueyci.
yciisbinaryscalarindicatingtheexistenceofloadcinxi.
Ifyciiszero,ω

c
iisazerovector.y

c
iissampledfromthe

Bernoullidistributionwithφc.φcgovernstheprobabilitythat
loadcexistsintheaggregatedataandisdrawnfromaBeta
distributionwithpre-determinedconstantsg0andh0.
zciisabinaryvectoranditskthentry,denotedbyz

c
ik

indicateswhetherthepatternrepresentedbythekthdictionary
atomofDcexistsinxiornot.Ify

c
i=1andz

c
ik=0,that

meansloadcexistsinxibutthespecificpatternd
c
kdoes

notexistinxi.Thekthentryofz
c
iissampledfromthe

Bernoullidistributionwithπck.π
c
kgovernstheprobabilityof

theexistenceofdckintheaggregatedata.π
c
kisdrawnfrom

aBetadistributionwithpre-determinedconstantsa0andb0.
Asshownin[22],zcigeneratedfromthisprocessissparse,
i.e.,containsmanyzeroentries.Aftercomputingtheposterior
distributionsofπckandz

c
iusingtherecordeddata,onecan

prunethedictionariesbasedonzci.Therefore,Kcaresetas
largevaluesinthepriordistribution,andtheactualdictionary
sizesarelearnedfromthedata.
ThecoefficientvectorsciissampledfromN(0,

1
γcs
IKc).

Twogammapriorsareplacedonγcs andγ withpre-
determinedconstantsc0,d0,e0andf0.Notethatthepriors
inourmodelareallconjugatepriors,whichcansimplifythe
computationofposteriorinthefollowingdiscussion.
LetΘ ={dck,z

c
i,s

c
i,π

c
k,φ

c,γcs,γ,i=1,2,3,...,N,c=
1,2,3,...,C,k=1,2,3,...,Kc}denoteallthelatentvariables.
GivenX andpartiallabelsYΩ,thegoalistocomputethe
posteriorP(Θ,ȲΩ|X,YΩ).FromtheBayesrule,

P(Θ,ȲΩ|X,YΩ)=
P(Θ,X,Y)

P(X,YΩ)
(12)

However,itisdifficulttocompute(12)becausecomputing
P(X,YΩ)requiresmarginalizingoveralltheparametersin
Θ,whichisoftenintractable.
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Fig.1:Anoverallillustrationoftheproposedmethod.Intheofflinestage,themethodlearnstheprobabilitydistributionsofthedictionaries,
thelabelsofexistingdictionaryatoms,thecoefficientsofthedictionaryatoms,andthelabelsoftheexistingloadsfromthetrainingdata.In
theonlinestage,basedonthelearneddictionarydistributions,ourmethodlearnstheprobabilitydistributionsofthecoefficientsandlabels
forthetestingsample.

Gibbssampling[50],astandard MonteCarlo Markov
Chain(MCMC)technique,isemployedheretocompute
P(Θ,ȲΩ|X,YΩ).GibbssamplinggeneratesaMarkovChain
ofsamplesbysequentiallysamplingfromtheconditional
distributionofonevariablegivenallothers,andthestationary
distributionofthe MarkovChainfollowsthedesiredjoint
distribution.Here,wesequentiallysamplefromtheconditional
probabilityofonevariableinΘ andȲΩ givenalltheother
parametersinΘ,Y,andX.Theseconditionaldistributions
canbecomputedexplicitlybecausetheyhavetheknown
formsduetoconjugatepriorsandareproportionaltothejoint
distributionP(Θ,X,Y),whichcanbecomputedexplicitly.
Here,theconditionaldistributionofeachvariablegivenothers
aredirectlyintroduced.Thedetailedderivationsareinthe
supplementarymaterial.p(dck|−)denotestheconditionaldis-
tributionofdckwhilekeepingothervariablesfixed.Thesame
ruleappliestoothernotations.

(I)Sampledck(forallc=1,...,Candk=1,...,Kc),thekth
dictionaryofclassc,fromaGaussiandistributionwithmean
µdck andcovarianceΣdck,i.e.,

p(dck|−)∼N(µdck,Σdck) (13)

where

Σdck=(λd+γ
N

i=1

(zciks
c
iky
c
i)
2)−1IP (14)

Fig.2:GraphicalrepresentationoftheproposedBayesiandictionary
learningmodel

µdck=γΣdck

N

i=1

(zciks
c
iky
c
i)xidck (15)
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andxidck=xi−
C

c=1

Dc(zci sci)y
c
i+d

c
k(z
c
iks
c
ik)y

c
i.(16)

(II)Samplezcik(foralli=1,...,N,c=1,...,Candk=
1,...,Kc)fromaBernoullidistribution

p(zcik|−)∼Bernoulli(
ζ1

ζ1+1−πck
) (17)

where

ζ1=π
c
kexp(−

γ

2
(−2xTidckd

c
k(s
c
iky
c
i)+d

c
k
Tdck(s

c
iky
c
i)
2)).

(III)Samplescik(i=1,...,N,c=1,...,Candk=1,...,Kc)
fromaGaussiandistribution

p(scik|−)∼N(µscik,Σscik) (18)

where
Σscik=(γ

c
s+γ(z

c
iky
c
i)
2||dck||

2
2)
−1 (19)

µscik=γΣscik(z
c
iky
c
i)(d

c
k)
Txidck. (20)

(IV)Sampleπck(c=1,...,Candk=1,...,Kc)fromaBeta
distribution

p(πck|−)∼Beta(
a0
Kc
+
N

i=1

zcik,
b0(Kc−1)

Kc
+N−

N

i=1

zcik).

(21)
(V)Sampleγcs(c=1,...,C)fromaGammadistribution

p(γcs|−)∼Γ(
NKc
2
+c0,

1

2

N

i=1

||sci||
2
2+d0). (22)

(VI)SampleγfromaGammadistribution

p(γ|−)∼Γ(
PN

2
+e0,

1

2

N

i=1

||xi−
C

c=1

Dc(zci s
c
i)y
c
i||
2
2+f0).

(23)
(VII)Sampleunknownlabelsycifor(c,i)in̄Ωdrawnfroma
Bernoullidistribution

p(yci|−)∼Bernoulli(
ζ2

ζ2+1−φc
) (24)

where

ζ2=φ
cexp(−

γ

2
(−2xTiDcD

c(zci sci)+||D
c(zci sci)||

2
2))

(25)

xiDc=xi−
C

c=1

Dc(zci sci)y
c
i+D

c(zci sci)y
c
i. (26)

(VIII)SampleφcfromaBetadistribution

p(φc|−)∼Beta(g0+
N

i=1

yci,h0+N−
N

i=1

yci). (27)

ThedetailsoftheproposedmethodareshowninAlgorithm
1inthesupplementary materials.Thedictionaryineach
iterationisprunedtoreducethecomputationaltimeandobtain

acompactdictionary.Specifically,ineachiteration,givenc
andk,thealgorithmchecksallthetrainingdatathatare
currentlylabeledascontainingloadconly.Ifzcikareallzeros
inallthesetrainingdatai,thedictionaryatomdckisremoved
becauseitdoesnotappearinanyloadcmeasurements.The
correspondingπck,z

c
ik,s

c
ikforalliarealsoremoved.

Vectorxtiistheestimationoftotalpowerconsumptionof

allloadsinxiinthetthiteration.MatrixX
tincludesallthe

x̄tiforalli.ThealgorithmterminatesifthechangeinX
t,

measuredby Xt−Xt−1 F

Xt−1 F
,islessthanpre-definedthreshold

ξ1orifthemaximumnumberofiterationsT1isachieved.
ξisaverysmallconstant.T1canbesetasalargevalue
suchthattheMarkovchainachievesthestationarydistribution
approximately.
Forinitialization,Dcissampledrandomlyfromdatathat
containlabelc.Ifnodatacontainslabelc,Dcissampled
randomlyfromthetrainingdata.zciareinitializedwithall-
onevectors.EveryentryinYΩisinitializedwith1.Giventhe
initializationofthedictionariesDc,thesparsecoefficientsS
areinitializedbythesolutiontosparsecoding[19]in(28).

min
S
X−DS 2+λS 1, (28)

where λ is a regularization constant, and D =
[D1,D2,...,DC]. The 1 norm measuresthesum of
theabsolutevaluesofallentriesinamatrixandpromotes
asparsesolution.S=[S1;S2;...;SC],andtheithcolumn
ofSccontainsscikforallk=1,...,Kc.Algorithm1also
handlesnaturallythecasethatallthelabelsareknown.One
onlyneedstoskiplines3-6inAlgorithm1aboutupdating
unknownyciandφ

c,andeverythingelseremainsunchanged.
Ourprobabilisticmodelandtheproposedlearningmethod
aredifferentfromconventionalBayesiandictionarylearning
suchas[22]–[24].EventhoughRef.[24]considerslearning
CdictionariesusingdatafromCclasses,everytrainingdata
pointin[24]belongstoexactlyoneclass,andthelabelis
correctlyknown.Thus,itisstilltheconventionalproblem
oflearningeachdictionaryseparatelyusingthedatainthat
class.Thefundamentaldifferenceofourproblemsetupfrom
conventionalBayesiandictionarylearningisthateverytraining
samplexicancontainuptoCloads,andtheloadtypes
thatexistinxiarenotfullyknown.Thus,thenewbinary
variablesyciareintroducedinourmodel,andtheprobability
distributionsareupdatedusing(24)and(27),andallthe
unknownyciaresampledbasedonthecurrentlyestimated
distributionineachiteration.

B.Onlineloaddisaggregationanduncertaintycalculation

Inreal-timeoperations,giventheaggregatedatax̂,our
approachestimatestheconsumptionx̂cforloadcusingthe
learnedprobabilitydistributionsintheofflinestage.Aproba-
bilisticmodelx̂isdescribedasfollows.Forallc=1,...,C,
k=1,...,Kc

x̂=
C

c=1

Dc(̂zc ŝc)̂yc+ˆ (29)

dck∼p(d
c
k|X,YΩ) (30)
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x̂c=Dc(̂zc ŝc)̂yc+
ˆ

C
. (31)

ẑc∼

Kc

k=1

Bernoulli(πck), π
c
k∼p(π

c
k|X,YΩ) (32)

ŝc∼N(0,
1

γcs
IKc), γ

c
s∼p(γ

c
s|X,YΩ) (33)

ŷ∼
C

c=1

Bernoulli(φc),φc∼p(φc|X,YΩ) (34)

∼̂N(0,
1

γ̂
IP) (35)

γ̂∼Γ(e1,f1) (36)

Equations(29)-(36)aresimilarto(1)to(11)withtwo
differences.First,thelearnedprobabilitydistributionsof
p(dck|X,Y),p(π

c
k|X,YΩ),p(γ

c
s|X,YΩ),p(φ

c|X,YΩ),as
shownin(30)to(34),fromtheofflinestagearedirectly
employedandnotupdatedintheonlinestage.p(γ|X,YΩ)
issampledoncetoinitializêγ.Second,thepre-determined
parameterse1andf1intheGammadistributionfor̂γ are
differentfromthecounterpartsintheofflinestage.Thatis
becauseintheofflinestagethemethodlearnstheaverage
noisedistributionofallNsamples,whileinthetestingstage,
themethodfocusesonthenoisedistributionofeachindividual
testingsample.
Given x̂,theposteriordistributionsofŷc,ẑck,ŝ

c
k,and

γ̂ arecomputedusingGibbssampling.Theupdatingrules
aresimilartothosein Algorithm1 with minorchanges.
Specifically,oneonlyneedstoreplacexi,y

c
i,z

c
ik,s

c
ik,γ

forthetrainingdatawitĥx,̂yc,̂zck,̂s
c
k,̂γforthetestingdata

inequations(17),(18),(24).Moreover,theupdatingrulefor
γ̂is

p(̂γ|−)∼Γ(
P

2
+e1,

1

2
||̂x−

C

c=1

Dc(zci s
c
i)y
c||22+f1)(37)

ThealgorithmdetailsaresummarizedinAlgorithm2inthe
supplementarymaterials.
Aftercomputingalltheposteriordistributions,onecanesti-

matethedistributionofx̂cfrom(31).Thenusethemeanasthe
estimateoftheconsumptionofloadcandusethecovariance
toestimatetheuncertainty.Becauseitisintractabletoobtain
theclosed-formexpressionoftheprobabilitydistributionof
x̂c,Monte-Carlointegration[51]isemployedtocomputethe
meanandvarianceapproximately.
Tosimplifythenotations,letΨ = {Dc,̂zc,̂sc,̂yc,̂γ}
denotethesetofvariablesrelatedtocomputingx̂c,anddefine

f(Ψ)=Dc(̂zc ŝc)̂yc (38)

Thepredictivemeancanbeapproximatedby

E[̂xc]≈
1

L

l=L

l=1

f(Ψl) (39)

whereeach Ψlisindependentlydrawnfromthelearned
probabilitiesdistributionsofDc,̂zc,̂sc,and̂yc. Whenthe

numberof Monte-CarlosamplesLissufficientlylarge,the
right-handsideof(39)providesaratheraccurateestimateof
themeanofx̂c,whichisusedasanestimateoftheload
cconsumption.Similarly,thepredictivecovariancecanbe
computedby

Var[̂xc]=E[̂xcx̂cT]−E[̂xc]E[̂xc]
T

≈
IP
LC

l=L

l=1

1

γ̂l
+
1

L

l=L

l=1

f(Ψl)f(Ψ
l)
T

−(
1

L

l=L

l=1

f(Ψl))(
1

L

l=L

l=1

f(Ψl)T

(40)

Letσi(i=1,...,P)beallthesingularvaluesofVar[̂x
c].An

uncertaintyindexUcforeachloadcandtheuncertaintyindex
Uallforalloutputloadsaredefinedas

Uc=Σ
P
i=1σi (41)

Uall=Σ
C
c=1Uc (42)

Intuitively,ifarandomvariablehasalargevariance,then
theestimationofitsrealizationmayhavehighuncertainty.
Theuncertaintyindicesin(41)and(42)cancharacterizethis
phenomenon.

C.Theinfluenceofparameterselections

The proposed hierarchical model requires several
hyper-parameters. λd in(3)is a constant and can
besetasthelengthofthetime window. Fourpairs
(a0,b0),(c0,d0),(e0,f0),(g0,h0)ofparametersareusedin
thepriordistributions(5),(8),(9)and(11).Asshownin[22],
c0andd0aresetasverysmallvalues(10

−6bothin[22]
andhere),andtheyarenon-informativepriorsinGamma
distributions,providinglittleinformationtotheexperiments.

Regardingtheotherthreepairs,fixingeitheroneofthe
pairandtuninganotherhassimilarperformance.Forexample,
fixinga0andincreasingb0havesimilarperformancewith
fixingb0anddecreasinga0. Alargerb0leadstoasmaller
meanofthepriordistributionofπck,whichinturnleadsto
morezeroentriesinzci.Similarly,g0andh0affectthenumber
ofzerosinȲΩ. Wheng0isfixed,alargerh0leadstoa
smallerφcand,correspondingly,morezerosinȲΩ.Increasing
f0whilefixinge0leadstoasmallerγ,whichinturnleadsto
alargervarianceofthemeasurementnoise.Becausethese
parametersaffectpriordistributionsonlyandareindependent
ofthedata,theyhavelimitedimpactonthelearnedposterior
distributions.AsonecanseeinSectionIV-C,themethodhas
verysimilardisaggregationperformanceinawiderangeof
parameterselections.

Oneremarkisthatourmethodisrobusttotheinitialdictio-
narysizeKcbecauseitprunesthedictionariesincomputing
theposteriordistribution.Thisisoneoftheadvantagesover
thedeterministicapproachin[19],whichrequiresaccurate
estimationofthedictionarysize.
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IV.NUMERICALEXPERIMENTS

A.ExperimentalSetup

1)Datasets:Thenumericalevaluationsareperformedon
twodatasetsofpartiallylabeledaggregatedata.Thefirstone,
referredtoasthe“Ind-Ind-Solar”dataset,isthesameas
thatin[19].Itcontainsthreetypesofloads,twoindustrial
sitesandonesolargeneration.Theindustrialloadsarefrom
EnerNOCGreenButtonData[52],andthesolargenerationis
fromNationalRenewableEnergyLaboratory(NREL)[53].
Eachmeasurementhasan8-hourtimewindowfrom8:00am
to4:00pmwitha5-minuteresolution.Thepowerconsumption
ofload1(industryloadfromonesite)variesfrom23MWto
73MW,andload2(industryloadfromtheothersite)varies
from39MWto74MW.Thepowergenerationofload3(solar
generation)isfrom4MWand65MW.Allthemeasurements
aredenoisedbyaGaussianfilterandthenaddedtogether
togenerate360trainingsamplesand300testingsamples.
Eachtrainingsampleislabeledwithoneload,althoughit
maycontainuptoallthreeloads.Nolabelisprovidedfor
thetestingdata.γdenotesthepercentageofmeasurementsof
individualloadsinthetrainingdata.γ=70%meansthat70%
ofthetrainingdatalabeledasc(c=1,2,3)containloadc
onlyandthe30%ofdatacontainotherloads.

Theseconddataset,referredtoasthe“Resi-Ind-Solar”
dataset,isconstructedbyreplacingthefirstindustrialload
inthepreviousdatasetwitharesidentialload.Theresidential
loadisfromPecanStreet2andcontains25homesinAustin.
Themeasurementhasan8-hourtimewindowfrom8:00amto
4:00pmwitha15-minuteresolution.Thepowerconsumption
ofresidentialloadvariesfrom12MWto95MW.Wekeepthe
sametimewindowanddown-sampletheindustrialandsolar
loadstothe15-minuteresolution.γissetas70%.

2) Methods:OurproposedBayesianenergydisaggregation
methodatthesubstation(abbreviatedby“B-EDS”)iscom-
paredwiththedeterministicEDSmethodin[19](abbreviated
by“D-EDS”).Otherdictionary-learning-baseddisaggregation
methodssuchas[11]and[45],aswellasdeep-learning-
basedmethods[13],[38],[39]needtrainingdataofindividual
loadstolearneachdictionary.Whenthemeasurementscontain
multipletypesofloadsandarenotfullylabeled,measure-
mentslabeledasloadccaninfactcontainotherloadsin
theEDSproblem,thenthelearneddictionaryofeachload
oftencontainspatternsofotherloads,resultinginsignificant
disaggregationerrors.Thislimitationofthesemethodshas
alreadybeendemonstratedempiricallyin[19],seeTableIII
toTableVin[19]fordetails.Therefore,inthispaper,B-EDS
iscomparedwithD-EDS,whichisthestate-of-the-artmethod
forEDSwithpartiallylabeledaggregatedata.

InB-EDSmethod,Algorithm1isemployedtolearnthe
patternsfromrecordeddata.Algorithm2isimplementedon-
linetodisaggregatereal-timemeasurementsandcomputethe
uncertaintyindex.Ifnototherwisespecified,theparameters
aresetasfollows:a0=1,b0=10

4,c0=10
−6,d0=10

−6,
e0=10

−3,f0=10,g0=1,h0=10
5,e1=10

−6,f1=0.06,
λd=96,ξ1=0.01,ξ2=0.001.Therobustnessofourmethod

2http://www.pecanstreet.org/

totheparameterselectionisdemonstratedinSectionIV-B.
TheinitialvaluesofKc(forallc),π

c
k,φ

c,γcs,γaresetas
10,0.01,0.01,1,100,respectively.λin(28)issetas0.001
toinitializeAlgorithm1and0.01−0.1toinitializeAlgorithm
2.T1is5000,andT2is2000.L=50in(39)and(40).All
thefollowingresultsforD-EDSareaveragedover50times
forafaircomparison.
AlltheexperimentsareruninMATLAB2019onadesktop
with3.1GHzIntelCorei9and32GBmemory.Thetraining
timeforB-EDSisaround50seconds,andthetestingtimefor
eachtestingsampleisaround4seconds.

3)Performanceevaluation:Severalmetricsareemployed
tomeasurethedisaggregationaccuracy.Root MeanSquare
Error(RMSE)[45]isastandard metricto measurethe
disaggregationerror.RMSEcmeasurestheaverageerrorof
disaggregatingloadcfromM aggregatemeasurements.x̂ci
andx̄ciinR

P representtheestimationandtheground-truth
consumptionofloadcintheithsample,respectively.

RMSEc=
ΣMi=1 x̂

c
i−x̄

c
i
2
2

PM
. (43)

Anewmetric,weightedrootmeansquareerror(WRMSE),
isproposedheretomeasuretheweightedaveragedisaggrega-
tionerror,asshownin(44).

WRMSEc=
ΣMi=1

x̂ci−x̄
c
i
2
2

Uc(̂xci)

PΣMi=1
1

Uc(̂xci)

(44)

ComparedwithRMSE,anadditionalweight1/Uc(̂x
c
i)ismul-

tipliedtotheestimationerrorofloadcconsumptioninsample
i,whereUc(̂x

c
i)istheuncertaintyindexoftheestimation̂x

c
i.

Alargeruncertaintyindexindicatesthattheestimationisless
reliable.Therefore,thecorrespondingerrorismultipliedwitha
smallerweightwhencomputingtheoverallerrorinWRMSE.
Fromitsdefinitionin(44),iftheuncertainindexisthesame
forallthetrainingsamples,WRMSEisthesameasRMSE.If
theestimationsthatarelessaccuratehavelargeruncertainty
indices,then WRMSEcanbemuchsmallerthanRMSE.In
fact, WRMSEbeing muchlessthanRMSEindicatesthat
theunreliableestimationcanbeidentifiedbytheuncertain
index.Toseethis,considerasimplecasethattheindividual
reconstructederrorsforthreesamples||̂xci−x̄

c
i||2,i=1,2,3

are80,60and2,respectively.Supposethecorresponding
uncertaintyindicesare64,36,1,respectivelyandP=96.
ThenRMSEis5.90whiletheWRMSEis1.43.Thatisbecause
thefirstsamplehasahighestimationerrorbutitsuncertainty
indexisalsohigh.
TheTotal-Error-Rate(TER)[19]isemployedtomeasure
thetotaldisaggregationerrorofalltheloads,

TER=
ΣMi=1Σ

C
c=1min( x̂

c
i−x̄

c
i1,x̄

c
i1)

ΣMi=1Σ
C
c=1 x̄

c
i1

×100% (45)

TERbelongsto[0,1],andasmallTERcorrespondstoasmall
disaggregationerror.OurB-EDSmethodalsoestimatesthe
labelsinthetestingdata.Thelabelestimationforatesting
sampleiscalledsuccessfuliftheexistenceofeveryloadinthat
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sampleiscorrectlylabeled.Theaverageclassificationaccuracy
(CA)ofM testingsamplesismeasuredby

CA=
Numberofsuccessfulpredictions

M
×100%. (46)

B.DisaggregationPerformance

1)Performanceondenoisedmeasurements:TableIcom-
paresthedisaggregationperformanceofB-EDSandD-EDS
on“Ind-Ind-Solar”datasetwhenthemeasurementsarede-
noisedbeforeimplementingthemethods.Thisisthesetup
consideredin[19]andisusedasabaselinehere.BecauseD-
EDSdoesnotreturntheloadlabelsanduncertainindices,its
classificationaccuracyand WRMSEarenotreported.Both
methodsperformbetterwhen γislarger.B-EDS method
hasahigherdisaggregationaccuracythanD-EDSevenwhen
thedataaredeonised.Oneimportantobservationisthatthe
WRMSEofeachloadbyB-EDSissignificantlysmallerthan
thecorrespondingRMSE.Asdiscussedafter(44),thisindi-
catesthatthoseinaccurateestimatesareaccompaniedbylarge
uncertaintyindices,andonecanindeedusetheuncertainty
indextoevaluatethereliabilityoftheestimation.Althoughthe
RMSEofB-EDSisonlyslightlybetterthanthatofD-EDS
ondenoiseddata,the WRMSEofB-EDSismuchsmaller
thanitsRMSE.ThatshowsB-EDScandifferentiatereliable
andunreliableestimates,andtheaverageerrorofthosereliable
estimates,i.e.,withsmalluncertaintyindices,aremuchsmaller
thantheaverageerrorofalltheestimates.

TableI:DisaggregationperformanceofB-EDSandD-EDSon“Ind-
Ind-Solar”datasetwithdenoiseddata

B-EDS D-EDS
γ=70% γ=50% γ=70% γ=50%

RMSE1 5.89 7.03 6.63 7.43
RMSE2 5.14 5.29 5.12 6.12
RMSE3 5.67 6.54 6.11 6.31
WRMSE1 0.16 0.23 - -
WRMSE2 0.13 0.17 - -
WRMSE3 0.13 0.22 - -
TER 8.69% 10.89% 9.91% 11.63%
CA 95.00% 92.67% - -

2)Performanceonnoisymeasurements:Thesetwometh-
odsarealsocomparedwhenthedataarenoisy.Gaussiannoise
i.i.d.drawnfromN(0,σ2)areaddedtoeverydenoisedag-
gregatemeasurementinboththetrainingandtestingsamples.
Hereb0=1andotherparametersarethesameasinSection
IV-A.TableIIshowsthatB-EDSismuchmorerobusttonoise
thanD-EDS.Ondenoiseddata,theTERofB-EDSis1%
betterthanthatofD-EDS(TableI),correspondingtoabout
10%performanceimprovement. Whenσisbetween1and
3,theTERofB-EDSis2.5-3%lowerthanthatofD-EDS,
whichcorrespondstoabout25%performanceimprovement.
ThatindicatesB-EDShandlesnoisemuchbetter.Bothmeth-
odsarealsoevaluatedontheoriginalmeasurementsbefore
denoising.B-EDSagainperformsmuchbetterthanD-EDS.
Moreover, WRMSEofB-EDSissignificantlysmallerthan
thecorrespondingRMSE.
ThedictionarysizeinD-EDSisselectedtoachieveapre-

definedapproximationthresholdofthetrainingdata.There-
fore,thedictionarysizesK1andK2andK3increasesignif-

icantlywhenthenoiselevelincreases.Forafaircomparison,
theinitialdictionarysizesinB-EDSissetthesameasthose
inD-EDS.BecauseB-EDSmodelsthenoisedirectlyandcan
prunethedictionaryaccordingly,onecanseethatthefinal
dictionarysizesaremuchsmallerthanthatofD-EDSand
consistentunderdifferentnoiselevels.

TableII:DisaggregationperformanceofB-EDSandD-EDSon“Ind-
Ind-Solar”datasetwhendatacontainnoises(γ=70%)

B-EDS D-EDS
σ=1 σ=3 original σ=1 σ=3 original

RMSE1 7.06 7.08 7.09 9.00 11.03 10.81
RMSE2 5.58 6.18 6.24 4.88 6.17 5.79
RMSE3 6.50 5.99 7.20 9.30 8.51 10.48
WRMSE1 3.06 3.39 3.59 - - -
WRMSE2 0.14 0.16 0.11 - - -
WRMSE3 0.16 0.11 0.14 - - -
TER 10.17% 10.99% 12.44% 12.66% 14.08% 15.18%
CA 94.67% 95.67% 94.67% - - -
K1 2 2 2 13 44 22
K2 3 2 3 10 42 46
K3 2 3 2 16 46 24

3)Impactoflabelerrors:Thedisaggregationperformance
ofB-EDSwithpartiallabelerrorsisevaluatedonthedenoised
“Ind-Ind-Solar”dataset.γ=70%.ρdenotesthepercentage
oferroneouslabelsamongallavailablelabels.Theerroneous
patternsincludesettingthelabelsofpureload1measurements
as“load2,”settingthelabelsofpureload2measurementsas
“load3,”andsettingthelabelsofpureload3measurements
as“load1.”Theresultswithoutlabelerrorsarerepeatedinthe
firstcolumnofTableIIItocompare.OnecanseethatB-EDS
isnotsensitivetolabelerrors.Theaverageperformancesuch
asRMSE,TER,andCAdegradeslightlywhenρincreases.
AninterestingobservationisthatWRMSEalwaysstayssmall
anddoesnotchange muchwhenρchanges.That means
althoughalargepercentageofwronglabelscanleadtoerrors
intheestimationofsomeloads,thoseinaccurateestimates
areaccompaniedbyhighuncertainindicesandcanthusbe
identifiedbytheoperator.

TableIII:ThedisaggregationresultsofB-EDSwithlabelerrorson
“Ind-Ind-Solar”dataset(γ=70%,σ=0)

ρ 0 5% 10% 15%
RMSE1 5.89 8.60 7.92 8.16
RMSE2 5.14 5.60 5.14 6.46
RMSE3 5.67 7.26 7.47 7.28
WRMSE1 0.16 0.27 0.21 0.21
WRMSE2 0.13 0.14 0.14 0.15
WRMSE3 0.13 0.16 0.15 0.16
TER 8.69% 10.90% 11.40% 12.01%
CA 95.00% 91.33% 92.33% 91.67%

4)Performanceonthe“Resi-Ind-Solar”dataset.:TableIV
comparesthedisaggregationperformanceofB-EDSandD-
EDSonthe“Resi-Ind-Solar”datasetγ=70%.Alltheother
parametersarekeptthesameexceptthatb0=1,f0=1and
f1=0.003.Similartotheperformanceon“Ind-Ind-Solar”
dataset,theTERofB-EDSisaround1%higherthanthatof
D-EDSondenoiseddata,correspondingto8%performance
improvement.Whenthemeasurementsarenoisy,B-EDShasa
muchhigherdisaggregationaccuracythanD-EDS:TERofB-
EDSis3%smallerthanthatofD-EDS,correspondingto25%
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performanceimprovement. Moreover,the WRMSEforthe
residentialloadbyB-EDSishigherthanthoseforindustrial
andsolarloads.Thatisbecausetheloadpatternsofresidential
loadsaremorevolatilethanothers,leadingtolessaccuracy
thanotherloads.

TableIV:DisaggregationperformanceofB-EDSandD-EDSon
“Resi-Ind-Solar”datasetwithdifferentnoiselevel(γ=70%)

B-EDS D-EDS
σ=0 σ=1 σ=3 σ=0 σ=1 σ=3

RMSE1 9.03 9.88 10.17 8.25 9.34 11.39
RMSE2 8.74 8.51 8.74 9.14 9.54 8.53
RMSE3 5.41 7.06 6.37 6.70 9.88 11.97
WRMSE1 6.54 7.30 9.32 - - -
WRMSE2 0.12 0.14 0.13 - - -
WRMSE3 0.05 0.07 0.07 - - -
TER 14.07% 15.42% 16.72% 15.28% 18.28% 19.94%
CA 93.00% 92.00% 91.33% - - -
K1 3 3 3 4 5 16
K2 3 3 3 4 5 15
K3 4 3 3 4 6 17

C.Theinfluenceofparameterselections

TableV:Theinfluenceofb0(a0isfixedanda0=1)

b0 1 10 102 103 104 105

TER 12.35% 10.29% 11.08% 11.42% 8.69% 10.80%
CA 92.33% 94.33% 93.00% 92.33% 95.00% 92.33%

Theimpactofthehyperparametersinthepriordistribu-
tionsontheperformanceofB-EDSarestudiednumerically.
FollowingthediscussioninSectionIII.C,wemainlyfocuson
thethreepairs(a0,b0),(e0,f0),(g0,h0),andfixonewhile
varyingtheotherineachpair.TableVshowstheimpact
ofvaryingb0whilefixingotherparameters.Onecansee
thatB-EDSachieveslowdisaggregationerrorswithawide
rangeofb0.Therefore,thealgorithmisnotsensitivetothe
selectionofb0.TableVIdemonstratesthatincreasingtheh0
improvestheclassificationaccuracyandh0canbeselected
fromawiderange.TableVIIshowstheimpactoff0while
otherparametersarefixed.OnecanseethatB-EDSisalso
notsensitivetotheselectionoff0.

TableVI:Theinfluenceofh0(g0isfixedandg0=1)

h0 104 105 106 107

TER 11.67% 8.69% 10.71% 11.47%
CA 88.33% 95.00% 95.00% 91.67%

TableVII:Theinfluenceoff0,(e0isfixedande0=10
−3)

f0 1 5 10 15 20 25
TER 9.74% 9.80% 8.69% 10.13% 11.75% 11.60%
CA 94.33% 94.33% 95.00% 93.67% 91.33% 92.00%

B-EDSisrobusttotheinitialdictionarysizeandprunesthe
dictionariesincomputingtheposteriordistribution.InTable
VIII,letKcdenotetheinitialdictionarysizesofallthree
loadsandvaryKc.Onecanseethatthefinaldictionarysizes
aremuchsmallerthantheinitialvaluesduetothepruning.
Moreover,thedisaggregationandclassificationperformance
areconsistenteventhoughthereareminordifferencesinthe
finaldictionarysizes.

TableVIII:Theinfluenceofinitialdictionarysize

InitialKc 6 10 14 18 22 26
TER 10.92% 8.69% 9.41% 11.05% 10.23% 10.31%
CA 92.00% 95.00% 92.67% 92.33% 95.33% 92.67%
K1 3 5 7 6 8 10
K2 4 7 9 8 8 10
K3 4 6 6 8 8 9

D.Theuncertaintyindextomeasurethereliabilityofthe
results

TableIX:Theuncertaintyindexandthedisaggregationperformance
withdifferentcases

Case1 Case2 Case3 Case4 Case5
U1 182.17 143.89 318.89 0.13 129.35
U2 294.26 331.58 129.25 0.13 616.57
U3 196.08 272.35 408.42 943.39 705.54
Uall 673.52 748.81 858.56 971.02 1451.47

B-EDSTER 2.86% 4.37% 5.29% 15.95% 12.22%
D-EDSTER 6.56% 8.59% 9.01% 20.26% 18.02%

OnemainadvantageofB-EDSoverD-EDSisthatB-EDS
providestheuncertaintyindexofthereturneddisaggregation
result,andtheuserscanusetheuncertaintyindextoevaluate
thereliabilityoftheresults.Fivecasestudiesareprovided
heretodemonstratetheeffectivenessofuncertaintyindex.

• Case1containsthreeloadsandisrandomlyselectedfrom
thetestingsamplesusedinTableI.Itisusedasabaseline
case.

• Case2usesthesamedataasCase1butaddsani.i.d.
GaussiannoisefromN(0,32)toeverydatapoint.

• Case3addsani.i.d.noisefromN(0,52)toeverydata
pointofthedatainCase1.

• Case4containsonesolarloadonly,butitspatternis
differentfromthesolarpatternsinthetrainingdata.

• Case5containsthreeloads,andthesolarloadhasa
differentpatternfromthetrainingdata.

Fig.4visualizesthedifferentpatternsofsolargenerationin
thetrainingandtestingdataforcases4and5.
Fig.3showsthedisaggregationperformanceofthesefive
cases.Theground-truthmeasurements,thepredictivemean
oftheestimation,andthe99.7%confidenceintervalofthe
estimationforeachloadareplotted.Ateachtimeinstant,the
twoendsoftheconfidenceintervalarethemeanvalueminus
andplusthreetimesthesquarerootofthecorrespondingdiag-
onalentryofthecovariancematrix.Notethattheconfidence
intervalisforvisualizationonlyanddoesnotcharacterizethe
correlationsamongmeasurementsatdifferenttimeinstants.
Oneshallusetheuncertaintyindexforrigorouscharacter-
izationoftheuncertainty.OnecanseethatinCases1-3,
theground-truthconsumptionismostlywithintheconfidence
level,whileasthenoiselevelincreases,theestimationerror
increasesslightly(seeFig.3(i)).InCases4and5,because
thesolarpatternisdifferentfromthoseinthetrainingdata,
theestimationerrorismuchlarger,andtheground-truthsolar
generationdeviatesfromtheestimation.
TableIXliststheuncertaintyindicesandthedisaggregation
errorforthesefivecases.FromCases1-3,onecansee
thatwhenthenoiselevelinthemeasurementsincreases,the
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(a) (d) (g) (j) (m)

(b) (e) (h) (k) (n)

(c) (f) (i) (l) (o)

Fig.3:TheloaddisaggregationperformanceoffivecasesinTableIX.(a)-(c)showtheground-truthdataandthedisaggregationresultsof
loads1,2,and3respectivelyforCase1.(d)-(f)showtheresultsforCase2wherethetestdatacontaini.i.d.GaussiannoiseN(0,32).
(g)-(i)showCase2wherethetestdatacontaini.i.d.GaussiannoiseN(0,52).(j)-(l)showCase4whichcontainsonesolarloadwitha
differentpatternfromthetrainingdata.(m)-(o)showCase5thatcontainsthreeloads,andthesolarloadhasadifferentpatternfromthe
trainingdata.

Fig.4:Thetypicalsolarpatternsoftrainingdataandsomevolatile
testingsamples.Left:typicalpatternsoftrainingdata.Right:typical
patternsofvolatiletestingsamples

uncertaintylevelincreasesslightly.Fromtheuncertaintyindex
forthesolargeneration(U3),onecanseethattheindexis
muchhigherinCases4and5whenthepatternisdifferent
fromthepatternsinthetrainingdata.InCase4,B-EDScan
correctlyidentifythatloads1and2donotexistandthe
uncertaintyindicesforthesetwoloadsaresmall.Duetothe
existenceoftheothertwoloadsinCase5,thedisaggregation
accuracyoftheothertwoloadsisalsonegativelyaffected,
andthustheoveralluncertaintyUallishigherthanthatin
Case4.Therefore,theuncertaintyindexcanbeusedasa
measureofthereliabilityofthedisaggregationresults.Table
IXalsocomparestheTERofB-EDSandD-EDS,andthe
formerperformsmuchbetterthanthelatter.

V.CONCLUSIONS

ThispaperdevelopsaBayesian-dictionary-learning-based
loaddisaggregationapproachforaggregate measurements
withpartiallabelsatthesubstation.Theproposedapproach
improvesthedisaggregationperformance,especiallywhenthe
measurementscontainnoisy.Anuncertaintyindexisprovided
aboutthereturnedestimation.Thisindexcanbeusedforthe
operatortoevaluatethereliabilityofthedisaggregationresults
andisespeciallyusefulinthepresenceofvolatileloadsand
renewablegenerations.NopreviousworksonEDSprovidean
uncertaintymeasure.Thenewerrormetric WRMSEverifies
thattheunreliableestimationcanbeidentifiedbytheuncer-
taintyindex.
Onefuturedirectionistoconnectsideinformationsuch
asweatherandindustrialdistributionswiththedata-driven
method.Anotherdirectionistoevaluatethedisaggregation
performanceofothervolatileloadssuchaselectricalvehicles
andwindpower. Wewillalsoinvestigatethedisaggregation
methodwhenthegivenlabelinformationcontainerrors.
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