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AbnormaluseridentificationbasedonXGBoostalgorithm①
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Abstract:TheeXtremegradientboosting(XGBoost)algorithmisusedtoidentifyabnormalusers.Firstly,therawdatawere
cleaned.Thenuserpowercharacteristicswereextractedfromdifferentaspects.Finally,theXGBoostclassifierwasusedto
identifytheabnormalusersrespectivelyinthebalancedsamplesetandtheunbalancedsampleset.Incontrast,underthesame
characteristics,thek-nearestneighbor(KNN)classifier,back-propagation(BP)neuralnetworkclassifierandrandomforest
classifierwereusedtoidentifytheabnormalusersinthetwosamples.TheexperimentalresultsshowthattheXGBoost
classifierhashigherrecognitionrateandfasterrunningspeed.Especiallyintheimbalanceddatasets,theperformance
improvementisobvious.
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0 Introduction
 Theidentificationofabnormalusersisthemost
difficultprobleminthetraditionalpowerindustry.
Withtherapid developmentofeconomy,social
productionandpeople’sdailyelectricityconsumption
haveincreasedyearbyyear.Duetoillegaluseof
electricity by some people, the abnormal
phenomenonofpowersupplyisbecomingmoreand
moreserious[1],whichnotonlybringstheeconomic
losstopowersupplyenterprises,butalsoaffects
normalpowersupplyandstability.
 Intheelectricpowerindustry,thestrongsmart
gridisrapidlydeveloping withan unprecedented
breadthanddepth.Thearrivalofbigdataandcloud
computing era injects new vitality into the
developmentoftraditionalpowerindustry[2].The
purposeofthispaperistousethebigdataalgorithm
tointelligently identify the abnormal electricity
customers.Withthehelpofbigdatatechnology,the
monitoringofabnormalbehaviorandtherecognition
ofabnormalpoweruserscanreducethecostof
abnormal behavior analysis and improve the
recognitionrateofabnormalbehavior.
 Forthe detection ofelectricity users, many
domestic and foreign experts use data mining
technology[3-4].In2016,Zhang,etal.extracteda
variety of characteristic quantities that could

characterizetheuserpowerconsumptionmodelfrom
the electricity consumption data. The power
consumptionsequenceofalluserswasmappedto
two-dimensionalplanebydimensionreductionfirst,
andthenthelocaloutlierfactoralgorithmwasused
tocalculatetheoutlierdegreeofeachuser,finally
theabnormalusers wereidentified[5].In 2015,
Zhou,etalproposedasparsecodingmodelmethod
tominetheusers’originalelectricitydata.Combined
withthemethodofdictionarylearning,userdata
wererepresentedasalinearcombinationoffeatures.
Byusingthefrequencyofeachfeaturetojudgethe
abnormal value, the abnormal behavior was
distinguished[6].In2012,Monedero,etal.usedthe
Pearsoncorrelationcoefficienttodetectthetypical
lossofelectricitycharacterizedbythesuddendropin
electricityconsumption.Forothertypesofpower
loss,theBayesiannetworkanddecisiontreewere
used[7].However,inreallife,theabnormalusers
generallyareina minority,andabnormalusers
determinedbyartificialfieldmustbeinaminority,
whichledtotheimbalanceofpositiveandnegative
samples.Inprevioussupervisedlearningresearch,
mostofresearchers did not make research on
imbalancedsamplesetandoptimizethespeedof
model operation. As a result,powerindustry
processingdatarecordsoftenreachtensofmillions,
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even hundreds of millions, which makes most
identification models run longer in practical
applications.
 Inthispaper,largedataanalysisalgorithmare
usedtoidentifyabnormalpowerusers.Firstly,the
rawdataarepre-processed,includingvacancyvalues
andduplicaterecords.Thenthefeatureengineering
is constructed from three aspects: statistical
features,differenttimescalefeaturesandcorrelation
coefficientfeatures.Afterthat,theeXtremegradient
boosting(XGBoost)classifierisusedtoidentifythe
features. Finally,the classification results are
comparedwiththatofk-nearestneighbor (KNN)
classifier,back-propagation (BP)neuralnetwork
classifierandrandomforestclassifier.

1 XGBoostalgorithm
 The XGBoostisanextensionofthegradient
boosting decision tree algorithm[8-9]. Boosting
classifierbelongstoensemblelearningmodel,andits
basicideaistocombinehundredsoftreemodelswith
lowerclassificationaccuracy.Themodelisiterated,
andeachiterationgeneratesanewtree.Howto
generateareasonabletreeateachstepisthecoreof
theboostingclassifier.Gradientboosting machine
algorithm usestheideaofgradientdescentwhen
generatingeachtree.Allthetreesgeneratedbythe
abovestepsarebasedonthedirectionofminimizing
thegivenobjectivefunction.Underthereasonable
parametersetting,acertainnumberoftreescan
reachtheexpectedaccuracy.XGBoostalgorithmis
theimplementationofgradientboosting machine,
whichcan automatically use CPU multi-threaded
parallel[10].Thespecifictheoryisasfollows.
 Decisiontreeiswidelyusedforclassificationmodel
becauseofitsintuitiverepresentationandreliable
basis.However,theperformanceofsingledecision
treeislimited,sothedecisiontreeensembleis
usuallyusedtoimprovetheperformance.Givendata
setD={(xi,yi)}(|D|=n,xi∈Rm,yi∈R).The
integratedmodeloftreesisexpressedas

ŷi =∑
K

k=1
fk(xi),fk ∈F,

F= {f(x)=ωq(x)}(q∶Rm →T,ω∈RT),(1)

wherekisthenumberofmodelsintheintegrated
model,F isasetspaceofregressiontrees,xi

representstheeigenvectorsofthefirstidatapoints,
qrepresentstheindexoftheleaf,Trepresentsthe

numberofleavesonatree,everyfk(·)corresponds
toanindependenttreestructureq(·)andtheweight
oftheleafω.
 Theobjectivefunctionconsistsoftwoparts,thatis

O(Θ)=∑
n

i=1
l(yi,̂yi)+∑

K

k=1
Ω(fk), (2)

wherethefirstpartl(·)isthetrainingerror
betweenthepredictedvaluêyiandrealvalueyiofthe
target,andthesecondpartΩ(·)isthesumofthe
complexityofeachtreeas

Ω(f)=γT+12λ‖ω‖
2, (3)

whereλandγarecoefficients.Theminimumvalueof
theobjectivefunctionisitsoptimalvalue.
 InEq.(2),theobjectivefunctionoftheintegrated
decisiontreemodelistrainedbyboostingmethod,
thatistosay,eachtimethemodelisretained,anda
newfunctionisaddedtothemodelas

ŷ(0)
i =0,

ŷ(1)
i =f1(xi)=ŷ(0)

i +f1(xi),

ŷ(2)
i =f1(xi)+f2(xi)=ŷ(1)

i +f2(xi),

︙

ŷ(t)
i =∑

t

k=1
fk(xi)=ŷ(t-1)

i +ft(xi), (4)

wherêy(t)
i isthepredictedvalueofthesampleiinthe

roundt;̂y(t)
i retainsthepredictedvalueofthemodel

ŷ(t-1)
i intheroundt-1andthenaddsanewfunction

ft(xi).Thechoiceofaddinganewfunctionineach
roundistominimizetheobjectivefunctionasmuchas
possible.Thus,theobjectivefunctionturnsto

O(t)=L(t)=∑
n

i
l(yi,̂yi)+∑

t

i=1
Ω(fi)=

∑
n

i=1
l(yi,̂y(t-1)

i +ft(xi))+Ω(ft)+C. (5)

 Theobjectivefunctioncanbeoptimizedthrough
ft(·),Whentheerrorfunctionl(·)issquared
error,theobjectivefunctioncanbewrittenas

L(t)=∑
n

i=1

[2(̂y(t-1)
i -yi)ft(xi)+ft(xi)2]+

Ω(ft)+C. (6)

 Forothererrorfunctionsinadditiontosquared
errors,Taylorexpansionisusedtoapproximately
definetheobjectivefunctionas
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gi =∂̂y(t-1)l(yi,̂y(t-1)),hi =∂2̂y(t-1)l(yi,̂y(t-1)), (7)

L(t)∑
n

i=1
l(yi,̂y(t-1)

i )+gift(xi)+12hif2
t(xi)  +

Ω(ft)+C. (8)

 Aftertheconstanttermisremoved,arelatively
uniformobjectivefunctionisobtainedas

L(t)∑
n

i=1
gift(xi)+12hif2

t(xi)  +Ω(ft).(9)

 Basedontheabovetheory,theXGBoostalgorithm
canbedescribedasfollows:
 1)Initializeanewdecisiontree.
 2)Calculatethefirstderivativeandthesecond
derivativeofeachtrainingsamplepoint.
 3)Calculatetheresidualofsamplesinfunction
space.
 4)Turningtowardsgradientdirectionofresidual
reduction,anewdecisiontreeisgeneratedbygreedy
strategy.
 5)Addthenewlygenerateddecisiontreetothe
modelandupdatethemodel.
 6)Backtostep2,recursivelyexecuteuntilthe
objectivefunctionsatisfiesthecondition.

2 Detectionmodel
2.1 Datapreprocessing

 Theproblemsoftheoriginaldataare missing
valuesandrepeatedrecords.Theseproblemsaffect
theefficiencyoftheclassificationresults,therefore
datapreprocessingisthefirststepofthisstudy.For
repeated records, reprocessing is performed
accordingtothemainattribute.Thetreatmentof
missingvaluesneedscarefulconsideration.
 Themethodsofdealingwiththemissingvalue
includeignoringtherecord,removingtheattributes,
fillingthevacancymanually,usingdefaultvalues,
usingmeanvaluesandinsertingvaluesbymeansof
LagrangeinterpolationorNewtoninterpolation.The
Newtoninterpolationmethodisusedinthispaper
sinceitismuchsimplercompared withLagrange
interpolation.Itnotonlyovercomestheshortcoming
thatthewholecalculationwork mustberestarted
whenaddinganode,butalsosavesthemultiplication
anddivisionoperationtimes.

2.2 Featureextraction

 Featureextractionreferstotheextractionofkey
featuresfromtheoriginaldataasneeded.Inorderto

extractmoreusefulinformation,itisnecessaryto
build new attributes on the basis of existing
attributes.Inthispaper,featureextractioniscarried
outfromthefollowingaspects:
 1)Basicattributecharacteristics
 ThestatisticalcharacteristicsofeachuserIDare
recorded,including maximum,minimum,mean,
variance,median,numberofrecords,andsoon.
Thenumberofrecordsiscloselyrelatedtothe
statistical characteristics. These are the basic
featuresofelectricityuser.
 2)Characteristicsondifferenttimescales
 Oneiselectricityconsumptionoftheuserinevery
threedays,one month,three monthsandhalfa
year.Theotheristhenumberoftheuserrecordsin
everythreedays,onemonth,threemonthsandhalf
ayear.Thecharacteristicsofdifferenttimescales
provideimportantinformationforthedetectionof
differenttypesofabnormalusers.
 3)Similarityfeaturesondifferenttimescales
 The Pearsoncorrelationcoefficientisusedto
measurethecorrelationbetweentwovariables[11].
The Pearson correlation coefficients of power
consumption,power starting degree and power
terminationdegreearecalculatedduringperfour
weeksandfiveweeks.

3 Resultsandevaluation
3.1 Dataset

 ThesampledatacomefromtheStateGridGansu
ElectricPowerCompany,whichcontain6.3million
electricityconsumptionrecordsfrom 9956 users
customers,1394ofwhichhavebeenidentifiedas
abnormalusersthroughofflineinvestigation,andthe
restarenormalusers.Thedatafrom eachuser
includehisdailyelectricityconsumptionaswellas
electricityconsumptionofthedayandyesterday.
Theproportionofpositiveandnegativesampledata
isabout1∶6,whichmakesthefeatureextraction
andrecognition ofabnormalusersbecome much
difficult.

3.2 Evaluationmethod

3.2.1 Confusionmatrix
 Essentially,abnormaluseridentificationisatwo-
elementclassificationproblemanditdividesallusers
intotwocategories:normalusersand abnormal
users.Forthetwo-elementclassificationproblem,
confusion matrixisabasictooltoevaluatethe
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reliability ofclassifier.The confusion matrixin
Table1showsallpossibleclassificationresultsofthe
classifier.Therowscorrespondtothecategoriesto
whichtheobjectactuallybelongs,andthelistsshow
thecategoriesofthe prediction.Inthis paper,
“positive”and “negative”correspondtoabnormal
usersandnormalusersrespectively.

Table1 Confusionmatrixform

Actualvalue

Positive Negative

Predicted
value

Positive
Truepositive
(VTP)

Falsepositive
(VFP)

Negative
Falsenegative
(VFN)

Truenegative
(VTN)

 VFPreferstothefirsttypeerror,andVFNrefersto
thesecondtypeerror.Onthebasisofconfusion
matrix,theevaluationindicesofclassifierscanbe
derivedasfollows:accuracy,truepositiverateand
specificity. The accuracy (VACC ) describes the
classificationaccuracyoftheclassifier.Thetrue
positiverate(VTPR)alsocalledsensitivitydescribes
thesensitivityoftheclassifier.Thespecificity(VSPC)
describesthecorrectpredictionofthenegativeinall
negativesamples.

VACC = VTP+VTN

VTP+VFP+VTN+VFN
,

VTPR = VTP

VTP+VFN
,

VSPC = VTN

VTN+VFP
. (10)

3.2.2 Receiveroperatingcharacteristiccurveand
areaundercurve

 Receiveroperatingcharacteristic (ROC)curve
describes the relative relationship between the
growthratesofthetwoindicesintheconfusion
matrix:falsepositiverate(VFPR)andVTPR

[12].For
thecontinuous value ofthe outputtwo-element
classification model,thesampleslargerthanthe
thresholdareclassifiedaspositiveclass,andthe
sampleslessthanthethresholdareclassifiedas
negativeclass.Reducingthethresholdcanrecognize
morepositiveclassesandVTPR willincrease,butat
thesametime, more negative samples will be
classifiedaspositiveclass wronglyandVFPR will
increase.TheROCcurvecanrepresenttheprocessof
change.Thecurveclosedpoint(0,1)showsthe
bestclassificationeffect.Areaundercurve(AUC)
canindicatethequalityofclassifier.Themuchlarger

AUCrepresentsthebetterperformance.IfAUCis
equalto1,itmeansanidealclassifier.

3.3 Experimentalresults

 ThesoftwareusedinthisexperimentisRonthe
computerwithIntelCorei5-4210,2.4GHz,8GB,
win10x64.Theexperimentswerecarriedoutintwo
data sets using KNN classifier,random forest
classifierand XGBoostclassifier,respectively.A
groupofexperimentsusingabalancedsamplesetwas
carriedout,andtheothergroupwascarriedoutona
samplesetwithimbalancedsampleset.Inorderto
ensure the fairness of the experiments, the
eigenvaluesofeachmodelwerethesame.
3.3.1 Balancedsampleset
 Thebalancedsamplesetwascomposedof1394
positivesamplesand1394negativesamples.The
formersamplesweretheexistingabnormalusers,
andthelattersampleswerethesamplesrandomly
selectedfrom 8562normalusers.Thebalanced
samplesetwasdividedintofiveparts,fourofwhich
weretrainingsets,oneofwhichwasatestset.The
experiments were conducted five times under
differentrecognitionmodels.KNNclassifiertakedK
=50.IntheBPneuralnetwork,thenumberof
hiddenlayerunitwas8.Thetrainingalgorithmused
QuickProp.Thealgorithmparameterswere0.1,2,
0.0001and0.1.Themaximumnumberofiterations
was1000.TheXGBoostparametersweredivided
into three kinds: general parameters, booster
parametersandlearningtargetparameters.Inthis
experiment,0.01 was selected as the booster
parametershrinkagestepsize (ETA)toprevent
overfitting,and the maximum iteration number
(nrounds)was1500.Theminimumsampleweight
ofchildnodes(min_child_weight)was10.Theratio
offeaturesampling(colsample_bytree)was0.8.In
thelearningtargetparameters,theobjectivefunction
selectedbinarylogisticregression(binary:logistic),
andtheevaluatingindicatorwastheaverageaccuracy
(map).Therestparameterskeptthedefaultvalues.
TheresultsareshowninTable2andthevaluesare
theaverageofthefiveexperiments.

Table2 Resultsoffiveexperimentsunderdifferentmodels

VACC(%)VTPR(%) VSPC(%) AUC(%) Time(s)

KNN 69.53 49.42 89.64 69.54 234

BP 73.24 70.00 76.47 73.24 232

RF 79.60 75.83 83.38 79.61 249

XGBoost 81.51 77.77 85.25 81.52 212
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 Fromtheabovetable,wecanseethattheaverage
VACC,VTPR,VSPCandthetimeoftheKNNmodelare
69.53%,49.42%,89.64%and234s,respectively.
TheaverageVACC,VTPR,VSPCandthetimeofBP
neuralnetworkmodelare73.24%,70%,76.47%
and232s,respectively.ThemeanVACC,VTPR,VSPC

andthetimespentonrandom forest modelare
79.60%,75.83%,83.38%and249s,respectively.
Finally,theaverageVACC,VTPR,VSPCandthetime

spentontheXGBoostmodelare81.51%,77.77%,
85.25%and212s,respectively.Itcanbeseenthat
theXGBoostclassifierarebetterthantheotherthree
classifiers.Figs.1-4areROCcurvegraphsofKNN
model,BPneuralnetwork,randomforestmodeland
XGBoostmodel,respectively.TheAUCofthese
modelsare69.54%,73.24%,79.61%,81.52%,
respectively.Thehigher AUCvaluerepresentsa
betterclassificationeffect.

Fig.1 ROCcurveofKNNmodel Fig.2 ROCcurveofBPneuralnetworkmodel

Fig.3 ROCcurveofrandomforestmodel Fig.4 ROCcurveofXGBoostmodel

3.3.2 Imbalancedsampleset
 Theimbalancedsamplesetconsistedof1394
positivesamplesand8562negativesamples.The
formersamplesweretheexistingabnormalusers,
andthelattersampleswereallnormalusers.The
imbalancedsamplesetwasdividedintofiveparts,
fourofwhichweretrainingsets,oneofwhichwasa
testset.Theexperimentswereconductedfivetimes
underdifferentrecognitionmodels.KNNclassifier
takedK =100.IntheBP neuralnetwork,the
numberofhiddenlayerunitswas5.Thetraining
algorithm used QuickProp. The algorithm
parameterswere0.1,2,0.0001and0.1.The

maximum number ofiterations was 100. The
XGBoostparametersweredividedintothreekinds:
generalparameters,boosterparametersandlearning
targetparameters.Inthisexperiment,thebooster
parametershrinkagestepsize(ETA)was0.01to
prevent overfitting,and the maximum iteration
number(nrounds)was1500.Theminimumsample
weightofchildnodes(min_child_weight)was10.
Theratiooffeaturesampling(colsample_bytree)was
0.8.Inthelearningtargetparameters,theobjective
functionselectedbinarylogisticregression(binary:
logistic),and the evaluatingindicator wasthe
averageaccuracy(map).Therestparameterskept
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thedefaultvalues.TheresultsareshowninTable3
andthevaluesaretheaverageoffiveexperiments.

Table3 Resultsoffiveexperimentsunderdifferentmodel

VACC(%)VTPR(%) VSPC(%) AUC(%) Time(s)

KNN 88.71 24.78 98.95 61.87 256

BP 80.79 65.10 83.26 74.18 244

RF 91.34 48.87 97.95 73.41 308

XGBoost 84.41 80.68 85.02 82.85 233

 ItcanbeseenfromTable3thattheaverageVACC,
VTPR,VSPCandthetimeofKNNmodelare88.71%,
24.78%,98.95% and256s,respectively.The
averageVACC,VTPR,VSPCandthetimeoftheBP
neural network model are 80.79%, 65.10%,
83.26% and244s,respectively.ThemeanVACC,
VTPR,VSPCandthetimespentonrandomforestmodel
are 91.34%, 48.87%, 97.95% and 308 s,
respectively.Finally,theaverageVACC,VTPR,VSPC

andthetimespentonXGBoostmodelare84.41%,
80.68%,85.02and233s,respectively.Itcanbe
seen that the overall performance of XGBoost
classifierisbetterthanthatoftheotherthree
classifiers.Inparticular,itssensitivityisfarbeyond
theotherthreeclassifiers.Whentheproportionof
positiveandnegativesamplesinthedatasetisnot
balanced,thereferencevaluesofVACCandVSPC will
bereduced.AUCismorecapableofrepresentingthe
performanceoftheclassifier.Forexample,whenthe
ratioofpositiveandnegativesamplesis99∶1,in
thiscase,aclassifieronlyneedstodetermineallthe
samplestobepositive,thusVACCcanreach99%.
Figs.5-8areROCcurvegraphsofKNNmodel,BP
neuralnetwork,randomforestmodelandXGBoost
model,respectively.The AUC values ofthese
modelsare61.87%,74.18%,73.41%,82.85%,
respectively.

Fig.5 ROCcurveofKNNmodel Fig.6 ROCcurveofBPneuralnetworkmodel

Fig.7 ROCcurveofrandomforestmodel Fig.8 ROCcurveofXGBoostmodel

3.4 Analysis

 Fromtheabovecharts,itcanbeseenthatthe

XGBoostmodeloutperformstheKNN model,BP
neuralnetworkandrandomforest modelinboth
balanced data set and imbalanced data set.
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Especially,frombalanceddatasettoimbalanceddata
set,classificationeffectsofKNNmodelandrandom
forest model decrease significantly. While the
classification effect of XGBoost modeldoes not
decreasebutslightlyimproves.Furthermore,the
timespentontheXGBoostmodelissignificantlyloss
thanthatontheotherthreemodels.
 Compared withthesinglealgorithm of KNN,
XGBoost algorithm is one of the integration
algorithm.It combines multiple classifiers and
classifiesthem,showingbettergeneralizationability
andclassificationeffect.BPneuralnetworkisan
excellentclassifierandhasbeenwidelyused.ButBP
neuralnetworkrequiresstrictparametersandhas
some disadvantages,such as slow convergence
speed,easeoffallingintolocalminimumpointand
difficultyofgettingglobaloptimalsolution.Random
forest and XGBoost are integrated algorithms.
Althoughtheyallusecolumnsamplingtoreduce
overfittingandcomputation,therearedifferences
elsewhere between them.Random forestadopts
baggingthought,but XGBoost adopts boosting
thought.Bagging usessampling with reset but
boostingsamplingisbasedonerrorrate.Moreover,
XGBoosttakesthecomplexityofthemodelasthe
regularization term ofthe objectivefunction to
optimizethe model.Therefore,theclassification
performanceof XGBoostis betterthan that of
randomforest.
 Intermsofrunningtime,generallyspeaking,a
singleclassifierconsumeslesstimethananensemble
classifier,buttheXGBoostclassifieruseslesstime
than KNN classifier and BP neural network.
Comparedwiththerandomforest,whichisalsothe
ensembleclassifier,the XGBoostclassifierisfar
beyondtherandomforest.Comparedwiththeother
threemodels,theadvantageoftheXGBoostclassifier
intime mainly attributesto thefollowing two
aspects.
 1)TheXGBoostalgorithmperformssecond-order
Taylorexpansionofthecostfunction,andusesthe
first-andsecond-orderderivativestoconvergetothe
globaloptimumatthefastestspeed.
 2)Oneofthemosttime-consumingstepsoftree
learningistorankthevaluesofthefeaturesto
determinethe best segmentation points.Before
training,theXGBoostalgorithmsortsthedatain
advance,andthensavesthemasablockstructure.
Thestructureisusedrepeatedlyinthesubsequent
iterations,which greatlyreducestheamountof

computation.

4 Conclusion
 Intoday’sworld,electricityhasbeenwidelyused.
Thedevelopmentofpowerbigdatawillacceleratethe
developmentofpowerindustryandinnovationof
businessmodel,achievingthetransformationfrom
production-oriented to data-oriented. This study
utilizesbigdatatechnology,basedondifferenttime
scalefeaturesandcorrelationcoefficientextraction,
byusing XGBoostclassifiertoidentifyabnormal
users.ComparedwiththeKNN model,BPneural
network model and random forest model,the
XGBoostmodelhasachievedgoodresults.Inorder
todealwiththehugeamountofdatainthepower
industry,thedistributionofXGBoostalgorithmwill
bethenextstepofourresearch.
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基于XGBoost算法的异常用户识别

宋晓宇,孙向阳,赵 阳

(兰州交通大学 电子与信息工程学院,甘肃 兰州730070)

摘 要: 电力行业是国民经济中的基础性产业,日益严重的电力异常行为给国家经济造成了巨大损失。

XGBoost(eXtremegradientboosting)算法用于异常客户的识别。首先,对原始数据进行清洗;然后,从不同

角度构建用户用电特征;最后,使用XGBoost分类器分别在平衡样本集和非平衡样本集下进行异常客户识

别。与之对比,在相同特征下,分别使用KNN(k-nearestneighbor)分类器、BP(back-propagation)神经网络

分类器和和随机森林分类器在这两个样本集下进行异常客户识别。实验结果表明,XGBoost分类器有更高

的识别率和更快的运行速度,特别是在不平衡数据集下,性能改进尤为明显。

关键词: 用户识别;用电特征;XGBoost;随机森林
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