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Lithiumbatterystateofchargeandstateofhealth
predictionbasedonfuzzyKalmanfiltering①
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Abstract:Thispaperpresentsamoreaccuratebatterystateofcharge(SOC)andstateofhealth(SOH)estimationmethod.A
lithiumbatteryisrepresentedbyanonlineartwo-orderresistance-capacitanceequivalentcircuitmodel.Themodelparameters
areestimatedbysearchingleastsquareerroroptimizationalgorithm.Preciselydefinedbythismethod,themodelparameters
allowtoaccuratelydeterminethecapacityofthebattery,whichinturnallowstospecifytheSOCpredictionvalueusedasa
basisfortheSOHvalue.ApplicationoftheextendedKalmanfilter(EKF)removestheneedofpriorknowninitialSOC,and
applyingthefuzzylogichelpstoeliminatethemeasurementandprocessnoise.Simulationresultsobtainedduringtheurban
dynamometerdrivingschedule(UDDS)testshowthatthemaximumerrorinestimationofthebatterySOCis0.66%.Battery
capacityisestimatebyofflineupdatedKalmanfilter,andthenSOHwillbepredicted.Themaximumerrorinestimationofthe
batterycapacityis1.55%.
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0 Introduction
 Rapid transport and economy development
inevitablyincreaseglobalchallenges,suchasglobal
warmingandairpollution.Therefore,inrecent
years,moreandmoreattentionispaidtoelectric
vehiclesbecauseoftheirefficiencyandenvironmental
friendliness.The battery is one ofthe most
importantandexpensivecomponentsofanelectric
vehicle.Thedevelopmentofnewtechnologiesrelated
tobatterieshasanimpactovertheelectrictransport
industry.Battery managementsystems (BMS)
controlstheoperationofthebattery.Inorderto
ensureasafeoperation oftheelectricvehicle,
preventdeep discharge or overcharging ofthe
battery,accuratelyestimateresidualmileage,extend
the lifetime, prevent progressively permanent
damage to the battery and maximize battery
performance,theBMSmusthaveanaccuratevalue
ofstateofcharge(SOC).Inaddition,toimprovethe
reliabilityofoperationandtowarnthedriverabout
thefuturereplacementofthebattery,theBMSneeds

thevalueofstateofhealth(SOH).
 Processesandchemicalreactionsproceedinginside
lithiumbatteryarecomplexandnonlinear.Work
processesareinfluenced byresidualcapacity of
battery,voltage,temperature,current,aging,
internalresistance,self-discharge,charge-discharge
cyclenumberandotherfactors.Therefore,SOC
estimationproblemarecomplexandimportant,but
existingSOCpredictionmethodshaverelativelylarge
error.
 BatterySOCcanbecalculatedbytheCoulomb
counting method or the open circuit voltage
method[1-2].Thesetwomethodsaresimpleandeasy
toapplyatpracticalterms.However,thesemethods
havedisadvantages:bothofthemareopen-loopand
sensitivetothesensorprecision.Moreover,open
circuitvoltage-SOCcurveisflatonwideSOCrange
thatmakesitimpossibletoestimateSOCaccurately.
Therefore,estimationerrorsinallofthesemethods
areveryhigh.Somegenericmethods,suchasa
neuralnetworks,fuzzylogicandsupportvector
machine, have provided “black box” SOC
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estimation[3-5].The main weak points ofthese
methodsaretheirsensitivitytoamountandqualityof
training data.Advanced methods,such asthe
Kalmanfilterandslidingobservers,arebasedon
lineardynamicsystemsdiscretizedinthetimeand
estimator[6-7],andonlyestimatethestatefromthe
previoustimestepandthecurrentmeasurements.
However,thesemethodshighlydependonthemodel
accuracy,andarethemostcomplicatedintheaspect
ofcomputing.AlthoughtheextendedKalmanfilter
(EKF)canprovidegoodestimationresults,this
methodisnotsuitablefornon-Gaussiannoiseand
highlynonlinearsystemsbecauseoflargecumulative
estimationerror.ToimprovetheaccuracyofSOC
estimation,theadaptiveextended Kalmanfilter
(AEKF)algorithmhasbeenapplied.Thevalueof
the measurement noise covarianceis adaptively
adjustedintheestimationprocess,thusimproving
theestimationaccuracy.
 Somemethodshavelowestimationaccuracy,also
mostofthemethodsabovedealonlywithSOCand
donottakeintoaccountbatterydegradationandits
SOH.Nevertheless,accuracyofSOCestimationis
heavilyinfluencedbythebatteryagingcondition.
InaccuratecalculationofSOC willreducevehicle
performanceincaseofunderchargingorevenmay
cause damage to the battery system due to
overcharging.Therefore,the needs ofaccurate
batterystatespredictionareurgent.
 Therefore,atfirst,theproposedmethodimproves
SOCpredictionaccuracybyimprovingaccuracyof
estimation model parameters. Second-order
equivalentcircuitmodelbestofallreflectsareal
battery state and searching model parameters
optimization algorithm has relatively good
performance.Secondly,throughapplyingofadaptive
EKF algorithm,self-adjusted measurementnoise
removes the demand of prior known initial
covariances,thereby improving SOC estimation
accuracy.Finally,theaccurateSOCvalueincreases
SOHpredictionalgorithmefficiency.
 Inthispaper,thelithiumbatteryequivalentcircuit
model is represented. Model parameters are
estimatedindischargingtestbyleastsquareerror
optimizationalgorithm.Basedonmodelparameters
andstatespaceequations,AEKFestimatesSOC.
Then,thebatterySOHispredictedbyestimating
battery capacity Kalman filter. Efficiency of
predictionisvalidatedintheurbandynamometer
drivingschedule(UDDS)test.

1 Batterymodelling

1.1 Equivalentcircuitmodel
 Therearemanytypesofequivalentcircuitmodels
usedtodescribelithiumionbatterywork,suchas
Rintmodel,Thevininmodel,thepartnershipfora
newgenerationofvehicles (PNGV)model,etc.
However,becauseofprocessesnonlinearity,someof
themcannotreflectarealcellprocesscarefully,
whichleadstocomparativelylargemodelingerror[8].
 AsshowninFig.1,everydischargepulseactually
leadstononlinearvoltageresponse,containingthe
instantaneouspartcausedbybatteryresistanceand
delayedpartcausedbybatterycapacity.

Fig.1 Realprocessnonlinearity

 Thebestmodelreflectingtherealstateofbattery
fortodayisthesecond-orderequivalentmodel[9],as
shownin Fig.2.Itconsistsoftheopencircuit
voltage(OCV)E0,batteryohmicresistanceR0,and
twosetsofparallelresistor-capacitorcombination
R1,C1andR2,C2representingthemasstransport
effectandthedoublelayereffect,respectively.

Fig.2 Second-orderequivalentcircuitmodel

 Accordingtothemodel,batteryelectricalbehavior
canbeexpressedby

v0=E0+v1+v2+iR0, (1)

i=v1
R1+C1dv1dt =v2

R2+C2dv2dt. (2)

 Coulomb-countingSOCdefinitionis[10]

s=s0-η
Qr∫

t

0
i(t)dt, (3)

wheres0istheinitialSOC,ηisthe Coulomb
efficiencycoefficientandQristhebatteryrated
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capacity.CombiningEqs.(1),(2)with (3),we
obtainthebatterystatespaceequationindiscrete
form
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v0,k =E0,k+v1,k+v2,k+itmkR0+vk, (5)

whereτ1=R1C1,τ2=R2C2,andxk=[sk,v1,k,v2,k]T

arestatevariables;it,kisthecontrolvariable;v0,kis
themeasurementvariable;wk=[w1,k,w2,k,w3,k]Tis
theprocessnoisewithcovarianceQ;andvkisthe
measurementnoisewithcovarianceR.

1.2 Model parameters estimation and
validation

 Modelparameterscannotbetakenasconstants
becauseoftheirchangesunderdifferentbattery
temperaturesandages.To completestatespace
equationandapplyanEKFalgorithm,themodel
parametersmustbeestimated.Inordertoprovide
betteronlinepredictionofSOC,trulyestimatethe
batterycapacityQr,andreducefutureerrorsinthe
followingsteps,itisessentialtoestimatethemodel
parameters as accurately as possible. Some
researchersusegeneticalgorithmornonlinearcurve
fittingtechnicsforsearchingparametersatdefinite
space,butthesemethodsrequiregoodqualityof
initialparametervaluesandsearchingspace.This
paperpresentsaparameterestimationtechnology
based on Matlab parameter estimation tool
algorithm.Theparametersestimatedbynonlinear
leastsquaresoptimizationmethodnamelyLevenberg-
Marquardtalgorithm.Thealgorithm minimizesthe
sumsquareerroronthetestdata,asshownin
Fig.3.
 Levenberg-Marquardt (LM)methodisagood
optimizationalgorithm,whichcanadaptivelyadjust
itselfto the gradient-descent or Gauss-Newton
methoddependingonthedistancefrom optimal
values.In addition,LM algorithm has faster
convergenceandbetterefficiencycomparedtoboth
methodsthatarementionedabove.
 Nonlinearleastsquaresregressionobjectfunction
isexpressedas

min
θ̂ ∑

N

i=1
(ym(t1)-y(ti,̂θ))2, (6)

whereym(ti)isthemeasuredvoltage,andym(ti,̂θ)
isthemodelpredictedvoltagewithparametervector
θ.
 TheLMalgorithmisusedtosolvetheoptimization
problem of Eq.(6) by adding the parameter
correctionvector,andthenweget

Δθ=(λI+JTJ)-1JT(Ym-Y), (7)

whereJistheJacobianmatrix,Yisthevectorofthe
predictedvoltages,Ymisthevectorofthemeasured
voltages,andλisthedampingfactor.

Fig.3 Parameter estimation by Levenberg-Marquardt
optimizationalgorithm.

 Parameters estimation algorithm efficiencyis
validatedbydischargingtestonthesimulationdata
set,andsumsquareerrorisabout0.0001.

2 SOC estimation with adaptive
extendedKalmanfilter
 Kalmanfilterisareducing meansquareerror
mathematictechniquecommonlyusedforestimating
thesystemstates.Onesignificantdisadvantageof
Kalmanfilterisitsassumptionthatcovarianceof
measurementandprocessnoisesareknown.This
peculiarlybringsalargeerrorinsomecases,suchas
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wrongorunknowninitialnoise.Therefore,inthese
conditions,EKF,whichcanadaptivelyadjustnoise
covariance,canreachbetterestimationperformance.
 Generally, EKF uses further state-space
frameworkas

Xk+1=Axk+Buk+wk, (8)

Yk+1=Cxk+1+Duk+vk, (9)

wherexkisasystemstatevector,wkisasystem
processnoise,vkisameasurementnoise.wkandvk

botharethezeromeanGaussiannoisewithtime-
invariantcovarianceQkandRk,respectively.Ykis
system outputestimates.A,B,C and D are
matrices,describingdynamicsofthesystem.
 TheprocessnoisefortheSOC,v1andv2willbe
estimatedbasedondynamiccharacteristicsofthe
batteryofEq.(3).Thedurationofonecharge-
dischargecycleisabout5000s.The maximum
changeis100%forSOC,andaround2Vforv1and
v2.ThemaximumchangeperstepforSOCis

max(|dδSOC|)≈100%5000T. (10)

 Andforv1andv2,thereis

max(|dv1|)=max(|dv2|)≈ 2
5000T

,(11)

whereT=1sisfiltersamplingtime.
 Therefore,theprocessnoisewkisexpressedas
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 Processnoiseinitialcovarianceshowshowaccurate
theinitialguessis.Assumingthatthemaximum
initialguesserroris40%forSOCand1Vforv1and
v2,weobtainthefollowinginitialcovariancematrix,
whichconsistsofsquaresofinitialguesserrorsas

Qθ =
0.16 0 0
0 1 0
0 0 1
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 The mainideaof AEKFistoprovideself-
adaptation to the system measurement noise
covarianceR.Thepurposeofadaptiveapproachisto
makethetheoreticalnoisecovariancestayinstep
withtheactualnoisecovarianceusingfuzzylogic.

Theadaptiveapproachseveralstepsareasfollows:
 Step1)Theoreticalmeasurementnoise

Nt=CkP-1
kCT

k +Rk. (14)

 Step2)Actualmeasurementnoise

Na=1n∑
k

i=i0
rirTi, (15)

whererk=Yk-1-Ckxk-1isEKFresidualsequence.
 Step3)Differencebetweenactualnoiseand
theoreticalnoise

ΔN=Ni-Na. (16)

 Onthisstep,fuzzylogicisapplied.Ifthe
difference between the actual and theoretical
measurementnoiseΔNisgreaterthanzero,noise
covarianceRkwillbereduced.Otherwise,whenΔN
issmallerthanzero,Rk willbeincreased.Noise
covariancevalueRkiscontrolledandautomatically
correctedbytheadjustmentfactorα

Rk =αRk-1. (17)

 Inordertoprovideauto-updatingmeasurement,
noisecovariancefuzzylogiccontrollerwithΔNinput
andαoutputwereshowninTable1.

Table1 Inputandoutputfuzzysubsets

Variable
andrange

Fuzzysubset Value

ΔN
[-1.5 1.5]

Highlynegative [-1.5 -1 -0.5]
Negative [-1 -0.5 0]
Zero [-0.5 0 0.5]
Positive [0 0.5 1]

Highlypositive [0.5 1 1.5]

α
[0.5 1.5]

Greatlydecrease [0.25 0.5 0.75]
Slightlydecrease [0.5 0.75 1]
Unchanged [0.75 1 1.25]

Slightlyincrease [1 1.25 1.5]
Greatlyincrease [1.25 1.5 1.75]

 AccordingtoEqs.(14)-(17),fuzzylogicrules
areformulatedasfollows:
 1)IfΔNishighlynegative,thangreatlyincrease
α.
 2)IfΔNisnegative,αslightlyincreases.
 3)IfΔNiszero,αisunchanged.
 4)IfΔNispositive,αslightlydecreases.
 5)IfΔNishighlypositive,αgreatlydecreases.
 Adaptivefuzzyapproach helps moreaccurate
correctsystemmeasurementnoiseandincreaseEKF
performance.

3 SOHprediction
 Duringoperation,thebatteryisaging,andits
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properties begin to deteriorate. The maximum
capacity decreases,and the internal resistance
increases.CorrectionofSOH predictionhelpsto
assuresafetyoperationoftheelectricvehicleand
provideknowledgeaboutthebatterydegradation
degree.SOHisaparameter,whichreflectsthe
generalconditionsofthebatteryanditsabilityto
deliverthespecifiedperformancecomparedwiththe
freshbattery,anditisdefinedas

δSOH =Cnow
Cnew×100%. (18)

 GoodpredictionofSOHisveryimportant.Incase
ofelectric vehicles,the ability to achievethe
announcedrangedramaticallyfades with battery
aging.Inthispaper,SOHrangesfrom0to100%.
Amongthem,0%SOHstandsforendoflife;when
thebatterycapacityreaches75% offreshbattery
capacity,ithastobereplaced;and100% SOH
standsfor brand new fresh battery conditions,
namely

CEOL=0.75Cnew. (19)

 Becauseparametersestimationerrorisverysmall
inFig.3,themeasurementcapacitybyintegrating
the current over a charge or discharge cycle
(Coulomb counting)methodisassumedto be
reliable.Since the degradation rate of battery
capacityCiisnotknowninadvance,ithasbeenset
toarandomwalkinstatetransitionas

Ci+1=Ci+wc, (20)

whereiisthenumberofcharge-dischargecycles,wc

istheprocessnoise.Themeasurementequationis
expressedas

Ĉi =Ci+vc, (21)

where Ĉi isthe measured capacity,vc isthe
measurement noise. The battery automatically
chargesuntilitreachesδSOCi,andthenturnsto
discharge until it reaches δSOCi-1. Capacity
measurementequationcanberewrittenas

Ci =
∫

ti

ti-1
Idt

δSOCi -δSOCi-1
+vc. (22)

 Then,offlineevent-basedKalmanfilterisapplied.

4 Simulationresults
 Inordertoprovetheeffectivenessofthemethod
above,asimulation was performed.Simulation
objectisthelithiumbatterywitharatedvoltageof

3.7Vandaratedcapacityof4.4Ah.Batteryheight
is146mm,weightis85mmandthicknessis3mm.
Firstly, the battery equivalent circuit model
parameterswereestimatedbasedonthedataobtained
fromthedischargetest.Dischargepulsetestconsists
oftenshortdischargeimpulses,onconditionthatthe
timebetweenpulsesisatleast4timeslongerthan
onepulseduration.Thistesting methodallows
gettingthevoltagenonlinearitiescausedby mass
transportanddoublelayereffects (Fig.1)more
accurately.Themodelparameterswereoptimized
accordingtothereferenceterminalvoltagesignal
untilthesumsquareerrorreaches0.0001(Fig.3).
 Inordertotakeintoaccountthetemperature
influence,modelparameterswereestimatedthree
timesatdifferenttemperatures(5,25,40℃).The
resultingparameterswereenteredinlookuptables
foreachelementoftheequivalentcircuitmodel.
 Then,thebatterySOCwasestimatedbyAEKF,
usingthemeasuredcurrent,voltage,temperature
andestimatedmodelparameters.DuringtheUDDS
test,thebatteryalternatesbetweenchargingand
dischargingcycles,asshowninFig.4.

Fig.4 UDDStestprocedure

 Batterydischargedbyrandomamplitudecurrent
pulses(from1to10A),whichimitatesrealcity
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drivingconditionuntilitreaches30% SOC,then
turnstocharging.Batterychargesuntilitreaches
90%SOC,thenagainturnstodischarge.Duringthe
test, AEKF estimates battery SOC based on
measuredvoltage,circuitand modelparameters
accordingtoprocedurementionedinSection2.The
experiment was conducted 15 times underthe
differentconditions.Differentrandomlygeneratedin
UDDStestprocedurecurrentpulsesstatistically
validatearchivedresults.Simulationresultsshow
thatAEKFreachesthebestquality,asshownin
Fig.5.

Fig.5 SOCpredictionresults

 In average,the maximum error SOC value
estimatedbyAEKFis0.655%comparedwiththe
maximumerror(1.49%)intheCoulombcounting
estimationandthemaximumerror(1.155%)inthe
EKFestimation,respectively,aslistedinTable2.

Table2 Compressionofestimationmethods

Estimationmethod
Coulomb
counting

EKF AEKF

Maximumerror(%) 1.49 1.155 0.655

 Aftersuccessfullyobtainingmodelparametersand
SOC,thebatterycontinuestooperateaccordingto
theUDDStestuntilitscapacityreaches75%ofthe
newbatterycapacity (endoflife).Atthetime
batterySOHconsiderstobe0.Inthissimulation,
thebattery’sendoflifeisachievedafter813charge-
dischargecycles.
 BatterycapacityisratedbyofflineKalmanfilterof
Eqs.(20)-(21)basedonthemodelparametersat
theendofeverycycle.Capacitypredictionmaximum
erroris1.55%,asshowninFig.6.Then,according
totherelationshipbetweencapacityandSOHis
predicted,aslistedinTable3.

Table3 RelationshipbetweenbatterycapacityandSOH
Cnow 4.4 4.33 4.25 4.18 4.11 4.03 3.96 3.89

SOH 100 93 87 80 73 67 60 53

Cnow 3.81 3.74 3.67 3.59 3.52 3.45 3.37 3.3

SOH 47 40 33 27 20 13 7 0

Fig.6 Capacityestimationresults

5 Conclusion
 Inthispaper,an SOC and SOH prediction
algorithmbasedonfuzzyKalmanfilteringhasbeen
developed.Thenonlinear modelthattakesinto
accountthetemperatureofthebatteryandconsistsof
two resistance-capacity circuit and open circuit
voltagehasbeenbuilt.Modelparametershavebeen
estimatedbyoptimizationalgorithmaccordingtothe
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testdata.BatterySOChasbeenestimatedbyAEKF
andvalidatedundertheclosetorealdrivingtest
cycle.BasedonKFestimatedbatterycapacity,SOH
valuehasbeenpredicted.Simulationresultsshow
thattheproposedalgorithmisreliablebecauseofits
highaccuracyinpredictingtheparametersofboth
SOCandSOH.Moreover,thesupposedalgorithm
doesnotneedtheexactinitialcondition.
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基于模糊卡尔曼滤波器的锂电池荷电状态
与健康状态预测

DaniilFadeev1,张小周2,董海鹰1,刘 浩2,张蕊萍1

(1.兰州交通大学自动化与电气工程学院,甘肃 兰州730070;

2.天水电气传动研究所有限责任公司 大型电气传动系统与装备技术国家重点实验室,甘肃 天水741020)

摘 要: 针对当前锂电池荷电状态(Stateofcharge,SOC)与健康状态(Stateofhealth,SOH)预测精度较低

的问题,提出了一种基于模糊卡尔曼滤波器的预测方法。采用非线性二阶电阻电容模型表示锂电池,并通过

最小二乘误差优化算法对模型参数进行估计,从而更准确地确定蓄电池容量作为SOH值的基础。扩展卡尔

曼滤波器(ExtendedKalmanfilter,EKF)可在初始SOC值未知的情况下对其进行准确预测,而模糊逻辑有

助于消除测量和过程噪声。仿真结果表明,在城市测功机驱动计划期间(Urbandynamometerdrving
schedule,UDDS)测试中最大的SOC估算误差是0.66%;通过离线更新卡尔曼滤波器,可对电池容量进行

估计,结果表明,最大估计误差为1.55%,从而有效提高了SOC值的预测精度。
关键词: 锂电池;荷电状态;健康状态;自适应扩展卡尔曼滤波器
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