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Abstract.In order to apply the lithium-ion batteries on the electric vehicles reliably and safely,
estimating the internal statements of the batteries, such as the state-of-charge (SOC) is obligatory.
The purpose of this work was to present a SOC estimation method named parallel arithmetical
unscented Kalman filter which has obvious advantages that was validated by simulation. In this paper,
a lumped circuit model and the parameter identification method were studied. And the state-space
type battery model was derived. Then a novel SOC estimation method was proposed using the
parallel arithmetical unscented Kalman filter (PAUKF) technique. Validation results showed that the
presented SOC estimation algorithm could have an acceptable performance with the mean error less
than 2.4%.

Introduction

Nowadays, new energy automobiles, such as blade electric vehicle, hybrid electric vehicle, fuel cell
electric vehicle, are promoted successfully among which the blade electric vehicles and hybrid
electric vehicles share the most part of the market. And the lithium-ion batteries are the most
commonly used as the power batteries. The lithium-ion batteries need to be operated in the mild
conditions, which can be estimated by the specific algorithms, in which the SOC is the essential
statement that most engineers and car drivers care about. But the SOC can’t be measured and only can
be estimated.

A plenty of SOC estimation algorithms were proposed which could be divided into three aspects:
First, the traditional estimation algorithms include the coulomb counting method[1], which is short of
the accumulative error, and open circuit voltage rectification method[2], which can’t be operated in
the real-time. Second, the empirical-based estimation algorithmsapplied techniques of the neural
network[3], support vector machine[4], fuzzy logic[5], etc., which must be trained with numerous
empirical data and can hardly achieve high accuracy. Third, the model-based estimation algorithms,
which utilized equivalent lumped circuit[6,7] or battery mechanism equations[8,9] as the battery
model, have been widely used on the electric vehicles because of the convenience application in the
real-time.

In this work, a novel SOC estimation algorithm was proposed, which was based on the technic of
parallel arithmeticalunscented Kalman filter (PAUKF). The simulation comparison was made
between the PAUKF and the adaptive extended Kalman filter (AEKF) to validate the accuracy and
preponderance over PAUKF.

Battery modeling and parameter identification

Modeling of Battery

There are kinds of battery models have been proposed, such as the equivalent lumped circuit models
(ELCM), which includethe Rint model, Thevenin model and DP model, etc.[10],
electrochemicalmechanism models. Because the ELCM can make a good balance between accuracy
and computational complexity, the Thevenin model was applied for the estimation of SOCin this
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paper. Fig. 1 shows the schematic of the Thevenin model, in which U is the ideal open circuit
voltage, U, is the terminal voltage, R, is the internal resistance, R, is the polarization resistance and

C, is the polarization capacitance, 1, is the current which is positive when the battery is discharged.

Fig. 1 The Schematic of Thevenin modeol
The Thevenin model equations can be derived as (1).

U,=- 1 UpﬂuilL
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Because the battery experiment data is discrete, the battery model must be derived into discrete
form in order to apply the input and output experiment data of the battery. The discrete form of the
battery model at the sample time k was derived as(2). At is the sampleinterval.

At At

Uy=e " xU,+(1-e Rpcp)lekap.(Z)
UT,k =-U pk ROIL,k +Uoc,k

Parameter Identification

Before the SOC estimation, the relationship between the battery model parameters and SOC must be
identified. In this work, the experiment object was a 12 Ah lithium-ion ferrous phosphate battery. The
experiment procedure was: 1. discharging the battery to 0% SOC; 2. resting the battery for 2 hours
every time when the battery was charged 5% SOC with 0.5 C charging current until the battery was
fully charged; 3. resting the battery for 2 hours every time when the battery was discharged 5% SOC
with 0.5 C discharging current until the battery was fully discharged; 4. getting the mean value of U,

and R,through calculation; 5. achieving the R and C,using the least square fitting method. The
fitting equations of battery model parameters with SOC were shown as (3).

U,.(SOC) = 3.1024 +1.2951SOC —2.1452S0C? +1.089SOC3*(V)
R,(SOC) = (3—7.6821SOC +36.34SOC” —98.8950C?%) x107%(2)
R,(SOC) =(9.0234 —117.5S0C +749.6SOC? — 2486SOC*) x107*(Q)
C,(SOC) = (0.0029 +0.1987SOC —1.2314S0C? +4.1253S0C*) x10°(F)

.3)

SOC estimation algorithm

State-space of Battery Model
The SOC of the battery could be achieved by coulomb counting, as shown in (4). 7 is the coulombic

efficiency. Atis the sample interval. k is the sample time. C; is the capacity of the battery.
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~ At (k1)
SOC(k) = SOC(k —1) 36000, .(4)

Combining the (2) and (4), the state equations and observation equation could be derived into
matrix form as shown in (5) and (6). @~ N(0,Q) is the process noise. v ~ N(0,R) is the measurement

noise. Cov(w,v) =0.

At

At

— _RDCP
Yo —le ™ 0 Upit + Rolle ) I+ Coks .(5)
soC, soc, , nAt HE T osocka

0 1
3600C,
U, —RI U
UT ‘ — _1 oc,k o 'L,k p|k +Uk (6)
’ SOC, soc,

AEKF and Its Shortages
For using the AEKF, the state equations of the battery model were linearized and the matrix form was
shown as (7).

At ﬁ
U 1- 0|(U C (O
( } R,Cy [ ]+ " um( }(7)
SOC, 0 1 SOC, nAt D50C k-1
3600C,

The linearized Thevenin model was shown as (8).

{Xk = f (X0 U) T o » A X +B U o ®)
Y = h(x,u) +v, = C X+,

At At
U - 0 C Uy R, |
With x, =| " LV, =UL A = R C B, = P G, =| -1 —ock " TolLk |
k (SOCJ Yi =Un: A Op p . k DAt k —SOCk
3600C,

Observed that C, was meaningless if SOC, was zero, so the variable substitution method was
applied that U, (SOC,) was substituted with U . (SOC, —SOC,), which SOC, is positive.

The procedure of AEKF was shown in (9)~ (10).
Initialize with:

Xor Py, Qo Ry (9)

Prediction:

{kk =A X+ Byl (10)

|3k = Ak—lpk—lA;r—l +Qa

Update:
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Hk:_ Z eieiT, Rk:Hk_CkPkCI-(ra Qk:KkaKJ(ll)
M i=k—M +1

X =X, + K&

P = (I -K.C)P,

Y, is the experimental data. Through the calculation procedure of AEKEF, its shortages could be

summarized that the AEKF linearized the state equations, which led to systemic high-order truncation
errors, and the AEKF had to compute the Jacobian matrix, which caused the calculation complexity.

PAUKF SOC Estimation Algorithm

The PAUKF was based on the unscented Kalman filter technic which can transfer the mean and
covariance values of the battery state that is no need to linearize the state equations of the battery
model, so that the higher estimation accuracy can be achieved.

The key technic of UKF is the unscented transformation which needs the roots computation of the
covariance matrix that may have the matrix singularity problem because of the rounding errors of the
computer. In this paper, this problem could be resolved by the parallel arithmetical technic.

The procedure of PAUKF was shown in (12)~ (20)

Initialize with:

%o B =Ry Posoc)r Qo = (QousQusoc): Ro- (12)

Generating Sigma points:

d =D %+ 1R X — 1P 1 (i =0,1,2). (13)
r=+3
=0 (14)

Jd#0

H

Ol wIN

Prediction:

With (5), the prediction of the battery state equations could be achieved as(15).

2
i=0

2
7 .(15)
If’k,u = ZWi (Up,k,i _Up,k)X(Up,k,i _"jp,k)T +Qc1u

i=0

2
Pisoc = ZWi (SOC,; —SOC, ) x(SOC, ; - SOC, )+ Q«_1.50c
i=0

With (6), the prediction of the battery observation equation could be achieved as
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2
U =D wWlUs ;- (16)
=

Update:

2

Ri,u, = ZWi (UT,k,i _UT,k)(UT,k,i _UT,k)T +Ry

i=0

2
Pup,uT = ZWi Ui “Up Uy —Ug ) .(17)
i=0

2
Psocu, = ZWi(SOCk,i =-S80C,)(Ur _UT,k)T
i-0

-1
= X
Kk,u R o Ur PuT Ur

Ki.soc = Psocu, X Pu;l,uT

Uy = Ljp,k +Kyy Ur i _LjT,k)
SOC, =SOC, + Ky soc Uz x —U1 )
{Pk,u = |5k,u - Kk,U PuT Ur KII,U

—-p T
I:)k,SOC - I:)k,SOC - Kk,SOC PUT Ut Kk,SOC

.(18)

.(19)

& =Yy -[-U ok — RolLk +Uoc(SéCk )]
1 & .
Hy :Mi:kZMﬂeieiT, R, =H, -CRRC (20)

Qk,u = Kk,u HkKII,U

_ T
Qk,SOC - Kk,SOC H k Kk,SOC

Experiments and validation

In this paper, the Federal Urban Driving Schedule (FUDS) was applied to validate the the accuracy
and preponderance of PAUKF SOC estimation algorithm.

The FUDS experimental current profile was shown in Fig. 2, which was achieved by the
experiment of a electric car.
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Fig. 2 The FUDS current profile
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The measured terminal voltage, PAUKF terminal voltage estimation and AEKF terminal voltage
estimation were shown in Fig. 3. From Fig. 3, the good accuracy of terminal voltage estimation was
validated. The real SOC of the battery, PAUKF estimated SOC and AEKF estimated SOC were
shown in Fig. 4. The detailed error statistics was given in the Table 1. Obviously, the PAUKF SOC

estimation method has higher accuracy and preponderance over AEKF, and the the mean SOC
estimationerror is less than 2.4%.
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Fig. 3 The Measured and estimated terminal voltage under FUDS
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Fig. 4 The estimated SOC with PAUKF and AEKF under FUDS

Table 1 Error statistics analysis

Aldorith Mean Estimation error
gorithm Terminal Voltage (mv ) | SOC (%)
PAUKF 17 2.37
AEKF 25 4.74

Conclusions

In this work, a novel SOC estimation algorithm was presented using the technic of parallel
arithmetical unscented Kalman filter. A ELCM battery model and the parameter identification were
studied. Then, the AEKF and PAUKF SOC estimation algorithms were proposed and derived, and the
disadvantages of AEKF were discussed. Finally, the comparison and validation were presented. The

results showed the PAUKF has obviously preponderance over AEKF, of which mean error is less
than 2.4%.
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