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In order to improve the accuracy of the battery state of charge (SOC) estimation, in this paper we take a lithium-
ion battery as an example to study the adaptive Kalman filter based SOC estimation algorithm. Firstly, the second-order
battery system model is introduced. Meanwhile, the temperature and charge rate are introduced into the model. Then, the
temperature and the charge rate are adopted to estimate the battery SOC, with the help of the parameters of an adaptive
Kalman filter based estimation algorithm model. Afterwards, it is verified by the numerical simulation that in the ideal
case, the accuracy of SOC estimation can be enhanced by adding two elements, namely, the temperature and charge rate.
Finally, the actual road conditions are simulated with ADVISOR, and the simulation results show that the proposed method
improves the accuracy of battery SOC estimation under actual road conditions. Thus, its application scope in engineering

is greatly expanded.
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1. Introduction

As an important storage medium, lithium-ion batteries
have already been widely applied to electric vehicles (EV),
new energy field, etc.!'®! The battery state of charge (SOC)
is an important indicator reflecting the battery status.!”8! Re-
cently, quite a lot of researchers and experts have proposed
many estimate methods in terms of lithium-ion battery SOC,
such as the Ampere—Hour method, 1 the extended Kalman fil-
ter method, 19141 the adaptive Kalman filter method, U5-17] the
Bayesian filter method, '8! the fuzzy recognition method, "]
the fuzzy extended Kalman filter method, 2% the radial neu-
ral networks method,?! etc. Among them, the error of the
Ampere—Hour method proposed in Ref. [9] reaches 20% when
SOC is small. The extended Kalman filter method proposed in
Refs. [10]-{13] has a higher accuracy than the Ampere—Hour
method, but its error still exceeds 8%. In addition, the adap-
tive Kalman filter method is proposed in Refs. [15], [16], [17],
and [14], whose simulation parameters have been updated and
the error accumulation has been improved. However, it has
not fully taken into consideration the influences induced by
the temperature and discharge rate, and thus its error reaches
5% when it is in a steady state. In Ref. [18], the error of the
Bayesian filter method is 2.4% in an ideal state, but its error
experiences a substantial increase in practical applications. In
Refs. [19] and [20], the fuzzy recognition method is proposed,
whose simplified model of estimation increases error, reach-
ing 9%. The radial-basis-function neural network method pro-
posed in Ref. [21] enjoys a low relative error of 3%, but it
requires a huge computational amount. Above all, in prac-

DOI: 10.1088/1674-1056/24/9/098801

tical application, these methods still cannot well satisfy the
requirements for high-precision SOC estimation under com-
plex operating conditions. Therefore, for practical engineer-
ing applications, in this paper we introduce the temperature
and discharge rate into the existing second-order model of the
lithium battery, improving the accuracy of battery SOC esti-
mation and enhancing its usability with the adaptive Kalman
filtering method.

2. Theory of SOC

The SOC refers to the current electricity stored in the bat-
tery, namely the remaining capacity. It is a main parameter for
reflecting the battery status. Typically, SOC is defined as the
ratio of the remaining battery capacity to battery capacity, in a
certain discharge environment

o, o _, no_, mno
SOc(t)_QN : ON ON : nroN’

Here, O\ is the nominal capacity, Q. is the remaining battery

ey

capacity, which refers to all of the battery capacity voltage ob-
tained by fully discharging the battery with the rate of C/30
at room temperature (25 °C); Q; means capacity consumption,
whose value is equal to the difference between nominal ca-
pacity and standard residual capacity; Oy is the actual power
consumption of the battery, which refers to the power capacity
released by a fully charged battery under the actual operating
temperature and discharge rate; 7 is the coefficient of battery
efficiency, which contains temperature coefficient 1t and dis-
charge rate coefficient ;. Moreover, the relationship between
them can be defined as n = 1;/nr. The Qr can be converted
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into Q; by introducing the coefficient of battery efficiency 1,
which facilitates the calculation of SOC.

In reality, SOC is affected by many factors, such as the
discharge rate, cell temperature, etc. In order to improve the
instantaneity and accuracy of SOC estimation, two parame-
ters, i.e., 1; and Mt are introduced to reflect the influence
caused by discharge rate and cell temperature on the SOC. The
modeling of the two parameters will be hereinafter described
in detail.

3. Modelling the lithium-ion battery
3.1. Second-order RC equivalent circuit model

In order to fully illustrate the dynamic characteristics of
the battery, and to make the amount of calculation for SOC es-
timation meet the actual demand, a second-order RC model of
the battery is established as shown in Fig. 1. In the model, Voc
refers to the open-circuit voltage (OCV) of the battery; R, is
the ohmic resistance of the battery; R, and C, are used to sim-
ulate the fast response properties of the battery dynamic char-
acteristics; Ry and Cj are used to simulate the slow response be-
haviors of the battery dynamic characteristics; the sum of two
RC loop voltages is the polarization voltage of the battery.[*?]
Meanwhile, the measured voltage and working current of the
battery are represented as V and i respectively, where i is posi-
tive when the battery is in the SOC, and i is negative when the
battery is in a discharged state.

= Vo

Fig. 1. Second-order RC Model of the battery.

For formula (1), by taking time derivatives on both sides
of the equation, we have

O _ —mii®)
On  7MrON

The system state variables are selected as follows. The

SOC(t) = )

SOC represents the remaining capacity of the battery; V;(r)
represents the voltage of the loop R,Cp; and Vj(t) represents
the voltage of the loop R|C;. Meanwhile, the formula of system
state variables is & = [ SOC(r) V,(r) Vi(r) ]T, which takes the
current i(t) as the input, while voltage V (¢) of the battery ter-
minal as th output. Thus, according to the relationships within
the second-order RC loop equivalent circuit model and for-
mula (2), we can obtain the state equation of the second-order
RC equivalent model as follows:

. 1 1
VP(t):—?pr(t)+Fpi(t), (3)

. 1 1

Vi(t) =——WV(t)+ =i(t). 4

(0= =20+ i) @
In Eqgs. (2)—(4), On is the nominal battery capacity, while
T, = RyCp and 7y = RiC,.[">1) The output equation of the
model is

V(1) = Voe(SOC) =V, (£) = Vi (t) — Rei (1) (5)

In Eq. (5), Voc(SOC) indicates the open circuit voltage
calculated with the SOC of the former state battery, and the
specific expression is Eq. (7).

3.2. Modeling the parameters of the second-order RC bat-
tery model

3.2.1. Open circuit voltage and SOC model

The Vo (SOC) in Eq. (6) represents the open circuit volt-
age (OCV). The OCV refers to the potential difference be-
tween two terminals in the primary battery when there is no
current through the primary battery, and referred to as the elec-
tromotive force of the battery. Moreover, the OCV and SOC
have the following piecewise linear relationship:

Voe (SOC) = kSOC +-d. (6)

In Eq. (6), k and d vary with SOC, and thus they are not zero.
Their values will be determined in the experiment below.

To determine the relationship between OCV and the SOC,
the following steps are taken. Firstly, discharge the fully
charged 3.3 V, 1.2 Ah lithium battery for half an hour with
a rate of 0.1 C, and then disconnect the battery discharge cir-
cuit for two-hours standing to make the battery fully reach a
steady state. Afterwards, measure the variation of battery ter-
minal voltage with time and make it equivalent to the OCYV,
and then calculate the discharge capacity within half an hour.
Then, take this as a cycle and repeat the discharge process un-
til the end of the experiment. Finally, for the experimental
results, use the interpolation method to fit the piecewise first-
order polynomial approximation, with the results shown as

Ve (SOC) = 0.0350S0C +2.8100, (0 < SOC < 8),

Vo (SOC) = 0.0120SOC +3.0070, (8 < SOC < 20),

Ve (SOC) = 0.0006SOC +3.2260, (20 < SOC < 40),

Voe (SOC) = 0.0010SOC +3.2072, (40 < SOC < 60),

Voe (SOC) = 0.0021SOC +3.1530, (60 < SOC < 80),
(soC) = (

Voc (SOC) = 0.0013SOC +3.2120, (80 < SOC < 100). (7)

3.2.2. SOC Models of Discharge Rate

In Eq. (2), n; shows the discharge rate coefficient, which
is used to explore the magnitude of the effect caused by dif-
ferent discharge rates on SOC. As indicated by the discharge
characteristics of a lithium battery, the greater the discharge
rate, the smaller the available discharge power is. Meanwhile,
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the charging capacities obtained with different charge rates are
not the same. The effects of discharge rate on the battery ca-
pacity have been studied.[”>! Thus, according to the experi-
ments in Ref. [23], we can use the interpolation method to fit
the relationship between the battery rate coefficient and the
discharge rate, and obtain a polynomial fitting curve equation

about 7n; as
ni = 0.0015* —0.0199:% +0.0953:* — 0.1983i +0.9514. (8)

Here, i refers to the reciprocal value of the time required for
fully discharging the battery capacity in the charge rate. As
shown in Eq. (8), with different values of charge-discharge
rate i, the degrees of cell polarization are different, resulting in
the influence on battery SOC, and the degree of the influence
can be quantified by using the rate coefficient 1;, as shown by
the experimentally measured plot in Fig. 2. Figure 2 shows
that within the range of 1 C, 7; decreases in a small range as
increases.
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0.8

Discharge rate coefficient

Fig. 2. (color online) Fitting curve of discharge rate coefficient.
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Fig. 3. (color online) Fitting curve of temperature coefficient.

3.2.3. SOC model of temperature

In Eq. (2), Nt represents the temperature coefficient. At
different ambient temperatures, battery power changes nonlin-
early with cell temperature, which further affects the battery
performance and life. Meanwhile, the actual operating tem-
perature of the lithium battery pack is not a constant. There-
fore, we must consider the effect of temperature on the SOC
value when we estimate the battery SOC, and establish a cor-
responding SOC model of temperature. Some scholars have

studied the effect of temperature on the battery capacity.?¥

Thus, according to the experiments in Ref. [24], we use the in-
terpolation method to obtain a polynomial fitting curve equa-
tion, which reflects the relationship between temperature and
temperature coefficient as

nr = —0.00000004427* 4 0.000018777"
—0.0001527% +0.0062T +0.8933, )

where T is the temperature of the battery (in units of °C).
Equation (9) indicates that the battery internal resistance is
inconsistent because of the different values of temperature T
during the charging and discharging process, which affects
significantly the battery SOC and the extent of such an effect,
and is characterized by the temperature coefficient 1. The
experimentally measured temperature is shown in Fig. 3. It
can be seen from the figure that as the temperature 7 rises, Nt
increases.

4. SOC estimation algorithm based on adaptive
Kalman filter

4.1. Linear dispersion of lithium-ion battery model

Based on the above modeled lithium-ion battery state
equation, we set the state variable of the lithium-ion battery
state equation as @ = [x(t) xa(f) x3(r) ]T, where x; (1) =
SOC (1), x2 (t) =V, (t), and x3 (1) = V; (). Meanwhile, system
input is the current of the battery end and u (¢) = i (¢); system
output is the voltage of the battery end and y (#) = V (¢). Thus,
the lithium-ion battery model is expressed as

&= f(z,u)+To, (10)
y=gxu)+v, (11
where

niu

NTON

1

f(zu) = et
—;l)g—i-au

g(x,u) =kx; —xp —x3 —Reu+d.

Here, I' is the noise matrix, and I" = [0.01 0.01 0.01 ]T; [0}
and v denote the process noise and measurement noise re-
spectively, which are used to demonstrate the unknown dis-
turbances the battery is subjected to while operating.

From formula (10), it can be seen that the temperature
factor 1t and the charge-rate factor 1); are introduced into the
state equation of the battery, and the existing equation is thus
optimized. Moreover, the adaptive estimation algorithm men-
tioned below is based on this model. Therefore, in practical
applications, the adaptive Kalman filter based battery SOC es-
timation algorithm proposed in the paper can correct the en-
countered factor of the temperature and charge rate.
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After performing the first-order Taylor expansion of
f(x,u) and g(x,u), then we obtain the following results:

flzu) = f(z(t),u(t))

L @) 2 (,u)

o+ ————= ou, (12)
ox x(0),u(t) du x(1).u(t)
g(xu) ~ g(x(t),u))
w Sz + w Su. (13)
T () u() U 1x()u()

As shown in the above formula, the linearized lithium-ion bat-
tery nonlinear model is

ox=Adx+ Bbu+Tw, (14)
6y =Ci0x+Ddu+v+d, (15)
where
0 0 0
At:w —lo -1/, 0o |,
T lx()u) 0 0 —l/g
__
NroN
df (x,u) !
B: = e B
t du x(1),u(t) Cp
1
G
dg(x,u
C,= ga( ) = [k -1 -1],
& x(t),u(r)
D = ‘agéx’”) = Re.
U x(e),u()

The linearized equation mentioned above is discretized to fa-
cilitate the calculation on the computer. Meanwhile, in order
to simplify operation and improve efficiency, an approximate
discrete method is adopted in the paper. Furthermore, since the
processes for charging and discharging the lithium battery are
often slow (> 3600 s), the sampling frequencies for simulation
and experiment are both set as Ty = 1 s in the paper.

According to the nature of the system observability, it can
be known that the observability matrix of systems (14) and
(15) is as follows:

C
CA, |. (16)
C A2

O:

Substituting matrices A; and C; into Eq. (16) yields
k —1 -1
o=|0 1/g l/n |. (17)
0 —1/7p -1/t

It can be obtained by the above-mentioned description
that: (i) & is the coefficient used to fit the relationship between

the open-circuit voltage and the SOC, and it can be known by
combining with the modeling results hereinafter that & > 0; (ii)
obviously, 7, = RpC}, and 7y = R1(3, and both 7, and 7y are both
greater than 0.

Therefore, it can be obtained by performing an elemen-
tary row transformation on Eq. (2) that
k-1 -1 1 —1/k —1/k
o=|0 1/g /7 -0 1 /T | .(18)
0 —-1/7p —-1/7 0 0 7-1

According to the above definitions, it can be known that
fast response time constant 7, = R,C,, and slow response
time constant 7y = RCj; by definition, 7 > 7, > 0, namely
T, — T # 0; thus, the rank of matrix OR(O) =3, i.e., O is the
full rank, so the system is observable.

After discretizing the linear model mentioned above, then
we obtain the linear discrete model of the lithium-ion battery
as

Tiy1 = Agxy + By + Iy, (19)
vi = Crxy + Dy + Vi +d. (20)

The mean values of process noise @ and measurement
noise Vi are E [oy] = g and E [v¢] = ry, respectively; the
variance of process noise @ and measurement noise Vy are

T T
E [a)kcoj} = Qi6j and E [vkvj } = Ry0j, and they are un-

related to each other, namely, E {(okva] = 0; when k = j,
Oj = 1, and k # j, &; = 0. Meanwhile, g, rx, Qx, and Ry
are unavailable here, and they will be estimated by an adaptive
Kalman filter algorithm.

4.2. Estimate parameters of battery SOC model based on
adaptive Kalman filter algorithm

The parameters of the battery model are calibrated by
a 3.7 V, 300 mAh polymer lithium-ion battery produced by
Incel Science & Technology Co., LTD. Moreover, a high-
precision battery testing system (8 channels, 5 V, and 500 mA)
is adopted to achieve the implementation of custom discharge
condition for battery, where the sampling interval is 1 s, and
the sampling precision is +0.1%. Meanwhile, the current and
voltage of the battery are recorded in the whole process. Then,
the forgetting factor least square algorithm is used to iden-
tify the relevant parameters for the battery model and the re-
sults are as follows: R, = 0.17 , R, =0.15 Q, C, =81 F,
R =025Q,and GG =75F.

We set the estimated value & and the error covariance P,
of the initial state as &9 = E[xo] and Py = E[(xo — £0) (20 —
#0)T], respectively.

When k= 1,2,..., the state and error covariance at time k
are time updated with state and error covariance at time k — 1,
as follows:

k-1 = f (@1, 1) + L@, 2D
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Py = AP AL+ TQ T (22)

Here, ;1 and Py_; denote the priori estimated value of
state and error covariance at time k respectively. The matrix of
Kalmann filter gain Ly is

-1
Ly = Py C{ (Cy Py 1 C{ + Ry—y) . (23)

More accurate estimation results are obtained by measur-
ing the updated state and error covariance matrix with output
measurement at time k,

&) = Bp—1 + Lidi, (24)
Py = (I — LCx) Pyy—1, (25)

where Ji = yx — (C&yjq1 +Dug +d) — 11

Moreover, in the dynamic system described by Eqgs. (19)
and (20), w; and wv; are taken as independent white
noises. Meanwhile, it is based on the observed value
{Y0,¥1,¥2,---,Yk—1, Yk} that the adaptive Kalman filter obtains
state estimation. Then, according to the theory, the maximum
a posterior (MAP) can be estimated.

Set the statistical characteristics for the initial state x as

Elxo] =Xo, Varlxo] = E[(wo —Zo)(x0 — o) '] = P, (26)
Covlxp,@¢] =0, Cov|xg,Vi] =0. 27
Sage and Husa!'”l proposed a noise statistics suboptimal

maximum a posteriori unbiased estimator based on the ob-
served value, which is

1 k—1
Q=1 = 37 {xji—Arxi—1/j-1}, (28)
j=1
1 k—1
Qk—l = 7]{_1 . 1{xj/j*Akxj71/j—l*5]j}
j:
x{xj ;= A1y =4} (29)
1 k—1
Tl = 727 1{y,-—Ckxj/j_l} (30)
j:
1 k—1
Ry = r—1 {yj=Cexjyj1—rj}
j=
< {yj = Cexjyjo =i} 31)

Furthermore, the state parameters and noise statistics can
be alternately estimated with the above recursion formula.
However, for a system whose amount of noise is time-varying,
the old and new data should be dealt with separately. In other
words, the historical data that are too old should be gradually
faded out or forgotten, while the weighting coefficient for new
data should be increased properly. The weighting coefficient
Bi can be selected according to the following faded or forgot-
ten law:

k
Bi=Bi1b, 0<b<1; Y Bi=1 (32
i=0

Here, b is the forgetting factor and the distribution for descend-
ing probability is as follows:

Bi=bdi 1, diy=(1-b)/(1-b"),
i=0,1... k—1. (33)

Then, multiply each term by f;_; to replace the original
1/(k— 1) in the above-mentioned noise estimator, and thus the
time-varying noise estimator can be obtained, namely, gy, 7%,
Qk, and Rk.

The updating of gy, 74, O, and Ry gives!!#23]
gr = (1 —di 1) gr—1 +dp 1 G (2") (34)
Qi = (1—di1) Q-1 + k1 G(LiFiFy Ly
+ P — A1 Py Af,)GT, (35)
re = (1 =di1) re—1 +diet (e — Cre1x”), (36)
Ry = (1—dj_1) Ry +di—y (7). (37

Here, G = (I'')I'Y, d;_1 = (1 —b)/(1 —br), and b is the
forgetting factor. Meanwhile, 0 < b < 1 and we take b = 0.98
and ' = [0.01 0.01 0.01]".

5. Experimental simulations of
Kalman filter based SOC estimation

5.1. Simulation results of adaptive Kalman filter with con-
sidering only temperature factor

adaptive

Let the battery temperature be stable at about 40 °C, and
DC electronic load be able to be programmed by using the
single input of built-in high-performance current controller
IT8513B, then the discharge testing will be carried out for
a 3.3V, 1.2 Ah lithium-ion battery with a discharge rate of
8/15 C. Meanwhile, in this paper, the ACS758 Hall current
sensor produced by Allegro is adopted to measure the current
signal, whose current output sensitivity is 60 mV/A. Then,
according to the measured current, the SOCs of the lithium-
ion battery based on the adaptive Kalman filter algorithm with
and without introducing (namely, set Nt = 1) into the battery
model are estimated respectively, where 1), takes the value cor-
responding to the time of discharge. Referential SOC is ob-
tained by the integral relationship between power variation and
the standard current. From Fig. 4 it is obvious that the error
of the adaptive Kalman filter without introducing 1y is greater
than that with introducing 1.

As can be seen from Fig. 5, the error of the adaptive
Kalman filter with introducing 1 does not exceed +4%, while
that of the adaptive Kalman filter without introducing 1t expe-
riences a large-range fluctuation in the later stage, even reach-
ing —9%. It is because the total capacity of the battery will
vary with temperature, and thus the algorithm will produce a
large error without introducing 1t coefficient to modify the
estimation algorithm at different temperatures.
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T reference SOC values
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Fig. 4. (color online) Effects caused by temperature on SOC estimation.
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Fig. 5. (color online) Error caused by temperature on SOC estimation.

5.2. Simulation results of adaptive Kalman filter with con-
sidering only charge-rate factor

Let the battery temperature be stable at about 25 °C, and
DC electronic load be able to be programmed by using the
single input of built-in high-performance current controller
IT8513B, then the conduct discharge testing will be carried
out for 3.3V, 1.2 Ah lithium-ion batteries with a discharge rate
of 13/15 C. Meanwhile, in this paper, the ACS758 Hall current
sensor produced by Allegro is adopted to measure the current
signal, whose current output sensitivity is 60 mV/A. Accord-
ing to the measured current, the SOCs of the lithium-ion bat-
tery based on the adaptive Kalman filter algorithm with and
without introducing 7); (namely, set T = 1) into the battery
model are estimated respectively, where 7t takes the value
corresponding to the time of discharge. Referential SOC is
obtained by the integral relationship between power variation
and standard current. From Fig. 6, it is obvious that the error
of adaptive Kalman filter without introducing 1); is greater than
that with introducing n;.

As can be seen from Fig. 7, the error of the adaptive
Kalman filter with introducing 1; does not exceed £3%,
while that of the adaptive Kalman filter without introducing 1;

T T T T T T T T T
- — - reference SOC values
—— adaptive Kalman filter algorithm with 7; introduced
0.8 — - adaptive Kalman filter algorithm without introducing 7;
0.6[ 1
@]
@) 0.44 |
0.4
E 0.40
[ @
0.36 /
0.2 0.32 \\
1250 1350 1450 1550 1650
L t/s 4
0 I 1 1 1 I 1 1 1 1
0 400 800 1200 1600 2000

t/s

Fig. 6. (color online) Effects caused by charge-rate on SOC estimation.

experiences a large-range fluctuation in the later stage, even
reaching 8%. It is because the total capacity of the battery will
vary with the charge rate, and thus the algorithm will produce
a large error without introducing the 7n; coefficient to modify
the estimation algorithm in different charge rates.

—— adaptive Kalman filter algorithm with 7; introduced
8t - - adaptive Kalman filter algorithm without introducing n;

Relative error/%

1200 1600

0 400 800
t/s

2000

Fig. 7. (color online) Effect of error caused by the charge rate on SOC
estimation.

5.3. Simulation results of adaptive Kalman filter with con-
sidering both temperature and charge rate factor

In the paper, in order to enhance the SOC estimation by
considering both temperature and charge rate, a battery model
of electric vehicles in ADVISOR is established. Moreover, it
is verified by the actual road conditions. At the same time,
the NYCC operating conditions in the ADVISOR are chosen
as the actual road conditions. Meanwhile, in ADVISOR, the
main parameters are set as follows: a GM-EV1 electric car of
the transmission module, MC_AC124_EV 1 _draft of the motor
module, WH_SMCAR_REGEN of the wheel or axle module,
ESS_LI7_rc_temp of the battery module (energy storage), and
TX_1SPD of the transmission module. Moreover, the NYCC
operating condition represents the New York City Cycle, the
specific parameter for travel time is 598 seconds; the mileage
is 1.9 km; the maximum speed is 44.58 km/h and it reaches
an average speed of 11.41 km/h, while the maximum acceler-
ation is 2.68 m/s2, and the total idling time is 210 s. In this pa-
per, six complete segments of NYCC operating conditions are

098801-6



Chin. Phys. B Vol. 24, No. 9 (2015) 098801

merged to reach a total time of 3588 s, and other detailed con-
ditions are the same as the standard NYCC conditions. Then,
the reference SOC in ADVIOSR is directly cited. The final
simulation results are shown in Figs. § and 9.

0.96 T T T T T T T
- - - reference SOC values 1
0.941 adaptive Kalman filter algorithm with 7 introduced 7
0.92 [ - - - expand Kalman filter algorithm without introducing n ]
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@) byt ,'n e ) o NI \ | : A
O 0.88 g ]'t”us‘ SN TR ‘M'\“Pll prt . ” TR
ZE “u ]m{\ﬁ‘ Mt 11 T:\flw’s M‘\ I Vv‘}\'ﬂwu”‘: ;}iu,'\ :::l'« ";‘,”\Il'; 'IIH‘:. ' y
. [ TR O IAINA \ \ | W ) !l T
R \“‘.“‘ T‘y‘\@ i w i W W " A il N" i %ﬂ Il i I e 1 fif'l"‘
0.84} \" : ) |:I'1' H‘IIII ”‘ll“l I:\ |I z L[' “H. i1 VF | }ﬂ:m“‘\'l ?i i , 4
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Fig. 8. (color online) SOC estimation with considering temperature and
charge rate.
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Fig. 9. (color online) Error caused by temperature and charge rate on
SOC estimation.

It can be clearly seen from Fig. 8 that the adaptive
Kalman filter based SOC estimation method can be greatly
improved by taking into account the influences of temperature
and charge rate. Thus, its engineering practicability can be en-
hanced. Figure 9 shows that the error of the adaptive Kalman
filter algorithm without considering 1 (temperature and dis-
charge rate) is nearly 3%, while that with introducing 1 can
better control the error at about 1%. Moreover, the error of
the extended Kalman filter SOC estimation method is much
larger than that of the adaptive Kalman filter SOC estimation
method with introducing 717. Thus, the adaptive Kalman filter
SOC estimation method with introducing 1] can estimate the
SOC more accurately.

6. Conclusions

In the paper, the temperature and the charge-rate parame-
ters are introduced into the second-order system model of the

battery. Meanwhile, the parameters of the battery SOC model
are corrected online by using an adaptive Kalman filter. Then,
it is verified by numerical simulation that the factors of the
temperature and charge rate affect battery SOC estimation. Fi-
nally, the actual road conditions are simulated with ADVISOR
while taking into account the influences of the temperature
and charge rate. The results show that the proposed method
enhances the accuracy of battery SOC estimation. Thus, its
application scopes in engineering are greatly expanded.
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