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It is widely accepted that the variation of ambient temperature has great influence on the battery model parameters
and state-of-charge (SOC) estimation, and the accurate SOC estimation is a significant issue for developing the battery
management system in electric vehicles. To address this problem, in this paper we propose an enhanced equivalent circuit
model (ECM) considering the influence of different ambient temperatures on the open-circuit voltage for a lithium—ion
battery. Based on this model, the exponential-function fitting method is adopted to identify the battery parameters according
to the test data collected from the experimental platform. And then, the extended Kalman filter (EKF) algorithm is employed
to estimate the battery SOC of this battery ECM. The performance of the proposed ECM is verified by using the test
profiles of hybrid pulse power characterization (HPPC) and the standard US06 driving cycles (US06) at various ambient
temperatures, and by comparing with the common ECM with a second-order resistance capacitor. The simulation and
experimental results show that the enhanced battery ECM can improve the battery SOC estimation accuracy under different

operating conditions.

Keywords: lithium—ion battery, parameter identification, state of charge, ambient temperature

PACS: 82.47.Aa, 07.05.Tp, 88.85.Hj

1. Introduction

Recently, lithium—ion batteries (LIBs) have been widely
and extensively used in electric vehicles (EVs) due to their
merits such as high energy density, no memory effect, low self-
discharge, and long lifespan as opposed to the other types of
batteries including lead acid, nickel metal hydride, and nickel
cadmium.!'-%! To guarantee the safe and reliable operation of
battery packs, it is essential to provide accurate and prompt
battery state information like terminal output voltage (TOV)
and state of charge (SOC) through battery management system
(BMS). Moreover, it should be noticed that due to variable op-
erating conditions for EVs, especially at higher or lower am-
bient temperatures, battery capacity, internal resistance, and
other parameters will accordingly change, which brings about
some difficulties in predicting the battery internal stats and
SOC.

To estimate battery SOC, many scholars have developed
various model-based estimation approaches like electrochem-

7-101 and equivalent circuit models (ECMs).[11-14]

ical models!
Here in this paper, the electrochemical models are based on
the first-principles theory, which describe the micro-reactions
inside LIBs in depth, and have a clearer physical meaning.
However, they have a complex structure based on partial dif-
ferential equations, often necessitating model simplification or
reduction. (815161 The ECMs are commonly used in the BMS

because they can reduce the complexities in parameter identi-
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fication, SOC estimation, and control design for battery vari-
ous operations. Nevertheless, the parameters of the ECMs are
derived from empirical electric circuit structure and have no
immediate electrochemical meaning, which could cause larger
errors especially at low SOC region.!'718]

Besides, in recent years, many studies on the battery
temperature have been found in the relevant literature.[!-2?]
Chuang et al.!'! proposed a temperature-compensated model
of lithium—ion polymer batteries for SOC estimation in med-
ical devices by considering temperature effects in a range
from 37 °C to 40 °C. Liu et al.'*°! designed a temperature-
compensated battery model with a dual-particle-filter estima-
tor to improve the SOC estimation against parameter pertur-
bations caused by the ambient temperature and noise interfer-
ence caused by the drift current. Lu et al.!*'! proposed an
integrated SOC algorithm that combines an advanced ampere-
hour counting method and multistate open-circuit voltage
(OCV) method. Luo et al.??! proposed an offset item to de-
velop the observer equation in the estimation model to address
the precision at lower ambient temperatures. Therefore, it is
easily concluded that ambient temperature is a considerable
factor for battery TOV and SOC estimation.

However, a few of issues have been rarely discussed in
the existing literature. First, the variation of OCV-SOC is
practically dependent on the ambient temperature, while it is
usually ignored. In other words, the OCV-SOC relationship
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at a certain temperature would yield a lager error if it is em-
ployed in the other ambient temperature. Second, the battery
parameter, especially battery impedance, is greatly affected by
the ambient temperature.!>?! Yet, it is always assumed to be a
constant in most of the existing literature. Third, the differ-
ences between the OCV-SOC:s for a battery under charge and
discharge conditions are seldom considered and discussed in
previous literature, and the hysteresis phenomena of battery
OCYV are usually neglected during different cycles.

To address these problems, Xing et al.'**! developed an
off-line OCV-SOC temperature table based on the internal re-
sistance model to describe only the effects of ambient tem-
perature on OCV. The experimental results indicated that the
estimation based on the developed model provides more accu-
rate SOC with smaller root mean squared error (RMSE) and
mean absolute error (MAE) at various temperatures. Yang et
al.'») established a correction scheme for the temperature de-
pendence of OCV, capacity, and resistor—capacitor (RC) pa-
rameters in the estimator, but it is only suitable for transient
response of LIBs with short time constant. Du ef al.!*®! estab-
lished a temperature-compensation model in a wide tempera-
ture range from 0 °C to 40 °C, in which fully considered are
the effects of SOC and ambient temperature on the Ohmic in-
ternal resistance and polarization capacitance, but it did not re-
flect the effects of ambient temperature on the polarization ca-
pacitance with a long time constant. And the OCV hysteresis
phenomenon caused by charge and discharge conditions and
C-rate was ignored. To sum up, accurate battery model can
provide SOC estimation for the model-based SOC estimation
method with higher accuracy, especially when considering the
influence of ambient temperature.

Consequently, this study focuses on constructing an en-
hanced equivalent circuit model (ECM) considering the influ-
ence of ambient temperature on the open-circuit voltage for
a lithium—ion battery, which is derived from the second order
resistor—capacitor equivalent circuit model (2RC-ECM). The
main contributions of this study are summarized as follows.
(1) By considering the influence of ambient temperature char-
acteristics on the electrical dynamics performances of LIBs,
a temperature-sensitive resistor Reenyp is added to the 2RC-
ECM to describe the change of battery impedance with ambi-
ent temperature; (ii) By considering the charge and discharge
OCV-SOC relationship under different ambient temperatures,
the parameter identification and SOC estimation are conducted
with the help of exponential function fitting (EFF) method and
extended Kalman filter (EKF) algorithm, respectively.

The remainder of this paper is organized as follows. In
Section 2 introduced are the battery experiment and data cap-
turing under different test scenarios. The battery modeling
and parameter identification are depicted in Section 3. And
the EKF-based SOC estimation procedure is presented in Sec-

tion 4. Some conclusions are drawn from this study in Sec-
tion 5.

2. Battery experiment and data capturing

The battery experimental setup is shown in Fig. 1, which
consists of i) SONY lithium nickel-manganese-cobalt (NMC)
oxide 18650 cylindrical cells (SONY Inc, Tokyo, Japan) with
graphite anode; ii) a battery test system (ITS 5300, ITECH
Inc, manufactured in Nanjing, China); iii) a thermal chamber
for controlling the ambient temperature; iv) a host computer
with monitoring software for data capturing; v) MATLAB
2016b® (the MathWorks, Inc., Natick, MA, USA) for data
analysis. In this work, the key specifications of the employed
NMC battery cell are shown in Table 1, and three separate
test schedules are conducted on this experimental setup of bat-
tery, which includes the capacity characteristic tests in charge—
discharge experiments, i.e., the hybrid pulse power character-
ization (HPPC), the standard US06 driving cycle (US06) and
the OCV-SOC at 5 °C, 25 °C, 30 °C, and 45 °C separately. For
brevity, only the test profiles of HPPC and US06 condition at
25 °C are presented in Figs. 2(a) and 2(b) and Figs. 2(c) and
2(d), meanwhile, the local enlarged drawing of the first pulse
in Fig. 2(b) is presented in Fig. 2(f).

--.---.d.aﬁt.% ..... Matlab
B | Dprocessing (R2016b)
= \
. |
host computer
HE
co.ntrol i i data capturing fixture
signal § (I/V/OCV/T) connector
- » TCP/IP
e SO Y ]
battery test system /4
ITS5300 Sony NMC18650 cell

Fig. 1. Schematic diagram of battery experimental setup.

Table 1. Key specifications of employed test battery.

Items Parameter values
Type NMC 18650
Size 18.24 x 65 mm
Nominal capacity (Ceap) 1.9 Ah
Upper cut-off voltage 42 V+50 mV
Lower cut-off voltage 20V

It should be particularly pointed out that the OCV-
SOC trajectories are generally dependent on the ambient
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[24.25.271 and the test procedure at each tempera-

temperature,
ture is described as follows.

Step 1 The battery cell is fully charged by using a con-
stant current constant voltage (CCCV) protocol of 1 C-rate un-
til battery TOV reaches to the upper cut-off voltage of 4.2 V;

Step 2 The battery cell is fully discharged at a constant
rate of C/20 until battery TOV reaches a lower cut-off voltage
of 20V;

Step 3 The battery cell is fully charged to 4.2 V at a

constant rate of C/20, which corresponds to 100% SOC. After

repeating the above Steps 1 to Step 3 at 5 °C, 25 °C, 30 °C, and
45 °C, separately, one can obtain the OCV-SOC at each am-
bient temperature as shown in Fig. 2(e). Moreover, it is noted
that the HPPC profiles are used to perform the parameter iden-
tification by using a sequence of pulse containing discharge
10% of capacity at 5 °C, 25 °C, 30 °C, and 45 °C, respec-
tively. And the HPPC test is recommended by Freedom CAR
Battery Test Manual in US.[?8] Additionally, the US06 drive
cycles are used to validate the identified parameters based on
the proposed battery model.
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Fig. 2. Plots of (a) input current and (b) voltage versus time of HPPC condition at 25 °C, (c) input current and (d) voltage versus time of US06
condition at 25 °C, (e) the OCV-SOC at 5 °C, 25 °C, 30 °C, and 45 °C, and (f) the local enlarged voltage versus time of the first pulse in

panel (b).

3. Battery modeling and parameter identifica-
tion
3.1. Enhanced battery model

The common 2RC-ECM is widely used in LIBs modeling
and SOC estimation due to these merits like higher calcula-
tion efficiency, easy implementation in engineering, and better
simulation of battery dynamics behaviors.'=3182%1 A5 can be
seen from Fig. 2(e), the variations of the OCV-SOC trajec-
tories at different ambient temperatures almost coincide with
each other in the 10%-to-100% SOC range, whereas there ex-
ists significant difference in the low SOC range less than 10%.
In other words, under different ambient temperatures (denoted
by symbol T'), the same OCV may correspond to different val-
ues of battery SOC, especially when SOC is less than 10%.

Additionally, we can conclude that the ambient temperature
has great influence on the battery electrical dynamics behav-
ior, and the SOC estimation is highly dependent on the accu-
rate modeling of LIB. Therefore, it is necessary to derive an
enhanced lithium—ion battery equivalent circuit model consid-
ering the influence of ambient temperatures, which is shown

in Fig. 3.
Ry Ry
RO Rtemp I
C Gy f—W—>—
@_)UOC(SOQT) + U, - + Uy — U
t

Fig. 3. Enhanced second-order resistor—capacitor equivalent circuit
model.
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Unlike the common 2RC-ECM of LIB cell, Remp is used
to describe the change of battery impedance with ambient
temperature, and the OCV is considered as a function of
battery SOC and ambient temperature, which is denoted by
Uoc(SOC,T), thus this enhanced battery model is composed
of Riemp, Ohmic internal resistance Ry, two parallel RC net-
works connected in series (i.e., R|—C| and R—C,), and the
battery TOV denoted as U;, with the applied current density
being 1;.

Here in this work, according to the Kirchhoff’s laws, we
can construct the state-space equations for describing the rela-
tionships among capacitor, voltage, and current of this battery,
and are described mathematically as follows:

Uc—Up
Ro,cha = ‘I
t

; 3

where Ry pisc and Ro cha refer to the values of Ry at the dis-
charge and charge conditions, respectively.

According to Eq. (1), the battery TOV in the relaxation
period (zero-input response period) can be expressed as

U, = Uoc(SOC,T) —RiLie /™ —Rylie /™
- ItRO - Ithemp7 (4)

where T = R1C1 and T = R2C2.
Moreover, according to Eq. (4), the other parameters, i.e.,

I U
1= C*t - R él ) Ry, C1, Ry, G5, and Riemp can be obtained by the EFF method.
1
_ I U, o And the battery TOV during the relaxation period can be fitted
Uy = G RGC to the exponential function form expressed as

Ui = Uoc (SOC7 T) —Uy—U;— LRy — Ithemp-

3.2. Parameter identification and validation
3.2.1. EFF-based model parameter identification

In this part, the HPPC test profiles are utilized to perform
the parameters identification and the hysteresis phenomenon
of battery OCV under charging and discharging profiles are
taken into account. For Ry, when the battery is discharged at
each pulse, the battery TOV will drop instantaneously, denoted

U =mog—mie ™M —mye !, 5)
where mg, mi, my, A1, and A, are the coefficients to be deter-
mined, which can be obtained by the EFF method.

By comparing the corresponding coefficients between
Eq. (4) and Eq. (5), the values of Ry, Ci, Ry, (3, and Riemp
can be acquired as follows:

by Ua-Usg, on the contrary, when the battery is charged at each R my c 1
pulse, the battery TOV will jump instantaneously, denoted by ! L’ 1= MR’
Uc-Up, see Fig. 2(f). Under this situation, the value of Ry can R my c 1
. . L [30-33 1=—, G=—-— 6
be acquired from the following equations:| ] I’ MRy’ (6)
Uy —Ug Uoc(SOC,T) — IRy — my
RO,Disc =\ 7 | () temp — .
It IK
Table 2. Identified parameters of LIB cell under charge profile.
T/°C Rp/mQ Ri/mQ C/F Ry/mQ C,/F Riemp/mQ

5 112.5/108.9 5.3/8.6 265/475 5.3/50.6 3512/4667 —/5.2

25 85.1/85.1 4.2/6.8 341/611 4.0/39.7 3327/4421 —/3.5

30 717.5177.5 4.0/6.1 309/659 3.8/35.7 3027/4354 —/3.1

45 70.6/70.6 3.5/5.7 424/760 3.6/32.8 3025/4020 —/2.3

Table 3. Identified parameters of LIB cell under discharge profile.
T/OC Ro/mQ Rl /mQ C]/F Rz/mQ CQ/F R[emp/mQ

5 112.5/108.9 5.1/17.8 286/392 5.9/45.3 3570/5309 —/4.1

25 87.8/87.8 4.0/14.0 394/540 4.7/35.9 3051/4537 —/2.8

30 79.6/79.6 3.7/12.3 367/565 4.4/32.8 2770/4396 —/2.4

45 72.9/72.9 3.3/11.6 453/621 3.9/29.6 2733/4064 —/1.8

According to the above-mentioned procedure, we can fur-
ther obtain the identified parameters under charging and dis-
charging as listed in Tables 2 and 3, respectively, in which,

the corresponding values of Riemp are obtained only by using

the proposed battery ECM at 5 °C, 25 °C, 30 °C, and 45 °C,
separately. It is worth noting that the parameter identification
is performed for the enhanced battery ECM and the common

2RC-ECM by using those nine pulses discharge and charge
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profiles with the help of EFF method, and the finally obtained
parameters are the averaged values of the identified parameters
under each pulse profile. On the one hand, according to the re-
lated parameters listed in Tables 2 and 3, we can obtain the
plots of Fig. 4 to reveal the identified parameters varying with
SOC values under the discharge /charge conditions at 25 °C,

respectively. It can be concluded from Fig. 4 that both Ry and
Riemp decrease with SOC increasing; the variations of Ry and
C1 have greater fluctuations in the lower SOC range of (0%—
30%) and have a smooth tendency in the other SOC range
(30%—-100%); moreover, the variations of R, and C, have a
decreasing tendency with SOC increasing on the whole.

120 4.5
110 4.0
G
GE 100 E 3'5%—@/
= =
& 90 E 3.0
3
80, 2.5
70 2.0
100 80 60 40 20 0 100 80 60 40 20 0
SOC/% SOC/%
25 700
20 600
E &
§ 15¢ 3 5004
10w 400
5 300
100 80 60 40 20 0 100 80 60 40 20 0
SOC/% SOC/%
55 5500
50 5000q
G 4 & 4500
= =
& 40 O 4000
35 3500
q
30
100 80 60 40 20 0o 399950 =0 60 40 20 0
SOC/% SOC/%
—¥—charge -©-discharge

Fig. 4. Variations of obtained parameters with SOC value under charge and discharge conditions at 25 °C.

On the other hand, to further reveal the variations of the fi-
nal identified parameters with ambient temperature, the curves
of Ry, Riemp, R1, C1, Ry, and C; versus T are fitted by using
the cubic polynomials under discharge and charge conditions
as shown in Fig. 5, which is useful for improving the adapt-
ability of this enhanced battery model.

Note that the left and right values in each row for Tables 2
and 3 refer to the identified parameters for 2RC-ECM and pro-
posed battery model, respectively.

It is noted that the blue asterisk (x) and magenta circle
(Q) denote the identified parameter values in Tables 2 and 3
from the proposed battery model; and the blue and purple solid
lines denote the fitted function relationships of each parame-
ters with regarding to 7 in terms of the identified parameters
under charge and discharge conditions. For example, the func-
tion of Riemp(T') in Fig. 5 can be used to estimate Riemp at any
arbitrary ambient temperature, thus improving the practicabil-
ity of the enhanced battery model.

Additionally, it is observed from Fig. 5 that the variations
of Ry and Riemp both have an obvious decreasing tendency
with T increasing; the variation of R; has a slower decreasing

tendency, and its corresponding capacitor C increases signifi-
cantly with T increasing; moreover, the variation of R, and C;
are both significantly increased with T increasing.

3.2.2. Model validation and evaluation

To verify the accuracy of the identified parameters, the
measured and estimated battery TOV from the 2RC-ECM and
this enhanced model under HPPC and US06 profiles at 25 °C
are shown in Figs. 6(a) and 7(a), respectively, and the corre-
sponding TOV errors are also shown in Figs. 6(b) and 7(b),
respectively.

It can be observed that the enhanced battery model can
well predict the battery TOV, especially from Figs. 6(b) and
7(b), and that the TOV errors of the proposed battery ECM
are obviously less than those of the 2RC-ECM under the same
test profiles. It should be noted that the HPPC profiles ranges
just from 100% to 10%, i.e., from higher to lower SOC range,
and both the battery TOV curves and the TOV errors show that
the proposed battery ECM is more accurate than the common
2RC-ECM in predicting battery TOV.
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Fig. 5. Variations of obtained parameters versus T from curve fitting method under charge and discharge conditions.
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Fig. 6. (a) Battery voltage and (b) voltage error varying with time under Fig. 7. (a) Battery voltage and (b) voltage error varying with time under
HPPC test profile at 25 °C. USO06 test profile at 25 °C.

Note that the left and right values in each row of Tables 4 ECM, in Tables 4 and 5 listed are the comparisons between
and 5 represent the MAE and RMSE for 2RC-ECM and the ~ MAE and RMSE for battery TOV under HPPC and US06 pro-
enhanced battery model, respectively. files at 25 °C, respectively. It is seen from Tables 4 and 5 that

Moreover, in order to obtain the accuracy of SOC esti-  no matter the test is carried out under HPPC or US06 test pro-

mation for the enhanced battery ECM and the common 2RC- files, the values of MAE and RSME for the enhanced battery
108201-6
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model are less than those of the 2RC-ECM under the same op-
eration at the arbitrary ambient temperatures, which indicates
that our enhanced battery model has higher estimation accu-
racy.

Table 4. Comparisons between MAE and RMSE under HPPC profile
at 25 °C.

T/°C MAE RMSE
5 0.0293/0.0119 0.0415/0.0213
25 0.0177/0.0072 0.0245/0.0126
30 0.0162/0.0066 0.0219/0.0113
45 0.0173/0.0070 0.0261/0.0132

Table 5. Comparisons between MAE and RMSE under US06 at 25 °C.

T/°C MAE RMSE
5 0.0396/0.0184 0.0495/0.0310
25 0.0239/0.0103 0.0285/0.0156
30 0.0218/0.0088 0.0255/0.0142
45 0.0233/0.0096 0.0303/0.0170

4. SOC estimation based on EKF algorithm
4.1. EKF-based on SOC estimation algorithm

Due to its merits of providing higher accuracy and lower
calculation cost, the EKF algorithm has been widely used to
perform the parameter identification and SOC estimation in
BMS. 34331 1t should be noted that the key point of the EKF
algorithm is to minimize the error between the measured result
and the simulated model output through a Kalman gain for a
nonlinear Gaussian noise system with recursive algorithm. In
order to apply EKF algorithm to the SOC estimation of the en-
hanced battery model, we need to present a general framework
for the discrete-time state and measurement dynamic equa-
tions as follows:

{ xp = f(Tp-1,up—1) +wi—1,

7
Yk = h(, wy) + vy, ™

where x; and y; are the system state vector and the sys-
tem measurement output vector, respectively; f(axr_1,ug_1)
and h(xy,uy) are the nonlinear state function and correspond-
ing nonlinear measurement function, respectively; uy is the
known input vector, wy_ is assumed to be Gaussian process
noise sequence with zero-mean, and Qy_ is the covariance;
v is assumed to be Gaussian measurement noise sequence
with zero-mean, and V}, is the covariance; w and v are uncor-
related to each other; £ is the time step. Then, the Kalman gain
(K}) is calculated from!”!

{ Ky=P H (HP, H +V;) '+ w1,

xp =z, + Ki(yp — h(zr,wr)), ®

where P, and x; are the error covariance and measurement
matrices, respectively. 3]

First, for the enhanced battery model shown in Fig. 3, the
discrete form of Eq. (1) is obtained as

Ui g =exp(—T;/71)Us j—1 +Ri (1 —exp(—=Ts /1)) k-1,

Upx = exp(—Ts/T)Us j—1 + Ro(1 —exp(—=Ts/®)) I k-1, (9)
Uik = Uoc(SOC,T) —Rol; j—1 — Uy j — Us g — Riemply k-1,

where T is the sampling interval.
Next, define the system state aj, the measured value yy
and the input matrix uy as

@i = [SOCU, 1 U y]",

Y = Up g,
ug = Iy,

(10)

where SOCy, is the observation of SOC in time step k, which
is given by

I (T

SOCy =SOCy_; —
k k—1 Ccap

QY

Note that C¢yp is the nominal capacity shown in Table 1, n
represents the Coulomb efficiency that is assumed to be 1 and
0.98 at charging and discharging stages, respectively, and /; x
indicates the applied current.

Finally, the discrete-time state-space equations of the en-
hanced battery model are depicted as
{wk:kal+Bukl+wkl7 12)

Yr = Hay + Duy + v,

where F', B, H, and D are the system matrices and defined

as follows:
1 0 0
F,=|0exp(—Ts/11) 0 ,
0 0 exp(—Ty/m)
in
Ccap
k

Ri(1—exp(~Ti/71))
Ry (1—exp(~Ti/m))

Hk: [a -1 _1]7 Dk: [_(R0+Rtemp)]a

where « is the slope of OCV-SOC curve at ambient temper-
ature, and it is usually calculated by virtue of the local lin-
ear interpolation method based on the OCV-SOC relationship
shown in Fig. 2(e).

Note that £, and :fc,': are priori estimate and posteriori
estimate of system state, respectively; P~
ori estimate and posteriori estimate of state estimation covari-

and P are pri-

ance, respectively; ey is defined as innovation; E{-} represents
mathematical expectation; Cov{-} represents covariance sym-
bol; 9y is the Kronecker delta; Ij is the unit matrix; #;_; is the
initial time of calculation.

To facilitate the understanding of the EKF-based SOC es-
timation procedure, we present the implementation flowchart
of the EKF-based SOC estimation approach used in this en-
hanced battery model, which is shown in Fig. 8. It should
be noted that the input is the test profiles of LIB at different
ambient temperatures, and then the EKF algorithm provides a

Kalman gain to update the state estimate measurement :fck+
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| nonlinear discrete system ) Feafil szt @i TSI v preset covariance and noise
S . - [ initial state at i l...qz.QP.’...Q.» le—
kT kB Bt O o | (initial guess value | LSRN 4
\yszkxk"'Dkuk"'vk | X0, Po, Q0, Vo) ] R, 0 4
————————— = ) ]

state estimate

state estimation covariance

X =X, +x T

—
<
process and measurement I

noise covariance 83

P = FkPk—leT +0,,

A J
% E{w, }=0,E{v,}=0 l ;r
A T
Coviw,,0.} =E{ow.w.}=0,0, . 0
measured innovation ) (Ran= 2 kT 11200, C Kalman gain matrix )
value _ Hi 4D Cov{vk’vj} = E{vkvj }:’/lcak,j
Y e, =y, —(H.x +Du) K, =P H/(H,P H +V,)"
U
e, l
A
R ( )\ :
Siant K (Error covariance measurement)
x=xi+K, e £ update |
BY . _
_k) \ /) P =(I,-KH,)P,

Fig. 8. Implementation flowchart of EKF-based SOC estimation.

4.2. Results and discussion

In this subsection, to reveal the advantages of this en-
hanced battery model with respect to the SOC estimation,
the values of SOC are estimated from the 2RC-ECM and the
enhanced battery model by incorporating the EKF approach,
which is denoted as SOCcg ;.
tal SOC is obtained by the Coulomb counting (ampere-hour

Meanwhile the experimen-

counting) based on the measured test data in Section 2, which
is denoted as SOCexp,. The relative SOC error is defined as

SOCexp — SOCest.i
SOCexp

where i = 1 is for the battery 2RC-ECM and i = 2 for the en-
hanced battery model.

Figures 9 and 10 show the comparisons between battery
SOC and SOC errors with the 2RC-ECM and the enhanced
model under HPPC and USO06 test profiles at 5 °C, 25 °C, and
45 °C, respectively. Figures 9 and 10 show apparently that

13)

SOCeror,; = x 100%,

the battery SOC estimation with the enhanced model can well
track the SOCy,, in the entire test profiles. Moreover, it is
clear that the SOC errors with the enhanced model are overall
less than those of the common 2RC-ECM without considering
the influence of ambient temperature, and the SOC estimation
errors are maintained in the ranges of 0%—2.10%, —1.43%—
0.15%, and 0.38%-3.12% for the enhanced battery model, at
each ambient temperature under the HPPC condition. In the
USO06 profiles, the SOC estimation errors are maintained in
the ranges of —0.38%-0.11%, —0.87%—0.04%, and 0.08%—
0.13% for the enhanced battery model at each ambient tem-
perature. Besides, it is obvious that the SOC error of the en-
hanced battery model yields comparatively minor fluctuations
in comparison with that of the battery 2RC-ECM, which fur-
ther implies that our enhanced battery model with the identi-
fied parameters has higher accuracy in estimating battery SOC
under HPPC or USO06 test profile.

(a) T=5°C (b) T=25°C (c) T=45°C
1.0 1.0 1.0
Q
o 0.5p 032 ——— 0.5f 042 ——— — 0.5} 0.42——— -
n 0.28 p—=—= 0.37 0.37
- 0.32
0-251.7 2.8 2.9 3.0\ 0‘3%47 2.8 3.00 3.05 3.10
0 0 0
_SOCexp === Soccst,l == SOCcst,2
4 8
g 4
e 0 R :
S, O\
2 —4 —4
-8 -8 -8
0 1.0 2.0 3.0 0 1.0 2.0 3.0 0 1.0 20 3.0 4.0
Time/10% s Time/10% s Time/10%s
_Soccrror,l SOCerror,Q

Fig. 9. Comparisons between SOC and SOC error based on two different models by using OCV-SOC curve at (a) 5 °C, (b) 25 °C, and (c)

45 °C under HPPC test profile.
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(a) T=5 °C (b) T=25 °C (c) T=45 °C
0.49 0.49 0.49
0.48 0.48 0.48
o)
3 0.47 0.47 0.47
n
0.46 0.46 0.46
0'4%3 1.4 0‘481.9 2.0 2.1 2.2
0.45 0.45 0.45
_SOCCX}) === SOCest,l - - SOCest.Z
0.3 0.3
0.5
S 0.2
50 0 0.1
0
2 0
—0.5
0 1.0 2.0 =03 1.0 2.0 —0-15 1.0 2.0
Time/10% s Time/10% s Time/10%s
_SOCerror,l SOCerror,Q

Fig. 10. Comparisons between SOC and SOC error based on two different models by using OCV-SOC curve at (a) 5 °C, (b) 25 °C, and (c)

45 °C under USO06 test profile.

5. Conclusions

As is well known, the ambient temperature usually exerts
a significant influence on the model parameters and SOC esti-
mation for lithium—ion battery. In this paper, an enhanced bat-
tery model is proposed with considering the influence of am-
bient temperature on the battery OCV. A temperature-sensitive
resistor is introduced to describe the influence of ambient tem-
perature on the change of battery impedance. Besides, the EEF
method is adopted to identify the offline battery internal states,
and a cubic polynomial function is utilized to fit the highly
nonlinear relationship between the identified parameters set
(Ro, Riemp, R1, C1, R, and () and T. An SOC estimation
based on EKF algorithm is then conducted by using the mea-
sured HPPC and USO06 test profiles. The experimental and
simulated results show that this enhanced battery model can
well predict the variations of battery SOC with a maximum
error less than 2.0% and 0.25%, respectively, which illustrates
that our enhanced battery model can simultaneously improve
the battery SOC estimation accuracy, compared with the gen-
eral 2RC-ECM for lithium—ion battery. Future work will focus
on finding a comprehensive description of the battery dynamic
behavior and achieving the precise and stable SOC estimation.
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