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Abstract—The estimation of State of Charge (SOC) is crucial
to determine the remaining capacity of the Lithium-lon
battery, and thus plays an important role in many electric
vehicle control and energy storage system management
problems. The accuracy of the estimated SOC mostly depends
on the accuracy of the battery model, which is mainly affected
by factors like temperature, State of Health and chemical
reactions. Also the SOC can reflect the output characteristics
of the battery cell. The battery model is often identified by
experiments under different SOCs and temperatures, which
represent a large amount of work. To resolve this difficulty
and also improve modeling accuracy, a multiple input
parameter fitting model of the Lithium-lon battery and the
factors which would affect the accuracy of the battery model
are derived from the Nernst equation in this paper. Statistics
theory is applied to obtain a more accurate battery model
while using less measurement data. The relevant parameters
can be fitted by multiple factors, including continuously
changing temperature. From the obtained battery model,
Extended Kalman Filter algorithm is applied to estimate the
SOC. Finally, simulation and experimental results are given to
prove the advantage of the proposed SOC estimation method.
It is found that the proposed SOC estimation method
always satisfies the precision requirement in the relevant
Standards under different environmental temperatures while
existing traditional methods cannot. Particularly, the SOC
estimation accuracy can be improved by 14% under low
temperatures below 0°C compared to existing methods.

Index Terms—Nernst Equation, State of Charge, Battery
Model, Design of Experiment, Extended Kalman Filter

I. INTRODUCTION

Being the main power source of electric vehicles, Lithium-lon
battery remains a heated research topic for many years. The
concept State-of-Charge (SOC) refers to the remaining capacity of
the battery, and is one of the most important objects to study
Lithium-lon batteries [1]. SOC needs to be estimated by the
Battery Management System (BMS) in order to achieve proper
controls for electric wvehicles [2], for instance, SOC is
indispensable for the driving distance forecast, charging mode
selection, and many other demand side management applications
[3, 4]. An error in the estimation of the SOC will threaten the
safety and reliability of the battery pack [5]. Therefore, the
accurate estimation of SOC is an important target of BMS, and
this paper aims to solve this accuracy problem and provide a novel
SOC estimation method for Lithium-lon batteries.

The ampere-hour integral method is a common SOC estimation
method, where the change of the SOC is characterized by the
integral of the current over a given time period [6, 7]. The
ampere-hour integral method is indeed an open-loop estimation
method, therefore, current sampling error and system noise often
reduce the accuracy of this SOC estimation method. Moreover, the
error of the estimated SOC can also be accumulated over time and
can deviate much from true values. In addition, the initial value of
the SOC is difficult to determine [8, 10]. To solve these problems,
advanced filtering algorithms can be applied in the SOC
estimation, where feedback techniques in these algorithms can
improve estimation tolerance to accumulated errors. This SOC
estimation technique can be further integrated into the battery
model. Theoretical output voltage calculated from the new battery
model will be treated as a reference value, while the actual output

voltage can be measured and treated as a feedback to the battery



model. The difference between the reference and the feedback is
regulated and a compensation value is introduced to compensate
the SOC estimation result. As a result, the SOC estimation can
achieve very high accuracy.

The accuracy of SOC estimation relies on an accurate battery
model. If the battery model is not accurate enough, then the
advanced filtering algorithms have only limited improvement on the
accuracy of SOC estimation. Usually there are two types of battery
models, the equivalent circuit model and the electrochemistry model.
The equivalent circuit model uses a DC voltage source, a resistor
and a capacitor to describe the Lithium-lon battery [11]. Typical
examples of equivalent circuit models include the Thevenin model
and the PNGV model introduced in [12] and [13]. The structures of
these models are different, and the parameters of these models are
difficult to identify. An electrochemistry model is based on the
chemical reaction inside the battery [14]. For this type of model, the
relationship between system parameters is clear, and the parameters
are easy to identify. Most of the existing electrochemistry models
are based on the Nernst equation [15]-[17]. However, the influence
of the temperature is rarely taken into consideration, and there is a
need to introduce a temperature compensation coefficient introduced
to improve the accuracy of the battery model. In addition, to identify
the battery system parameters, a large number of experiments need
to be performed, and the inclusion of the temperature parameter will
increase the work load exponentially.

There are existing studies on advanced filtering algorithms for
the improvement of battery model accuracy. For instance, a neural
network filtering algorithm is proposed in [18] to realise real-time
estimation. However, this method requires a large quantity of
training data. Then the Extended Kalman Filtering algorithm (EKF)
is proposed in [19]-[20] and the Unscented Particle Filtering
algorithm is presented in [21], and both algorithms can achieve
high accuracy. A novel online estimation technique for estimating
the SOC is also shown in [22], where a fading Kalman filter is
used to estimate the open circuit voltage from the battery model
parameters. Generally, EKF algorithm can achieve accurate SOC
estimation and is easy to realize, therefore, it is widely applied in
the SOC estimation.

From the above analysis, this paper will propose a novel SOC
estimation method based on the Nernst equation and EKF algorithm.
It can achieve high accuracy without large amount of measurement
data, which can effectively reduce experimental workload. The
obtained battery model has multiple input factors, which can capture

information from continuously changing environment. The Design
of Experiment (DOE) based on the statistical theory is applied to fit
the internal resistance of the battery [23]-[24]. As a result, the
model has the advantages of high accuracy and small
identification workload. Based on the multiple input parameter
fitting model, the EKF is applied further to estimate the SOC, which
can inhibit the initial SOC and estimation errors. The experimental
and simulation results show that compared to the traditional EKF
algorithm based on a normal Nernst battery model, in the low
temperature below 0°C, with the proposed SOC estimation method,
the estimation accuracy can be improved by 14%. In the normal
temperature, the estimation accuracy can be improved by 7%.

This paper is organised as follows. Section Il introduces the
electrochemistry model based on the Nernst equation and analyses
the factors that affect the change of parameters. An improved
method of the Nernst model is given. In Section Ill, the principle
of DOE is discussed, and the internal resistance fitting method is
proposed. In Section 1V, the other parameters of the Lithium-lon
battery model, such as the standard electrode potential and the
logarithmic term coefficient are identified. The influence of the
temperature is also taken into consideration. In Section V, the EKF
method based on the battery model is applied to estimate the SOC.
The accuracy of the proposed method is demonstrated by the
simulation and experiment in Section VI, which is followed by
concluding remarks in Section VII.

1. MULTIPLE INPUT BATTERY MODEL

Nernst equation is an electrochemical expression of the battery
electromotive force based on the reversible chemical reaction. The

Nernst equation can be expressed as
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where Tk is the thermodynamics temperature of chemical reaction;
E is the electrode potential under Tk, and it is also the open circuit
voltage of the battery; Eois the standard electrode potential, which
can be observed as the open circuit voltage when the battery is
fully charged; R is the gas constant 8.314 J-K-mol?; F is the
Faraday constant and equals 96485 C/mol; n is the number of the
electrons that participate in the electrode reaction; aox and areq are
the ion activities of the high and low oxidised side, respectively

[15]. The oxidation-reduction reaction of the Li* is expressed as
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It can be observed that n is 1, thus, (1) can be rewritten as
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Li is in the solid state, so aLi is 1 [25], and avi+ IS

au* = C|_i*}/Li+ “)

where cui+ is the concentration, and yui+ is the activity coefficient
of the Li*. The quantitative relationship between cLi+ and yLi+ is
difficult to identify, but generally the higher cLi+ is, the lower yLi+
is. The concentration cLi+ can reflect the uncharged capacity of the
battery, that is, the higher cvLi+ is, the greater the uncharged
capacity of the battery is. Thus a higher yii+ implies a larger
residual capacity of the battery. The remaining capacity of the
battery is represented by SOC, therefore the uncharged capacity of
the battery can be expressed as (1-SOC). Then cvi+ and yvi+ are
positively correlated to (1-SOC) and SOC, respectively, that is,
they are in proportional positive correlations or exponential
positive correlations. Thus (4) can be simplified as one of the
following two forms:

a_. = f,(1-S0C)5,S0C ®)

a_. =(1-SOC)%SOC”: ®)

where f1 and 2 are constants to be identified and represent the
impact of 1-SOC and SOC, respectively. In (5), the location of g1
and Sz can exchange with each other. So this equation cannot
reflect the pertinence of the parameters and must be discarded.
Therefore, equation (6) is selected to represent (4).

There is no quantitative relationship between cvi+ and 1-SOC or
between yLi+ and SOC. As a result, the coefficients g1 and 2 can
be fitted via experimental data. According to (3) and (6), the
output voltage of the battery U is

U=E-I.R,=E,— IR, +k In1—SOC)+k, InSOC (7)
where I¢ is the current of the battery, Rin is the internal resistance,
ki and kz are the simplified coefficient, which can be expressed as
follows:

k, =RBT, /F =RBT.+273)/F @
k, =RB,T, | F =RpB,(T. +273)/ F

Tc is the temperature in centigrade. ki and k2 have a relationship

with Tc. Further research should be performed to identify these
relationships.

In (7), the internal resistance Rin is not a constant, as it is
affected by the SOC and the State of Health (SOH) [26]. The
temperature Tc also has an influence on the value of Rin. A

mathematical model will be established for Rin in the next section.

I1l.  MODELING OF THE INTERNAL RESISTANCE

A Principle of the design of experiment

To analyse the relationship among Rin, SOC, SOH and Tc, a
large number of experiments is necessary to obtain a sufficient
amount of data. The Hybrid Pulse Power Characteristic (HPPC)
method is applied to measure the internal resistance under given
values of SOC, SOH and Tc. It will require a large amount of time
to measure the internal resistance under different values of these
SOC, SOH and Tc. Since different types of Lithium-lon batteries
have different internal resistances; the obtained internal resistance
model will usually be applicable to specific types of battery only.
To solve this problem, DOE is applied to establish the internal
resistance model with as low amount of data as possible [27]. In
this way, the modelling period can be shortened. This DOE based
modelling method is universal for different types of Lithium-lon
batteries. Actually, DOE is widely applied in aerospace industry,
manufacturing industry and medical science. DOE is a modelling
method that originated in statistical theory, with multiple inputs
and multiple outputs [28-29]. Central Composite Design (CCD) is
a widely used specific type of DOE method with particularly
simple system designs [30]. Therefore, CCD is applied in this
paper to establish the internal resistance model.

The DOE internal resistance model based on the CCD is shown
in Fig. 1. The inputs to this model are SOC, SOH and Tc. The

output is Rin.
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Fig. 1. The DOE internal resistance model based on the CCD

The central point Po in Fig. 1 is in the origin of coordinate.



There are 23 factorial points and 2x3 axial points. The factorial
points are Pri~ Prs, and the axial points are Pai~ Pas.

According to statistics theory, the model can be treated as a
quadratic surface if the parameter range is sufficiently small [31].
In the selected range, if the residuals of the fitting and actual value
obey normal distribution and limit in the 6 standard deviation (60),
then the model is accurate [32]. In this paper, the internal
resistance of each point is measured, and the approximated
quadratic surface can be fitted. If the residuals of the calculated
and the measured values of Rin satisfy the 66 normal distribution,
then the quadratic surface can be treated as the model of the

internal resistance.

B.  Modelling method based on DOE

Relevant terms of the internal resistance model are shown in
Table 1.
Table 1. The terms of the internal resistance model.

Type Term Coefficient
Quadratic Term S0C? a1
SOH? az
Tc? as
Coupling Term SOCxSOH b1
SOCxTc b2
SOHxTc bs
Linear Term SOC C1
SOH C2
Tc C3
Constant Term 1 Con
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Fig. 2. The relationship among Rin, SOC, SOH and Tc (a) The
relationship between Rin and SOH under different SOC (b) The
relationship between Rin and Tc under different SOC

The internal resistance Rin can be measured by the Hybrid Pulse
Power Characteristic (HPPC) method. Fig. 2 shows the
relationship among Rin, SOC, SOH and Tc. It can be observed that
three inputs all have influences on Rin. For any given SOC, Rin
increases with the increment of Tc. In contrast, Rin decreases with
the increment of SOH.

Fig. 3 shows the effects of SOC, SOH and Tc. In Fig. 3 (a), the
effect of Tc alone is the most obvious, and is higher than that of
SOC and SOH. In Fig. 3 (b), two of these three inputs are chosen
to analyse the interactive effect, while the third input is set to be
different values. There are six types of combination of the three
inputs, namely, the relationship between the SOC and Rin with
different T¢, relationship between the SOH and Rin with different
Te, relationship between T. and Rin with different SOC,
relationship between SOH and Rin with different SOC, relationship
between T and Rin with different SOH, and relationship between
SOC and Rin with different SOH.
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Fig. 3. Effects of SOC and T to Rin. (2) Impact of a single input (b)
Interaction effect

If the lines are almost parallel in Fig 3 (b), then the interaction
effect of the two corresponding inputs is not obvious. Therefore,
the coefficients of the coupling terms are small. For example, the
lines in the interaction effect figure of SOC and Tc are almost
parallel. Thus, the coefficient bz in Table 1 is small. And the lines
in the interaction effect figure of Tc and SOH are not regular,

to be fitted with experimental data [33].

IV. IDENTIFICATION OF THE OTHER PARAMETERS

A. Identification of the open circuit voltage

In the existing Nernst model, Eo, Rin, k1, and k2 are the fixed
values. In fact, these parameters are changing with the
environment. The calculation of Rin is discussed above. The
identification of the other parameters require further analysis.

Fig. 4 shows the measured Eo distribution under different
environmental temperature; it can be well approximated as the
following linear equation:

E,(Te) =nTc +7 ©
where y1 and vy2 are constant coefficients. According to Fig. 7, y1

and y2 are 0.006 and 3.3346, respectively.

Table 2. The values of key points in Fig 1

Type SOC/% SOH/% TclC
Central Point (SOChmint SOCmax)/2 (SOHmin*+ SOHmax)/2 (Temin+ Temax)/2
Factorial Point SOChmin SOHnmin Temin
SOChin SOHmax Tcmin
SOChmin SOHmin Temax
SOChin SOHmax Tcmax
SOCmax SOHmin Temin
SOCmax SOHmax Temin
SOCmax SOHmin Tcmax
SOCmax SOHmax Tcmax
Axial Point SOChmin (SOHmin*+ SOHmax)/2 (Temin+ Temax)/2
SOCmax (SOHmin*+ SOHmax)/2 (Temin+ Temax)/2
(SOChmint+ SOCmax)/2 SOHmin (Temin+ Temax)/2
(SOChmint+ SOCmax)/2 SOHmax (Temin+ Temax)/2
(SOCmin+ SOCmax)/2 (SOHmin+ SOHmax)/2 Tcmin
(SOCmin+ SOCmax)/2 (SOHmin+ SOHmax)/2 Temax

which implies the coefficient bs in Table 1 is large.

Table 2 shows the values of key points described in Fig. 1. The

corresponding internal resistances related to these points need to be

tested through experiments. The quadratic internal resistance is easy
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B. Identification of k; and kz

The open circuit voltage of the battery E can be tested under
different temperatures and SOCs. At any given temperature, k1 and
k2 in (8) can be fitted using the least square method. For instance,
denote the SOC by x and E by y, then the regression model can be

expressed as

f (x) =k, In@—x)+k, Inx (10)
The quadratic loss function is given as
Q=Xly- f(F (1)
j=1

where m is the number of the measurement points. The

over-determined matrix Rw is

Inl-x) In(x)

o | @-x)  In(e) 12)

M
Inl-x,) In(x,)
The fitted values of k1 and k2 can be written as

Y1

|:Il:li|= (RMTRM )71RM & (13)

2

Y

Table 3 shows the values of ki and ko under different
temperatures, where RMSE represents the
Root-Mean-Square-Error. The very small values of RMSE prove

the accuracy of the fitted results.

Table 3 Parameter identification

Tc k1 k2 RMSE
-15C 0.06806 0.02293 0.01519
-10C 0.07346 0.02873 0.01214
10°C 0.1037 0.03391 0.02018
15°C 0.131 0.04636 0.0249

30°C 0.2014 0.0801 0.03313
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Fig. 5. Dependence on Tc of ki and k2 (a) Relationship between
ki and Tc (b) Relationship between k2 and Tc

Fig. 5 shows the relationship between ki, k2 and Tc with
ki =11 ° +17,T +175(1 =1,2) (14)
The coefficients #i1, 7iz and #iz are shown in Table 4.

Table 4 Coefficients of ki and k2

i 1 2
nit 6.89558e-5 3.78042¢-5
ni2 0.0019 6.3134e-4
i3 0.08275 0.0269

V. SOC ESTIMATION BASED ON EKF ALGORITHM
The SOC can be described by the following equation:
i(t)dt

Q

where is Qr the actual capacity of the battery. Thus, the discrete

SOC(t) =SOC(0) j; (15)

state-space battery model can be written as

X, 4 = X Ati
k+1 k Qr k (16)

Vi = E; —R, i, + K In(L—x,) +K, Inx, +Vv,



where vk is the observation noise of voltage measurement. The

state transition matrix A and the observation matrix C are defined

as
o (Xear i)
A= % fh s =1
Xk—l
. a7
Ck :M _— __L_Fﬁ
OX, * 1-x, X

where the function f(x, i) and g(x, i) are the observation equation
(see (7)) and state equation (see (15)), respectively. The steps of
EKF algorithm are as follows:

(i) Initialise the variables for k =0.

(if) Update the iteration index k by k +1 each time. The iteration
equations of the state and error covariance are determined by:

)’Zk_ = f()’zk—liik—l)
Pk7 = A(Pk—lAI +Q

(ili) The Kalman gain can be calculated by the following

(18)

equation:
K =R C (CRC +R)™ (19)

Q and R is the error covariance matrix of f(x, i) and g(x, i),
respectively.

(iv) The observation iterative equations of the state and error

covariance can be calculated according to the following equations:

{)A(k = )A(k_ + Kk[yk - g()zk_’ik)]

(20)
P.=(1-K,C)HR

After performing iterative calculations, the effects of system
noise can be effectively filtered and the accuracy of the battery
SOC estimation can be significantly improved.

VI. EXPERIMENTAL AND SIMULATION RESULTS

To verify the accuracy of the newly proposed SOC estimation
method in the previous sections, Lithium battery experiments are
performed. The rated capacity of the Lithium battery is 9 Ah, and
the experimental steps are as follows:

(i) The Lithium battery is fully charged and then discharged to
90% SOC.

(if) The battery is placed in a thermostat for 30 min. Next, a
10-s peak discharge experiment is performed. The discharge
currentis 4 C.

(iii) A constant current discharge experiment is performed. The

discharging current is 0.5 C. This process does not stop until 20%

capacity of the battery is discharged.

(iv) The battery is let stand for 30 min. Next, repeat steps (ii) to
(iv) for another 3 times.

Fig. 6(a) shows the experimental device. The experiment is
done in the environmental chamber, which can realize
continuously changing temperatures. Fig. 6(b) shows the current
waveforms of the experiment. The top and bottom waveforms are

the discharging current and current noise, respectively.
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Fig. 6. The experimental condition (a) The experimental device
(b) The current waveforms of the experiment

Table 5 shows the experimental data, which provides measured
values for Table 2. The internal resistance model can be
established according to these data. The fitted coefficients are
shown in Table 6.

Table 5. Experimental data

Type SOC/% SOH/% Tc/C Ri/mQ
Central Point 60 92 10 12.5
Factorial Point 30 83 -20 349

30 100 -20 31



Te=10C

30 83 40 18.4
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90 83 -20 34.4
90 100 -20 312 “

12
90 83 40 6.32

10 75
90 100 40 5.43 50
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Fig. 7. The quadric surface of Rin () SOC is set as 50% (b) SOH is

60 100 10 5.92 set as 94% (c) Tc is set as 10°C
60 92 -20 26 Fig. 7 shows the quadric surface of Rin, and Fig. 8 shows the
60 92 40 7.35 corresponding contour map. The influence of both the temperature

Tc and actual capacity on SOH are observed.

Table 6. The fitted coefficients
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as 94% (c) Tc is setas 10°C
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Fig. 9. Residual histogram of Rin

Fig. 9 shows the residual histogram of Rin. The residual is the
difference between the observed value and the fitted value. The
residual value follows approximately a normal distribution,
indicating that the internal resistance calculated in the model is
applicable to capture continuous changes of the three inputs Tc,
SOH and SOC.

From the experimental results, a Lithium battery model is
established with the aid of MATLAB/Simulink. In the experiment,
the tested temperatures for parameter identification are -20°C,
40°C and 10°C, respectively. For Lithium vehicle batteries, the
ambient temperature ranges from -20°C to 40°C. In order to prove
the accuracy of the battery model, some other temperature points
need to be chosen for test. In the experiment, the temperature
testing points are set as -15°C, 15°C and 30°C. In addition, a
classical Nernst model of the Lithium battery is established. The
parameters of the model are tested under the condition that Tc is
25°C and SOH is 1. The classic Nernst model is shown as follows:

U =3.49-0.008lI +0.187 In(1-SOC) +0.0723InSOC (21)

Fig. 10 shows the SOC curves. EKF; is the estimated value of
SOC obtained by proposed estimation method. EKF2 is the
estimated value of SOC based on the classical Nernst model. Fig.
10 (a) shows the SOC curves under the temperature -15°C. The
three curves are the real SOC, the SOC estimated by EKF1 and
EKF, respectively It can be seen that the SOC estimated by EKF1
is closer to the real SOC than that estimated by EKF2. Fig. 10 (b)
and (c) show the SOC curves under the temperatures 15°C and
30°C. Also the SOC estimated by EKF: is closer to the real SOC
than that estimated by EKF.
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Fig. 10. SOC curves (a) Tc=-15°C (b) Tc=15°C (e) Tc=30°C

Fig. 11 shows the error curves which correspond to Fig. 10. The
error curves show the error of the real SOC and the estimated SOC.
The error can be calculated as follows:

error = SOC eat = SOCesimaton 22)

SOC

Fig. 11 (a), (b) and (c) show the error curves under the

real

temperature -15°C, 15°C and 30°C. The comparison of the three

figures shows that in the low temperature environment, the error



of the real SOC and the estimated SOC is higher than that in the
normal temperature environment. Because the parameters of the
battery model change obviously after the temperature decreases
below 0°C. The accuracy of low temperature SOC estimation is

low. With the proposed method, the accuracy can be improved.
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The experimental time at -15°C is shorter than that of 15°C and
30°C because the real capacity of the battery decreases with the
decrease of temperature. As a result, a shorter time is required to
release the same proportion of capacity at low temperatures.

According to the Automobile Industry Standards of China QCT
897-2011, Section 4.2.4 [34], the maximum allowable error of
SOC estimation between temperatures 5°C~15°C or 25°C~35°C
must not exceed 10%. It can be seen from Fig. 11 (a) that in the
low temperature environment, EKF. cannot meet this 10%
accuracy requirement in the Standards; however, this requirement
is always met by EKF1. Details of the maximum relative errors of
the SOC estimation methods under different temperatures are

show in Table 7.

Table 7. Maximum relative errors
Temperature EKF1 EKF2 Improved Percentage
-15°C 0.09 0.23 0.14
15°C 0.05 0.08 0.03
30°C 0.05 0.12 0.07

Table 7 convinces that precision of the proposed SOC
estimation method always satisfies the 10% accuracy requirement
in the Standards under different environmental temperatures. In
particular, this new method can improve 14% accuracy at low
temperatures compared to traditional Nernst method.

VII. CONCLUSIONS

In this paper, a novel modelling method based on the Nernst
equation has been proposed. It has multiple input factors, which
can satisfy continuously changing environment. Statistical theory
is applied to obtain a more accurate battery model while using less
measurement data. The DOE method has been applied to achieve
high accuracy of the battery model and reduce experiment
workload. Also the accuracy of the DOE model is easy to validate
when the residuals of the fitting and actual value obey normal
distribution and limit in the 6 standard deviation. Based on the
multiple input parameter fitting model, EKF algorithm can realize
high accuracy SOC estimation. Finally experimental and
simulation results are given. Compared to the traditional EKF
algorithm based on a normal Nernst battery model, with the
proposed SOC estimation method, the estimation accuracy

maximally can be improved by 14%.
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