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Abstract

Kalman filtering is commonly used for state-of-charge (SOC) estimation for lithium-ion (Li-ion)
batteries owing to its simplicity, computational efficiency, and relatively precise results. However,
kalman filters depend on the Li-ion battery model. Several laboratory tests such as incremental cur-
rent and dynamic stress tests are required to determine battery model parameters in model-based SOC
estimation. These tests such as incremental current test and dynamic stress test are time-consuming
and can take multiple days. A mathematical optimization along with a battery test method, which
does not need rest time for battery, are adopted to reduce the battery parameter identification time,
drastically. A mathematical optimization stage is embedded prior to Kalman Filter based SOC esti-
mation computing the battery open circuit voltage (OCV) and as well as an initial guess of the RC
parameters of the battery equivalent circuit. Therefore, it reduces the required number of tests to
one. Extensive numerical studies on a 2 Ah Lithium-ion cell verify the effectiveness of the proposed
method by achieving a RMS error less than one percent.

I. Introduction

The battery management system (BMS) controls the charging/discharging process and guarantees the
safety by permanent monitoring and parameter estimation of the electric vehicles (EVs) battery packs [1].
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Fig. 1: Conventional process for ECM parameter characterization for lithium-ion batteries voc: (a) battery
test current profile, (b) OCV voltage characterization, and (c) model parameter estimation.

An accurate estimation of the battery state-of-charge (SOC) is a prerequisite to achieve the expected
functions of the BMS.

Battery SOC estimation techniques have received a significant attention in both academia and industry
due to its central role in the BMS. These methodologies can be classified into coulomb counting, lookup
table, data-driven approaches, model-based approaches, and hybrid methods [2]. Surveys in [3, 4] show
that model-based methods are the most promising solutions and are widely used in EV applications.
Among the model-based approaches, equivalent circuit model (ECM) is preferred over electrochemical
models ( e.g. single particle model [5]) for SOC estimation owing to its computational efficiency, direct
connection to coulomb counting and simple implementation of the Kalman filter family observers as the
state-of-the-art solution [6]. However, efficient exploitation of the ECM model is subject to precisely
estimate and calibrate the ECM parameters including open circuit voltage (OCV), RC pairs and the
equivalent internal resistance.

The characterization of the variable voltage source is usually performed with an OCV test that provides
pairwise values of the terminal voltage of the battery after a long relaxation time and the corresponding
SOC [7]. To obtain the OCV-SOC curve, laboratory tests such as incremental current (IC) tests, low
current (LC) tests at a very small C-rate (e.g. 1

20C
) or combined tests (CT) are required [8]. In the case

of the IC tests, long relaxation times are needed to reach the near equilibrium potential. On the other
hand, LC tests discharge/charge the battery at a small C-rate consuming a significant time. In addition
to IC tests, a second dynamic current test is usually required to obtain the remaining parameters of the
ECM. Nonetheless, these tests are time consuming and as a result autonomous characterization methods,
independent from test types, are required.

The motivation behind this work is to tackle with the problem of the lithium-ion battery ECM parameteri-
zation not only for fresh cells with minimum test requirements but also to calibrate the model parameters
during the operation and compensate for the SOC estimator degradation due to cell aging and sensor
drifting.

A two-stage optimization process is proposed to increase the SOC estimation performance. In the fist
stage, the OCV-SOC characterization is formulated as an optimization problem and solved by newton-
based optimization approaches in a long time horizon. The time horizon could be tens of cycle or few
months depending on the application. The second stage is to find the ECM parameters in the sample
horizon to contribute to the unscented Kalman filter (UKF) based SOC estimation by providing a rel-
atively precise initial guess of the ECM parameters. An advantage of using the UKF instead of the
Extended Kalman Filter (EKF) is that the first one achieves at least 2nd order accuracy, while the EKF
provides 1st order accuracy on the propagation of the state distribution [9]. Extensive numerical studies
are carried out on lithium-ion batteries and the results are compared with the existing literature. The
obtained results verify the effectiveness of the proposed mathematical optimization based approach for
ECM characterization and SOC parameter estimation of the lithium-ion batteries. It is shown that ECM
can be equaly parameterized by different tests such as IC test, Federal Urban Driving Schedule (FUDS),
Highway Driving Schedule (US06) and Beijing Dynamic Stress Test (BJDST), and the Dynamic Stress
Test (DST) utlizing the proposed autonomous characterization technique.
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Fig. 2: A typical IC test for characterizing OCV.

II. Battery Modeling

The simplified model of the battery cell using an equivalent electric circuit is presented in Fig 1 as well
as the conventional process of ECM characterization. This representation greatly reduces the complexity
of the modeling of the battery by characterizing it with a RC circuit. The first order ECM is characterized
with following equations:

d

dt
vc(t) =� vc(t)

RpCp

+
i(t)

Cp

(1)

v(t) = i(t)Ro + vc(t)+ voc(soc(i(t))) (2)

soc(i(t)) = soco +
h

Cbat

Z
i(t)dt (3)

where the capacitor voltage is vc(t), the terminal voltage is v(t), the state of charge is soc. The capacity
of the battery is denoted by Cbat . In addition, voc is the open-circuit voltage, i is the current and h is the
coulomb efficiency. Ro, Rp, and Cp are the ECM parameters.

Results of [10] show that it is not necessary to perform a temperature-dependent OCV-SOC characteri-
zation if the battery capacity is ”estimated dynamically and continuously”. Therefore, the dependancy
of OCV-SOC on temperature is neglected. Furthermore, we assume Ro, Rp and Cp to be fixed during the
parametrization of the ECM at a given temperature T , which could be the nominal temperature.

III. OCV-SOC characterization

A set of experiments are carried out to show the typical IC test requirements for OCV-SOC characteriza-
tion. An IC test at a current rate of C/10 with relaxation times of 2 hour is conducted on a 1865 cell with
3200 mAh capacity from LG employing a battery cycler (Biologic, VSP3e) and the results are shown
in Fig. 2. Normally, OCV is defined as the equilibrium potential after setting the current to zero for a
long time as can be seen from the experimental results. Theoretically, OCV can be achieved at minimum
Gibbs free energy resulting from the overall electrochemical reactions in the battery cell [11]. Since the
parasitic processes such as corrosion continue, OCV is interpreted as the first plateau after the relaxation
of the most relevant reactions in the cell [12]. However, these kinds of tests which are associated with
battery relaxation require a lot of time as demonstrated in Fig. 2. Thereby, other test methods as in [13]
shall be considered in battery model calibration and characterization.

In the literature, OCV-SOC curves have been represented with look-up tables or many analytical func-
tions (e.g. sigmoid, polynomial, exponential, chebyshev, logaritmic, etc). The OCV-SOC curve fitting
procedure comparing several suitable functions can be found in [10]. In general, fitting the curve with a
polynomial is one the most accurate and simplest approaches [8,10,14–16]. Hence, due to its simplicity
and accuracy, we consider a polynomial function of the following form:



voc(soc) =
n

Â
l=0

alsoc
l (4)

where n is the degree of the polynomial and al (8l 2 {0,1, ...,n}) are the coefficients. Now, it is important
to notice the characteristics of voc(soc) to establish a proper formulation of the fitting problem in hand.
The main characteristics that will be included in the formulation are:

1. The maximum (Vmax) and minimum (Vmin) value of the terminal voltage at the equilibrium potential
are known (i.e. when soc = 1 and soc = 0). Such parameters are usually known beforehand, and
they establish the boundaries of voc(soc) as voc(0) =Vmin and voc(1) =Vmax.

2. The function voc(soc) is monotonically increasing 8 soc 2 [0,1].

3. The curvature of the voc(soc) is non-positive when soc = 0 (e.g. d
2

d soc2 voc(soc)|soc=0  0) and
non-negative when soc = 1 (e.g. d

2

d soc2 voc(soc)|soc=1 � 0).

4. Due to the polarization, depending on the sign of the current voc(soc) can be greater or smaller
than the terminal voltage. If the current is negative (discharging) then vk < voc(sock) and if the
current is positive (charging) vk > voc(sock).

The considerations presented above need to be included in the optimization problem. To do that, we first
consider N samples, and separate each k� th sample for K = {K

+ [K
0 [K

�} where K
+ = {k 2 Z+ :

ik > 0}, K
o = {k 2 Z+ : ik = 0}, and K

� = {k 2 Z+ : ik < 0}. The unknown variables are included in the
vector c = [a0,a1, · · · ,an]T . Finally, the constrained optimization problem is defined as follows:

argmin
ccc

:= f
+(c)+ f

�(c)+ f
o(c) (5)

where

f
+(c) := Â

k2K+

1
2

max(0,voc(sock)� vk)
2 (6)
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�(c) := Â

k2K�

1
2

max(0,vk � voc(sock))
2 (7)

f
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k2Ko

1
2
(voc(sock)� v

⇤
k
)2 (8)

constrained to equality and inequality constraints as:

h1 :=
p

N(voc(1)�Vmax) = 0

h2 :=
p

N(voc(0)�Vmin) = 0
(9)

g1 :=�
p

N(
d

2

d soc2 voc(soc)
��
soc=1) 0

g2 :=
p

N(
d

2

d soc2 voc(soc)
��
soc=0) 0

(10)

Note that the formulation of Eq. (5) is based on the penalty method. Hence, a third cost f
0(c) is included

in order to keep voc(sock) in the neighborhood of vk when ik = 0. For the optimization problem, the
experimental test (i.e. the current profile) is expect to have as much variation as possible. Therefore,
both discharge and charge currents should be part of such test, as well as some zero currents where
relaxation time is not necessarily required. An example of a profile that contains the aforesaid variations
is the FUDS profile. The constraints are scaled by a factor of

p
N to include a proper weight considering

the number of data points available.



IV. Parameter Estimation

IV.a ECM parametrization

After that voc is determined, the second step is to obtain optimal values for ppp = [Ro,Rp,Cp]T . For this
task, a formulation in the discrete-time domain for the future terminal voltage vk+1 is developed. Hence,
Eq. (1) is solved for a small step d = DT and a current i[k] during the k-th interval:

vck+1 = vcke
�d/CpRp + ikRp(1� e

�d/RpCp) (11)

Next, a discrete version of Eq. (3) is obtained with the bilinear transformation:

sock+1 = sock +
d

2Cbat

(ik + ik�1) (12)

Moreover, the terminal voltage can be represented as:

vk = ikRo + vck + voc(sock) (13)

vk+1 = ik+1Ro + vck+1 + voc(sock+1) (14)

Substituting Eq. (11) in Eq. (14) results in:

vk+1 = ik+1Ro + vcke
�d/CpRp + ikRp(1� e

�d/RpCp)+ voc(sock+1) (15)

Finally, solving for vck from Eq. (13) and replacing it in Eq. (15):

vk+1 = ik+1Ro +(vk � ikRo � voc(sock))e
�d/CpRp + ikRp(1� e

�d/RpCp)

+ voc(sock+1)
(16)

Note that Ro, Rp,Cp are the only unknowns, since sock+1 is obtained with Coulomb counting with Eq.
(12). To find these unknown variables, the problem is formulated as the following optimization problem:

argmin
ppp

:=
N

Â
k=1

1
2
(vk+1(p)� v

⇤
k+1)

2 (17)

where v
⇤
k+1 is the future sample of the terminal voltage. It is important to mention that in this formulation

there is not separating the sample points, since the N available data points are used in this task. Hence,
such problem is relatively easy to solve with unconstrained optimization techniques. The proposed
objective functions are solved using Sequential Least Squares Programming (SLSQP).

IV.b SOC estimation with UKF

After obtaining optimal values for the coefficients of the OCV-SOC curve and the ECM, we aim use this
values in the model for the SOC estimation and terminal voltage prediction. For this task, an UKF is
adopted. The UKF utilizes a discretized version of the nonlinear dynamic system of the following form:

xxxkkk+++111 = f (xxxkkk, ik)+wwwkkk , yk = g(xxxkkk)+uk (18)

Where xk is the vector of states, wk and vk are the process and the observation noise, respectively. The
function f is a mapping between the prediction of the future state xxxk+1 given the current state xxxkkk, while
the function g returns the observation. The state distribution is represented by a Gaussian random vari-
able, and it is specified by sample points that capture the statistics (e.g. mean and covariance) of the
state distribution. Moreover, the propagation of this statistics through the system (i.e. f (xxxkkk, ik)+wwwkkk)
captures the posteriori mean and covariance with the unscented transformation (UT). Now, the space
state representation of the ECM can be formulated as follows:

xxxkkk+++111 = AAAkkkxxxkkk + ikBBBkkk +wwwkkk (19)



Fig. 3: a) OCV-SOC curves comparing incremental current test vs data-driven characterization at 25 oC
and b) Curve-fitting ECM with data from FUDS.

with the following measurement equation:

yk = ikRok + vck + voc(sock)+uk (20)

with

xxxkkk =

2

64
sock

vck

Rok

3

75 , AAAkkk =

2

64
1 0 0
0 e

�d/t 0
0 0 1

3

75 , BBBkkk =

2

64
d/Cbat

Rp(1� e
�d/t)

0

3

75 , wwwkkk =

2

64
wsock

wvc k

wRo k

3

75 (21)

where Cbat is the capacity of the battery, d is the sampling time, and t is the time constant (t = RpCp).
The function voc returns the OCV of the circuit given the SOC. In addition, the vector wwwkkk and the scalar
uk are zero-mean Gaussian stochastic processes with a known covariance QQQwk

and Ruk
, respectively.

V. Numerical Studies

To carry out a comparative study, experimental data of a LiNiMnCo-cathode Graphite-anode battery
from [17] are used. This data set has been used as a benchmark in some researches [18, 19]. However,
the current intention is to obtain the OCV-SOC curves at 25ºC from four current stress tests, with three of
them derived from driving cycles: Federal Urban Driving Schedule (FUDS), Highway Driving Schedule
(US06) and Beijing Dynamic Stress Test (BJDST), and the Dynamic Stress Test (DST). The OCV-SOC
characterization, ECM parametrization and UKF-based SOC estimation are explained in the followings:

OCV-SOC characterization: To evaluate the robustness, the proposed optimization method for OCV-
SOC characterization is applied to all the test data (e.g. FUDS, US06, BJDST, and DST) and the results
compared versus IC test as the reference value (v⇤

oc
). The obtained OCV-SOC curves are shown in Fig. 3

(a). This calibration process can be performed after few cycles autonomously without disconnecting the
EV from the operation.

ECM parametrization: The second step is to utilize the obtained OCV-SOC curve for estimating tem-
porary ECM parameters before applying UKF. Considering that FUDS could reflect the expected power
variations in EV applications, it was selected to obtain the parameters of the ECM. This profile has
been selected because of its complexity and it distribution of discharge/charge/zero currents: 55 %, 25
%, 20 %; respectively. The obtained parameters are Listed in Table I and compared versus the results
of [19].There is a very small variation in the optimal values of the ECM parameters. The internal battery
resistances Ro are very similar. Nonetheless, the parameters of the RC branch have noticeable differ-
ences. Fig. 3 (b) demonstrates the quality of the fitted terminal voltage achieved from the proposed
methodology despite the considerable differences in RC paper with [19].

UKF-based SOC estimation: Once the FUDS profile has been utilized for finding the values of the



Fig. 4: Estimation and prediction errors: a) SOC at nominal SOCo and b) Terminal voltage: First row
considers �10%SOCo error, second row SOCo, and third row +10%SOCo.

Fig. 5: SOC estimation considering an initial error using the same parameters obtained from FUDS and
tested on: a) BJDST b) US06 and c) DST .

OCV-SOC and the ECM, the other three tests (BJDST, US06, DST) are adopted to validate the model.
This procedure is carried out with the data from each test. Moreover, an error in the initial SOC is
added (±10%) to monitor the response of the observer (i.e. UKF). The values of the covariance for the
implementation of the UKF are selected as Ruk

= 1e�6 and Qwk
= diag([1e�6,1e�4,1e�4]). Fig. 4

shows a summary of the RMSE and MAE of the SOC estimation and terminal voltage prediction on each
test, varying the initial SOC and considering percentage values (i.e. 0%<SOC<100%). Moreover, these
results are close to the results presented in [19], except for the maximum error. The maximum errors of
US06 and and BJDST presented in Fig 4 a) are both ⇠ 50 % smaller in the proposed methodology.

The SOC estimation with each stress test and the introduced ±10% are also shown in Fig. 5. The results
show that in despite of the introduced error of ±10% in the initial SOC, the estimator successfully
corrects the wrong initial SOC.

Table I: The optimized ECM parameters with FUDS data in comparison with IC test + DST in [19]

Parameters Proposed Methodology Reference [19]
ECM Parameters Ro (W) 0.07152 0.0710

Rp (W) 0.01544 0.0342
Cp (F) 881.99 1135.2

Curve-fitting Error MAE (V ) 5.424e-4 3.708e-4
RMSE 8.905e-4 5.988e-4



VI. Conclusions

The conventional open circuit voltage versus state-of-charge (OCV-SOC) characterizations based on in-
cremental current test (ICT) and dynamic stress test (DST) are time consuming and a complete process
could take several weeks in laboratory environment. Moreover, the re-calibration of battery OCV-SOC
after a specific number of cycles is required to compensate the cell degradation effects on the OCV-
SOC curve. Therefore, autonomous and robust OCV-SOC characterization respective to the battery
test method becomes an inevitable task in applications such as electric vehicles. This paper presents
a methodology for autonomous equivalent circuit model (ECM) parameter characterization without the
need for time-consuming ICT and DST. Characterization process is formulated as an optimization prob-
lem and integrated prior to the unscented kalman filter based SOC estimation. The methodology can
be implemented in real-time in low-cost micro-controllers as the problem is solved by newton-based
mathematical methods. Numerical studies are carried out to validate the effectiveness of the proposed
method. In the worst case scenario the SOC estimation root mean square error (RMSE) is confined to
1% and maximum error to less than 2% when there is an error of ±10% in the initial SOC. Therefore,
the methodology is robust and able to autonomously characterize the OCV-SOC curves and estimate the
ECM parameters in real-time.
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