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Abstract—Battery Energy Storage Systems (BESS) emerged
over the last decade due to their proven capabilities in mobile
(e.g. electric vehicles) and stationary (e.g. smart grids) solutions.
To manage a BESS and sustain its high performance over time,
it is mandatory to monitor the battery states accurately. One of
the most important states to monitor is battery State-of-Charge
(SoC). SoC cannot be measured directly, therefore, its accurate
estimation can improve the performance and the flexibility of
the whole system. Additionally, the indications that battery SoC
provides are used both for managing safe operation of the
storage system and for extending the battery lifetime by
preventing over-charging/discharging. Choosing an appropriate
SoC estimation algorithm is typically a trade-off between
algorithm complexity and accuracy. Different SoC estimation
methods can be found in literature. Generally, these methods are
evaluated considering a particular application (e.g. specific
battery-cell technology and C-rate) that may not be suitable for
other applications. This paper is focusing on simulating a
verified battery Equivalent Circuit Model (ECM) and
implementing different SoC estimation algorithms, using
MATLAB Simulink®, to evaluate each algorithm’s
performance considering constant and dynamic current
profiles. The results, obtained under different conditions, are
compared to identify the advantages and constraints of each SoC
estimation algorithm.

Keywords—Battery Energy Storage Systems, Battery
Equivalent  Circuit Model, State-of-Charge  Estimation
Algorithms, Model-based State-of-Charge estimation, Coulomb
Counting, Extended Kalman Filter, Unscented Kalman Filter, C-
rate, Dynamic Current Profiles

I. INTRODUCTION

Developments in electric mobility and the growing trend
of using Renewable Energy Sources (RES) in the last decade,
have considerably increased the attention on utilizing the
Battery Energy Storage Systems (BESS) since these systems
are capable to store a significant amount of energy for a quite
long period of time and work as complementary to RES
systems [1]-[2]. Accordingly, many researchers have
addressed the BESS design and performance by considering
specific applications and conditions.

The studies [1] revealed that the BESS performance is
dependent on several factors, such as cycle life, depth of
discharge, temperature, and charge/discharge rate. Therefore,
the performance can be improved if the battery states are
monitored accurately and a suitable BESS control strategy is
adopted. One of the important factors for BESS management
is State-of-Charge (SoC) which reflects the available capacity
of an electric battery relative to its total capacity. Based on the
application and the battery-cell technology, different battery
SoC estimation methods are proposed in literature. Comparing
the results published in [3]-[8], Model-based methods are
verified as robust and accurate SoC estimation techniques.
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Battery models described in [8]-[9], like electrochemical,
analytical, electrical, thermodynamic, and artificial
intelligence-based models are capable of simulating the BESS
with different accuracy and working conditions. Despite their
high accuracy, all these models are not suitable for real-time
SoC estimation due to the high computational effort and
memory required. Electrical Models denoted as battery
Equivalent Circuit Models (ECMSs), are the most used models
for Model-based SoC estimation [8]. ECMs provide adequate
accuracy with a simple structure that makes these models
casily applicable.

For better SoC estimations, accuracy and applicability
must be considered, not only for the models but also for the
SoC estimation algorithms. This is the main reason for
existing trade-off between accuracy and complexity of the
SoC estimation methods. Hence, to reach higher accuracy,
more complex models and algorithms must be employed. In
this study, different Model-based SoC estimation algorithms
are implemented using a verified Thevenin-based second-
order ECM as the reference model [10]. The performance of
each algorithm is evaluated considering different operation
and application conditions.

The paper is structured as follows: In Section 11, the battery
equivalent circuit model will be represented. In Section III,
different SoC estimation algorithms will be studied in detail.
In Section IV, MATLAB Simulink® simulations of the
battery model integrated by different Model-based SoC
estimation algorithms and the test current profiles are
described. Section V is dedicated to the rigorous
representation of the results of the tests and the discussions.
Section VI is allocated to the conclusion and future research
suggestions.

II. BATTERY EQUIVALENT CIRCUIT MODEL

One of the main components of the Model-based SoC
estimation is the battery model. The SoC can be accurately
estimated under different working conditions only if the BESS
model is coherent to reality. ECMs are the most frequently
employed models in electromobility studies and SoC
estimations because these models are less complex than the
electrochemical models and have more physical
correspondence to the real battery in comparison with
mathematical/analytical models. Among different ECMs that
are studied in [8], the Thevenin-based Second-order
Equivalent Circuit (SOEC) model is adopted for this study
since this model is capable of simulating the dynamic
characteristics of the BESS such as, concentration polarization
and the electrochemical polarization. Fig. 1, represents the
dynamic SOEC model.

The model was developed to simulate the Lithium-ion
battery with Nickel-Manganese-Cobalt-Oxide (NMC)
cathode and graphite anode. The battery electrolyte is a
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mixture of lithium hexafluorophosphate (LiPF6) with organic
solvent Ethylene Carbonate (EC) and Ethyl Methyl Carbonate
(EMC) [11]. The battery cell nominal voltage and nominal
capacity are equal to 3.6 V and 8 Ah, respectively. The
number of the layers in the battery cell is equal to 16 and the
cell weight is 157 g.

The ideal voltage source V. is used for modeling the
battery open-circuit voltage. R;,; represents the battery's
internal resistance. Two RC pairs (R4, Cy, R,, and C,) are used
to model battery transient phenomena (hysteresis effect and
polarization effect) with significant accuracy since the model
is enhanced with two different time constants. Although
adopting more RC pairs will increase model accuracy, it will
result in an undesirable increase in the model complexity [8].
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Fig. 1. Dynamic Thevenin-based second-order equivalent circuit model.

The model parameters (Vyc, Rine, R1, C1, Ry, and C,) are
obtained by Hybrid Pulse Power Characterization (HPPC)
tests [10]. For each parameter, a lookup table is developed to
model the non-linear behavior of the battery considering the
effects of the SoC and operating temperature on each
parameter. According to the test result and collected data, the
lookup tables are characterized by breakpoints specifications
equal to 0 to 100% with 10% steps for SoC and three different
ambient temperature rates equal to 288.15 K, 298.15 K, and
318.15 K. Vrrepresents the simulated battery terminal
voltage. The model equations are given by (1) — (3).
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III. SOC ESTIMATION METHODS

Regarding Model-based SoC estimation, the commonly
used algorithms are Coulomb Counting (CC) method and
Kalman filtering methods which are combined appropriately
to realize a hybrid SoC estimation technique [3].

A. Coulomb Counting Algorithm

Coulomb Counting (CC) method relies on integrating
battery charging or discharging current over the time interval
which provides the amount of the charge drawn from or
supplied to the battery in ampere-second (As) [4]-[5].
Considering the charging or discharging operation efficiency
(n) and nominal capacity (Q,qteq), the per-unit charge lost or
gained can be calculated which is used to update the initial
state of charge (SoC, ). The CC equation is given in (4), where
Iyqee Tepresents the current applied to the battery for charging
or discharging.

t
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The CC method is mostly used as the main algorithm for
SoC estimation since it can be easily implemented. However,
the CC method suffers from a lack of accuracy due to the
measurement noise which leads to accumulated errors and
SoC drift. The battery capacity variations affected by
operating temperature are another drawback of the CC
method. Initial SoC recalibration at 100% and 0% when the
battery is fully charged or discharged is a possible solution to
overcome the CC method error. However, in hybrid model-
based SoC estimations, the initial SoC recalibration is done
more precisely using adaptive filtering algorithms such as
Kalman filtering to enhance the CC method results.

B. Kalman Filter State Estimation Algorithms

Kalman Filter (KF) is an efficient tool to estimate an
unknown state of a dynamic system in the presence of noise.
The KF algorithm uses a Gaussian sequential probabilistic
inference solution divided into two main steps denoted as
prediction and correction steps to execute the state estimate
and error covariance [12]. The error covariance indicates the
uncertainty and error bounds for the estimated state. Due to
high performance and accurate estimations achieved by KF,
the algorithm has been widely used for online SoC estimation
in literature. However, it should be noted that the Kalman filter
also known as linear Kalman filter (LKF) is employed when
the battery system is linear. Consequently, for the non-linear
lithium-ion battery system adopted for this study, more precise
estimators, such as Extended Kalman filter (EKF) or
Unscented Kalman filter (UKF) are required.

To use the EKF and UKF estimators, the battery system
state-space and output equations should be modeled in discrete
time as in:

X = f(Xg—1, Ug—1) + Wy Q)
Vi = g we) + vy (6)

Where x;, is the system state vector defined based on the
SOEC model equal to,
SoCy,
xk = I Vlk

Var
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The subscript k is used to indicate the discrete-time index.
uy, is the input of the system equal to uy, = Ipgee i - Wi and vy
are the white Gaussian noise with zero mean and identified
covariance matrix indicating the process noise and
measurement noise, respectively. The nonlinear functions
f(xx, ug) and g(xy, uy) are determined by the SOEC model
adopted for this study. The last parameter, y,,, represents the
output of the system.

The EKF uses the linearization process by implementing
first-order Tylor series expansion at each time step assuming
that the nonlinear functions f(x;,u;) and g(xy,u,), are
differentiable at all operating points. Therefore, employing
EKF as the state estimator for the systems with high
nonlinearity will result in poor estimations. By implementing
the linearization, the system state-space and output equations
can be written as (8) and (9).

X = Ap_1Xk—1 + Br_qUp_q + W4 (3

Yk = Cixy + Dy + vy )



Although the general form of the (8) and (9) are similar to
the linear system equations where LKF can be implemented,
there is an important difference in the definition of A, B, Cy,
and D, matrices. These matrices are Jacobians calculated
using the first-order derivative of the functions f (x;, u,) and
g (x, ug) with respect to x; and uy [15] —[16]. Considering
the SOEC model adopted for this study, the aforementioned
matrices are given in (10) — (13), where Ts refers to the
sampling time considered for each time step, the first time
constant is 7; = R;C;, and the second time constant is 7, =
R,C, .
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The Unscented Kalman Filter (UKF) uses a different
approach for state estimation. When Gaussian distribution is
passed through the nonlinear functions f(x;,u;) and
g(x,,uy), the resulting distribution will not be Gaussian
anymore. The UKF uses the sampling technique known as the
Unscented Transformation (UT) to approximate the Gaussian
form of the transformed distribution with adequate accuracy
to be used for state estimation [13]. UKF chooses a set of
sampling points called weighted sigma points including the
state mean to approximate the input Gaussian distribution. The
deterministically chosen sigma points are then propagated
through the nonlinear functions f(x,u,) and g(x,uy), to
get the set of transformed sigma points whose weighted
average and covariance will be used for state estimation and
calculation of the error covariance at the next time step.

The sigma points are not chosen randomly, and the spread
of the sigma points is controlled by three scaling factors
denoted as Alpha (o), Kappa(k), and Beta(B) [12]. Alpha
represents the spread of sigma points around the mean state
value. To limit the sigma points’ spread closer to the mean
state value the Alpha should be set equal to smaller values in
the range of 1073 < @ < 1. Additionally, the spread of the
sigma points around the mean state value is affected by the
square root of the scaling factor Kappa. Kappa value typically
ranges 0 < k < 3, such that smaller values indicate closer
spread to mean state value. Beta, which includes information
of the state distribution, is used to modify the weights of the
transformed sigma points. As Gaussian distribution is
considered for the state estimation implemented in this study,
the scaling factors Alpha, Kappa, and Beta are optimally set
equal to 1072, 0, and 2, respectively, to enable UKF track only
a single peak in the probability distribution of the state, and to
increase the accuracy of the state estimation algorithm.

Both EKF and UKF use the present state of the system
(%3) and the error covariance (Pg), which identifies the
precision of the initial state data, to initialize the state

estimation process at time step zero. The accuracy of the
initialization data will increase the robustness of the estimation
algorithm as the estimations converge towards real values
faster. The initialization data considered in this study are given
as:

2¢ = Elxo] = [S0Cy,0, 0] (14)
P¢ = E[(xo — £5) (%0 — £5)"] (15)

= diag[1073,107%,1072]
The notation “*” is used to indicate the estimated values
and the superscripts “+” and “T” are indicating the posterior
estimates and matrix transpose, respectively. Following the
initialization step, the EKF runs the recursive sequential
probabilistic inference with three prediction steps and three
correction steps described in [12] —[14] , where Qy, and R,, are
the covariance matrices of the white Gaussian noises wj, and
vy, respectively, given by (16) and (17) considering the
conditions assumed in this study.

Qw =diag([107°]) (16)
R, =[1] (17)

The detailed recursive state estimation calculations for
UKEF is also described in [12] — [14]. The UKF state estimation
is based on sequential probabilistic inference which consists
of four main steps of initialization, sigma points computation,
state prediction, and measurement update. The major part of
the UKF state estimation, such as sigma point computations,
weight assigning to each sigma point, propagating the sigma
points through the nonlinear functions, and computing the new
Gaussian mean and covariance from the transformed points
are all performed by UT [13].

In comparison to EKF, which uses only one point (the
mean of the Gaussian distribution) for the linearization, the
UKEF benefits from weighted sigma points that can model the
state distribution with higher accuracy. Consequently, the
UKEF can be employed when the system is highly nonlinear,
the functions f(x, u;) and g(xg, uy), are not differentiable
at all operating points, or it is not possible to calculate
derivatives precisely. Using the limited number of
deterministic sigma points makes the UKF computationally
less complex than other adaptive filters such as Particle Filter
(PF). However, using sigma points can be considered as a
drawback in comparison to EKF when computational and
memory constraints exist.

IV. BATTERY MODEL SIMULATIONS AND CURRENT TEST
PROFILES

MATLAB Simulink® is used to implement the SOEC
model and the SoC estimation algorithms within the model-
based SoC estimation structure described in [3]. The model is
developed considering the mathematical equations given in
(1)-(3). For each parameter in the model (Vy¢, Rine, R, C1, Ry,
and C,) a lookup table is built using the experimental data
from the HPPC test. Ambient temperature and current SoC is
used as characterizing inputs for each lookup table. Cubic
spline algorithm is selected to extract the value of each model
parameter based on the SoC and temperature.

The accuracy of the simulated battery model adopted for
this study is verified by comparing the model terminal voltage
(Vr) with the experimental data collected by measuring the



real battery terminal voltage running the HPPC test at different
ambient temperatures. It is observed that the model adopted
for this study is coherent to the real battery and performs with
adequate accuracy. The verification results at a temperature
equal to 298.15 K and SoC, = 100% is shown in Fig. 2.

The CC algorithm has been developed by sampling the
battery current (Ip,4¢¢) considering sampling time T's= 0.1 s,
and using a memory block to store the current SoC value to be
used as the initial State-of-Charge (SoCj) in the next time
step. The efficiency (1) is set equal to 97% for both charging
and discharging processes in this study.

The battery system state-space and output equations are
modeled using Simulink functions. These functions specify
the state transition and measurement functions in EKF and
UKF blocks, that are simulated using Simulink Control
System Toolbox. The terminal voltage of the simulated battery
model (V) with random noise is used as the system measured
output required by EKF and UKF state estimators.

The parameters for EKF and UKF blocks are tuned to
achieve the highest accuracy at HPPC test conditions. The
value of these parameters is reported in (14)-(17). The process
and measurement noise are both considered additive in this
study and the relative covariances are considered time-
invariant.

Each SoC estimation structure is tested considering
constant C-rates and dynamic current profiles. Each test is
repeated for three temperatures equal to 288.15 K, 298.15 K,
and 303.15 K. The results are compared to the reference SoC,
which is obtained from the ideal integration of the battery
loading current, to verify the estimation accuracy. The testing
dynamic and constant current profiles defined considering
both electromobility and RES application requirements are
shown in Fig. 3.

The current profiles include HPPC test performed at a
current rate equal to 1C, Dynamic Stress Test (DST)
performed at a current rate equal to 0.5C, Federal Urban
Driving Schedule (FUDS) test for batteries implemented in
electric vehicles (EVs), performed at a current rate equal to
0.5C [17], battery constant C-rate cycling test performed at a
current rate equal to 1C, High regime battery cycling test with
partial charge/discharge profile is performed at 0.2C, and Low
regime battery cycling with partial charge/discharge test
performed at 0.2C. A random noise with power equal to 0.001
is added to test current profiles to realize the battery current
measurement.

The time and initialization conditions defined for each test
are indicated as,

e HPPC test is initialized with SoCy, = 100%, and
performed for 4 x 10%s.

e DST test is initialized with SoC, = 80%, and
performed for 3.44 x 10%s.

e FUDS test is initialized with SoC, = 80%, and run
for 3.44 x 10% s.

e Battery constant C-rate cycling test is initialized with
SoC, = 50%, and run for 3.84 x 10° s.

e High regime battery cycling test is initialized
with SoCy = 70% and run for 4.9 x 10° s.

e Low regime battery cycling test is initialized with
SoC, = 20%, and performed for 4.88 x 10° s.
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Fig. 2. Battery model verification by comparing the simulated and
measured terminal voltages.
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Fig. 3. Battery testing current profiles.



V. RESULTS AND DISCUSSIONS

The SoC estimation results obtained by performing the
tests at 298.15 K are represented in Fig. 4. The estimation error
and error mean are shown in Fig. 5. The results of each test are
reported in percentage considering C-rates, time, and SoC,
defined before. The EKF and UKF estimator parameters, such
as initialization data, and the covariance matrices are tuned for
optimal performance with HPPC test conditions, which
resulted in estimation error within 0.5%. The tuning
parameters are kept unchanged for precise comparison of EKF
and UKF estimation accuracy in other test cases.
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Fig. 4. State-of-Charge Estimation results.
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Fig. 5. State-of-Charge estimation error.

Referring to the SoC estimation results shown in Fig. 4, it
can be observed that the CC algorithm suffers from
accumulated error over time due to the measurement noise and
charging/discharging efficiency. The error causes a non-
negligible drift compared to reference SoC. According to the
results, both EKF and UKF algorithms are performing with
high accuracy and slight differences.

The HPPC test estimation error shown in Fig. 5, reveals
that in the time interval between 1.5 X 10%*s, and 2.8 x 10%s,
corresponding to SoC range between 60% to 31% the UKF
performs with higher accuracy since the model terminal



voltage profile is flat in this interval and the sigma point
sampling technique employed by UKF is more efficient.

According to the results, error bound is not constant for all
the test conditions. Referring to the FUDS test results shown
in Fig. 5, it can be observed that the estimation error rises to
1.3% when the discharge process starts once the battery is
fully charged and converges to smaller values through the
time.

The estimation error bounds observed through the tests
performed at three ambient temperature rates equal to 288.15
K, 298.15 K, and 303.15 K are represented in Table I, show
that temperature variation does not affect the battery model
and the SoC estimators' performance. However, more tests are
required to verify system performance at different operating
temperatures.

It should be noted that for the battery system adopted in
this study, the EKF state estimator performs with sufficient
accuracy and requires less computational effort. Thus, for
similar battery systems with low nonlinearity, the EKF
estimator can be the correct choice considering the trade-off
between algorithm complexity and accuracy described earlier.

TABLE I. STATE-OF-CHARGE ESTIMATION ERROR AT DIFFERENT TEST
CONDITIONS AND AMBIENT TEMPERATURE

Batter Maximum Soc Estimation Error Percentage (%)
Testsy 288.15 K 298.15 K 303.15 K
EKF UKF | EKF UKF | EKF UKF
HPPC 0.44 0.49 0.47 0.58 0.48 0.58
DST 0.77 0.80 0.83 0.85 0.84 0.85
FUDS 0.39 0.40 0.38 0.40 0.38 0.39
Constant
Cycling at 1C 0.94 0.93 0.97 0.96 0.97 0.97
High Regime 0.5 071 | 047 | 072 | 047 | 072
Cycling
LowRegime | ¢3 | 091 | 081 | 091 | 080 | 091
Cycling

VI. CONCLUSION

According to the results obtained through different tests
performed in this study, it can be concluded that the battery
model physical correspondence to the real battery has a
significant effect on the model-based SoC estimation
accuracy. Comparing the EKF and UKF state estimators for
the (NMC) Lithium-ion SOEC battery model, it is highlighted
that the UKF is not necessarily the best solution to address the
trade-off between algorithm complexity and accuracy since
the EKF performance is better with respect to the low
computational effort. However, for the battery systems with
high nonlinear characteristics, the UKF is recommended
because the linearization technique used by EKF will not be
adequate to estimate SoC with acceptable accuracy [12]. For
different application conditions, the tuning parameters of the
EKF and UKF must be chosen considering each algorithm's
specifications and constraints, to minimize the estimation
error. Therefore, future research on developing a suitable
technique to extract the tuning parameters for EKF and UKF
is recommended. Additionally, to provide clear insight into
the strength and weaknesses of each SoC estimation
algorithm and to facilitate the algorithm recognition for
possible applications, more test cases with different battery
chemistry and ECMs are suggested for future research.
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