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Abstract—Lithium-ion (Li-ion) batteries have gained signifi-
cant attention in applications such as electric vehicles and hybrid
vehicles and vessels. An important variable of the battery pack is
the state-of-charge (SoC), which is not deterministic and cannot
be measured accurately using the currently available methods,
but it requires estimation. The Kalman filter algorithm has
proven to be reliable in estimating the charging level of Li-ion
batteries. In this paper, we compare the performance of two
different Kalman-based algorithms in terms of robustness and
accuracy, also distinct in the nonlinearity scheme. A polynomial
curve fitting method is customized to estimate the essential
Li-ion battery parameters based on its Thevenin equivalent
circuit model. Then, the output of these parameter estimations is
propagated through two Kalman filters: extended Kalman filter
(EKF) and the unscented Kalman filter (UKF). The implemented
filter algorithms are validated using realistic data collected from a
functional hybrid vessel operating between the Nordic countries.
Further validation for the battery parameters is done using
laboratory experiments on battery packs. The SoC estimation
results show that both filters EKF and UKF converge robustly
and reliably. However, UKF is further recommended as it
outperforms EKF in terms of battery SoC estimation accuracy
with an advantage of 0.05% error, hence, making UKF more
suitable for real-time Li-ion battery-based applications.

Index Terms—State of charge estimation, Kalman filters,
Lithium-ion, Battery, Hybrid vessels.

I. INTRODUCTION
A. Role of batteries in hybrid maritime shipping

Hybrid vessels (ships) are designed to minimize emissions
by optimally utilizing several power sources, e.g., main and
auxiliary internal combustion engines (ICE), and electric gen-
erators/motors (G/M). These power sources are connected to
a powertrain as shown in Figure 1. The Power Take In Power
Take Out (PTIPTO) unit controls the power flow direction of
the G/M: energy stored in the battery can be used to support
the ICE to drive propulsion or energy generated by the ICE
can be stored to the battery. The objective of the hybrid drive
control is to enable using the ICE as efficiently as possible and
with minimized emissions. The role of the electric powertrain
is, e.g., to quickly react to sudden power demand changes due
to external disturbances. Multiple power sources also increase
redundancy and safety as well as operability in heavy sea
conditions. Moreover, electric drive could be used in emission
restriction areas, such as, harbors, to obtain zero emissions.
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Currently hybrid-powered ships can reduce fuel consumption
by 15-25%, when comparing to equivalent diesel-powered
ships. Hybrid vessels are considered to be a way to eventually
decarbonize shipping [1]-[3]. A basic illustration of a hybrid
vessel single-line diagram can be seen in Figure 1.
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Fig. 1. Single line diagram of a hybrid vessel.

A typical hybrid vessel requires a hybrid cycle power system
comprising the main engine (e.g. 4L.20), lithium ion (Li-ion)
battery arrays, battery management system (BESS), auxillary
engines (or small Gensets), PTIPTO unit, the propeller (CPP),
the frequency converter, the gearbox, and the other electrical
load (also known as hotel load) [4]-[6].

The hybrid drive (controller) needs to know the state-of-
charge (SoC) of the battery for energy management, safety,
and proactive battery health monitoring [7]. As for energy
management and efficiency, Estrada et al. [8] optimized the
PTIPTO controller with Q-learning — a reinforcement learning
algorithm. In the controller, the battery SoC, vehicle speed, and
power demand were inputs. The output is the torque demand
distribution between the internal combustion engine and the
electric motor. The controller reduced fuel consumption by
23% in comparison to a non-hybrid vehicle.



B. Battery state of charge

SoC is used to select the operation mode of the hybrid
system. With a low SoC (e.g., below 30%) the preferences
should be to save the charge for emergencies and to charge
the battery, whereas a higher SoC allows to optimize other
objectives, such as, emissions and fuel efficiency [9].

As for safety, SoC estimation is needed to protect against
overcharging, over-discharging, and overheating. Furthermore,
SoC is vital when monitoring battery performance and pro-
longing the battery life. This can be achieved, e.g., by calculat-
ing the state of health (SOH) as the ratio of the maximal actual
capacity to the rated capacity. This ratio tends to decrease
when the battery ages [7], [10].

C. Methods of SoC estimation

SoC is defined as the ratio of the available quantities of
charge Q(t) when the battery is fully charged to the nominal
capacity of the battery (), as described in Equation (1).

Q1)
SoC(t) 0. D

The nominal capacity (@, is the maximum quantity of
charge the battery can contain, defined by the battery man-
ufacturer [11], [12].

The SoC value is not deterministic due to the uncertainty
associated with its measuring environment; hence, it is es-
timated. The literature contains various classifications for
battery SoC estimation methods. The simplest classification
of SoC estimation methods divides them to direct and indirect
methods [11], [12]. A list of battery SoC estimation methods
is shown in Table I, adapted from [12].

One indirect method measures the open circuit voltage
(OCV) of the battery. Figure 2 shows the OCV-SoC relation
given the measured battery data from our Li-ion cells against
the fitted curve using polynomial fitting. The key insight from
this graph is that the relation between the voltage and SoC is
noise at most SoC levels, while nonlinear with low SoC levels.
These facts highlight the challenges of the SoC estimation.

TABLE I
STATE OF CHARGE ESTIMATION METHODS

Direct methods

Indirect methods

1) Coulomb counting (CC)
2) Open circuit voltage (OCV)
3) Electrochemical impedance spectroscopy (EIS)

* Model-Based methods
1) Equivalent circuit model (ECM)
2) Electrochemical model (EChM)

* Adaptive filter-based methods

1) Kalman filters KF/EKF/UKF

2) Recursive least squares (RLS)
3) H-infinity filter (HIF)

* Adaptive artificial intelligence based methods
1) Artificial neural networks (ANN)
2) Genetic algorithms (GA)

The objective of this paper is to apply a lightweight robust
estimation method as the Kalman filtering to act as the main
predictive algorithm for the Li-ion battery SoC estimation.
Since the given system is nonlinear, we study and compare
two denominations of Kalman filters capable to track the
states of nonlinear systems: 1) Extented Kalman filter (EKF)
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Fig. 2. Relation between battery open-circuit voltage and its state of charge.
Note that the y-axis does not start from 0.

and 2) Unscented Kalman filter (UKF). This objective was
aligned as part of the Integrated Energy Solutions to Smart
and Green Shipping (INTENS) project, conducted between the
years 2018-2020 in Finland [13].

The rest of paper proceeds as follows: Section II discusses
the technical aspects surrounding the adopted battery SoC es-
timation methodology, focusing on battery system modeling in
the form of state-space set of equations. Section III shows the
conducted simulations, their setup, and their respective results,
graphically and numerically. Finally, Section IV concludes the
paper by highlighting the key findings and insights from the
applied method and the rendered results.

II. L1-1ON BATTERY MODELING

Starting from battery system modeling, the operation of a
given Li-ion battery can be projected via several ways, known
as the equivalent circuit models (ECMs).

A. Equivalent circuit model

Numerous equivalent circuit models have been developed
to best describe the behavior of Li-ion battery parameters
and chemical activity. Examples are the Rint model, the RC
model, Thevenin model, Dual polarization (DP) model and
Partnership for a New Generation of Vehicles (PNGV) model,
which are widely adopted in electric vehicles (EV) nowadays
[14].

The DP model, shown in Figure 3, is an improved version
of the Thevenin circuit model to express the polarization
properties of the battery in a more refined manner [10]. The
DP model consists of two RC elements to overcome the
polarization simulation inaccuracy found in Thevenin, Rint and
RC models. The DP model introduces two more factors than
the Thevenin model, which are the concentration polarization
and the electrochemical polarization [14]. The terminal voltage
of the DP model is obtained from Equation (2) [10], [14].
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where Ur is the circuit terminal voltage in Volts at time
instant k, Upc,; is the open circuit voltage, SoC} is the
state of charge in percentage %, Uj j is the voltage across
the first RC branch, Us ;. is the voltage across the second RC
branch, Iz is the circuit current flowing across its terminals
in Amperes, and vy, is the error residual vector.
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Fig. 3. Second order Thevenin circuit (or DP) model.

The relation between OCV Ugpe and SoC can be derived
mathematically as in [11], [15], [16], explained by Equation
(3), and previously presented in Figure 2.

UOC(SOC) :C()+015+CQS2+CSS3..+CnSn. (3)

where n is the polynomial order of the fitting function, and
S is the function parameter to resemble the SoC estimation
tensor.

Note that for computational optimization and accurate re-
sults in OCV-SoC relation, the recommended ceil of poly-
nomial fitting order should be kept below the fifth order, as
prescribed and implemented in [16]. While in our implemen-
tations, we discovered that the sixth-order polynomial fitting
yielded more accurate results in both OCV-SoC relation and
battery ECM parameter estimations.

B. Battery ECM parameters

According to the DP model, the following battery ECM
parameters should be evaluated or estimated in order to
facilitate SoC estimation, they are: Ry, Ry, R, 71,72, C1, Ch.

The evaluation of resistance parameters (Rg, R1, Rz) and
time constants (71, 72) is performed according to the method-
ology described in Figure 4, as stated by [17], [18]. The
method requires the determination of five turning points from
the terminal voltage curves, as shown in Figure 4. In our study,
the five turning points were detected by a Python-based script
that was developed to pinpoint the triggered major changes
(turning points) in the characteristic terminal voltage curves,
based on the recorded experimental Li-ion battery data. Those
points were arbitrary termed as: 1) Start point, 2) Falling point,
3) Stop point, 4) Rising point, and 5) Discharge point.
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Fig. 4. Evaluating battery parameters from U curve data using the indicated
formulas from [17], [18].

While current I flowing, the estimation of battery model
ECM parameters (U1, Us, Ry, R2, Cq, C2) are obtained via the
hybrid pulse power characterization (HPPC) tests, as described
in [10]. In the method, the offline battery curves are fitted using
6th-order polynomial curve-fit technique, as seen in Figure 5.
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Fig. 5. ECM parameters fitted using sixth-order polynomial fitting model.

C. Kalman filters for battery SoC estimation

The Kalman filter is a recursive algorithm designed to
iteratively estimate the optimal states of linear systems in the
presence of additive white Gaussian noise [19]. The method
employs the priori knowledge of the system to update the pos-
terior state by calculating the Kalman gain and measurements
residual, addressing errors due to drifts and mismatches. Then,
it determines the updated state and covariance vectors, which
serve as inputs for the subsequent iteration [20]-[22].

In discrete-time applications, the Kalman filter operates
in two main steps, the prediction and update steps. In the
Prediction step, the system’s next state is forecasted using
prior measurements. While in Update step, the current state



is refined based on the most recent measurement. These steps
correspond to state-space equations, as detailed in [21], [23].

The simplest form of the nonlinear state-space estimation
model is expressed by Equations (4) [21].

= f(zr-1) + qr—1,

4
yr = h(xg) + 18- ©@

Where zj;, denotes the state vector at time instant k, y
represents the measurement vector, gr—1 and 75 denote the
process and measurement noise vectors, respectively. These
noise terms are assumed to follow normal distributions, with
gk—1 ~ N(0,Qx—1) and r ~ N(0, Ry). The functions f(.)
and h(.) express the nonlinear dynamics of the system and the
measurement model, respectively.

Hence, according to the previous equations and formulas,
the nonlinear Kalman state vector for Li-ion battery DP model
can be written as in Equations (5).

zp = [SoCy Uy Usp Rox Riy Rop Cix Coxl”,

)
yr = [Urx Usr Roxl”.

Kalman transition equations of state and measurements
vectors can be described by Equations (6): [10], [16]
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where SoC), is the unit-less SoC value at time instant & in
percentage %, 7 is the charge or discharge efficiency, At is the
time step in seconds, (), is the maximum available capacity
of the battery (the cell capacity), I j is the terminal current
intensity across the circuit at time instant k in amperes, 7 and
To are the constant time coefficients of the first and second RC
branches, respectively, Uy, and Usj are the voltage across
the first and second RC branch at time instant k in volts,
respectively, c¢;..cg and Sy are the polynomial coefficients and
the parametric tensor of Ry, respectively.

The extended Kalman filter (EKF) uses Taylor series ap-
proximation to linearize the joint distributions tangential point
at each state estimation, as it assumes multivariate normal
distribution [21], [22].

EKF extends the linear Kalman filter to suit nonlinear
systems by approximating the joint distribution of state predic-
tions and measurements as Gaussian spaces, centered around
their mean value. This approximation is done by means of the
Jacobian matrix and Taylor series approximation up to the first
and second orders, such that the new state-space formulas can
be re-written as shown in Equations (7) [10], [15], [16].

Tpr1 = Apxp + Brug +wy
Y41 = Crpxp + Dy ug, + vy
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The unscented Kalman filter (UKF) is another form of
nonlinear Kalman estimators that differs from EKF. UKF
proceeds by the transformation of a non-Gaussian distribution
to a Gaussian one through nonlinear functions or spaces.
Contrary to EKF, UKF utilizes multiple points including the
mean of the distribution called sigma-points, whereas the EKF
relies solely on the mean for its approximation. The UKF
generates additional sigma points, along with the mean, to
achieve a more accurate transformation [24]. This process,
referred to as the Unscented Transform (UT), eliminates the
need for evaluating Jacobian or Hessian matrices, thereby
reducing computational complexity and enhancing accuracy
[25]. Consequently, the UKF often outperforms the EKF in
highly nonlinear systems, while the EKF remains effective for
systems with moderate nonlinearity.

The UKF algorithm uses the unscented transform to obtain
a Gaussian approximation of nonlinear problems. The state-
space equations are applied same as in Equation (4), with
additional steps of calculating the nearby sigma points. The
number of these points are enumerated by satisfying the
formula 2n + 1 with n as the preset scaling factor that
determines the total number of sigma points, in this case n = 2
to gather five sigma points (including the mean point). The rest
of UKF algorithm proceeds similar to EKF (i.e. prediction and
update steps) as described in Equations (6) and (7).

D. SoC estimation method

Our proposed Li-ion battery SoC estimation method is
outlined in Figure 6. We conducted the HPPC test to verify
the SoC estimation method against the simulation results, at a
given temperature of 298.15 Kelvin.

I Initial values I d

soc2
U1+
U2+

[Tus] J Results of EKF and
Im. UKF estimations
Fig. 6. Overview of the proposed Li-ion battery SoC estimation method.

The method commences with providing the initial guesses
of HPPC parameters found from pre-recorded battery test data.
Then, the output of the HPPC test influences the polynomial



fitting of the battery ECM parameters, which in turn, are
exported to the Kalman estimators EKF and UKF. A real-time
ECM simulation model inbounds the estimated SoC values
from the EKF/UKF output to evaluate the battery terminal
voltage across the two RC branches.

ITII. SIMULATION AND RESULTS

Simulations were carried out in MATLAB R2021a, using a
developed ECM model, built-in Simulink blocks for EKF/UKF
estimators, and HPPC data inlets. Figure 7 shows the experi-
mental terminal voltage of HPPC test, with zoomed-in posture
in the below sub-plot.
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Fig. 7. Battery terminal voltage from HPPC test at 298.15 Kelvin.

The SoC simulation results are illustrated graphically in
Figure 8, and numerically in Table II. The error residuals
between EKF/UKF SoC and the reference SoC is shown in
Figure 9.

The utilized performance metrics are: the mean absolute
error (MAE), the root mean square error (RMSE), the 95th-
percentile (p95%), and the statistical standard deviation and
variance.

Based on the rendered results, it is evident that both EKF
and UKF estimators are converging to SoC reference data from
the HPPC test. However, UKF outperforms EKF in terms of
estimation accuracy, as anticipated, with UKF-MAE = 0.05%
against EKF-MAE = 0.11%.

TABLE 11
ERROR EVALUATION OF EKF AND UKF SOC ESTIMATIONS
MAE RMSE p95% Std. Var
EKF 0.11% 0.15% 0.35% 0.13% 0.013%
UKF 0.05% 0.07% 010% 0.07% 0.017%
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Fig. 8. Battery SoC estimation results using EKF/UKF.
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Fig. 9. SoC estimation errors of EKF/UKF compared to reference data.

IV. CONCLUSION

In this paper, we evaluated the performance of EKF and
UKF predictive algorithms for estimating SoC in Li-ion batter-
ies used in hybrid vessels. Our analysis was based on data from
actual Nordic maritime operations and controlled laboratory
tests, allowing to assess each filter’s reliability under realistic
operating conditions. Both the EKF and UKF showed steady
SoC tracking capabilities, but differences emerged when com-
paring their performance across varying load demands. The
results demonstrated that the UKF provided a more precise
SoC estimate than the EKF, achieving a 0.05% improvement
in accuracy. This enhanced accuracy was particularly evident
during periods of rapid load changes, where UKF maintained
a stable SoC estimate with minimal deviation, while EKF ex-
hibited minor fluctuations. Such a performance edge makes the
UKF better suited for real-time SoC monitoring, especially in
maritime environments where power demands shift frequently
and accurate battery management is critical to operational
efficiency. These findings underscore the potential of Kalman



filters in critical applications that demand responsive and ac-
curate battery monitoring. Future studies could further validate
these results with larger datasets and/or different experimental
scenarios such as severe weather conditions or prolonged
power fluctuations.
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