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Abstract Resumen
Estimating the state of charge (SOC) of lithium-ion
batteries is crucial for the operation of various electri-
cal and electronic devices and equipment. This work
presents the implementation of models based on a
Bayesian approach using linearized Kalman filtering
and particle filtering (PF) to estimate the SOC in
lithium-ion batteries. state equation of the Bayesian
models incorporates battery resistance as an artificial
evolution parameter. Two models based on machine
learning algorithms, random forest and K-nearest
neighbors (KNN), are also implemented by fitting
the parameters of an equivalent electric circuit model
to electrochemical impedance spectroscopy measure-
ments. A cylindrical LCO 26650 cell was employed
in this study. The results show high performance in
SOC estimation for the Bayesian filters, with PF ex-
hibiting the best metrics, including an R2 adjustment
factor of 0.9968.

Estimar el estado de carga (SOC) de las baterías de
iones de litio es crucial para la operación de diver-
sos dispositivos y equipos eléctricos y electrónicos.
Este trabajo presenta la implementación de modelos
basados en un enfoque bayesiano mediante el filtro
de Kalman linealizado y el filtro de partículas (PF)
para estimar el SOC en baterías de iones de litio. La
ecuación de estado de los modelos bayesianos incor-
pora la resistencia de la batería como un parámetro de
evolución artificial. De igual manera, se implementan
dos modelos basados en algoritmos de aprendizaje au-
tomático: random forest y KNN, mediante el ajuste de
parámetros de un circuito eléctrico equivalente a las
curvas de mediciones de espectroscopía de impedan-
cia electroquímica. Se utilizó una batería cilíndrica
LCO tipo 26650. Los resultados muestran un alto
desempeño en la estimación del SOC para los filtros
bayesianos, entre los cuales el PF presenta las mejores
métricas, con un coeficiente de determinación R2 de
0.9968.
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1. Introduction

Lithium-ion batteries are critical components in a wide
range of electrical and electronic systems, including
household appliances, medical devices, laptops, elec-
tric vehicles, and energy storage systems [1]. Due to
their high energy density, long lifespan, excellent effi-
ciency, and environmentally friendly operation, Li-ion
batteries have become one of the most competitive and
promising energy storage technologies [2]. The state of
charge (SOC) is a key parameter that provides an indi-
rect measure of the battery’s remaining usable capacity.
To ensure safe and efficient operation, lithium-ion bat-
teries rely on Battery Management Systems (BMS),
which continuously monitor essential variables such
as voltage, current, temperature, and capacity to esti-
mate both the SOC and the State of Health (SOH) [3].
Monitoring these variables enables the BMS to protect
the battery against overcharging, over-discharging, ex-
treme temperatures, and overcurrents, all of which can
lead to physical degradation and significantly reduce
battery lifespan [4].

Several direct SOC measurement methods are avail-
able, including Coulomb counting, open-circuit voltage
(OCV), electrochemical impedance spectroscopy (EIS),
and internal resistance methods. In addition, indirect
estimation methods predict the battery SOC using
mathematical models and algorithms, generally achiev-
ing higher accuracy than direct measurement methods.
Indirect estimation methods can be classified into five
subgroups: model-based, adaptive filter-based, adap-
tive artificial intelligence-based, advanced algorithm-
based, and other approaches. Model-based methods
rely on algorithms that create a mathematical rep-
resentation of the battery’s electrical behavior and
characteristics. This approach includes the electrical
circuit model (ECM) and the electrochemical model
(EChM), which are widely used for SOC estimation
and serve as the basis for various battery modeling
techniques [5]

In [6], the author proposes a model employing a
polynomial algorithm-based fitting approach. This ap-
proach does not require a thermal model and provides
a means of correcting temperature-induced errors. The
study in [7] reports that fractional-order models can
achieve higher accuracy than their integer-order coun-
terparts, although this improvement comes at the cost
of increased complexity. Moreover, physical parameters
can be considered in SOC estimation. For instance,
the dependence of SOC estimation on the battery’s
internal resistance can be exploited to obtain more
accurate results [8]. Temperature effects can also cause
inconsistencies in the SOC estimation of a battery
pack [9].

Electrochemical Impedance Spectroscopy (EIS) is
a powerful technique for battery characterization. The
EIS experiment is based on the application of an alter-

nating signal across a range of frequencies. The result-
ing current and voltage data are correlated to identify
impedances, which provide insight into electrochem-
ical processes in the battery, such as charge transfer
kinetics, ion diffusion, and interfacial reactions [10].
The EIS approach can be employed to improve SOC
and SOH estimation [11]. One disadvantage of EIS is
that it requires specific testing equipment and envi-
ronmental temperature control to obtain more reliable
results.

On the other hand, data-driven models are based
on battery data, including temperature, voltage, and
current measurements. These models may use simpler
formulations or even operate without an explicit model,
although their accuracy decreases when the input data
are noisy or incomplete. However, they are more flex-
ible because they do not require a specific battery
model and demand fewer resources. The data-driven
SOC estimation process comprises three key stages:
data collection, model training, and SOC estimation.
Some widely used techniques include Artificial Neural
Networks (ANNs), Support Vector Regression (SVR),
Support Vector Machines (SVMs), and Fuzzy Logic [2].

This article explores and compares different SOC
estimation methods, with particular emphasis on the
influence of internal resistance on SOC. The under-
standing and implementation of linear, nonlinear, and
artificial intelligence-based models provide a new per-
spective for exploring the limitations of current meth-
ods and improving their robustness and adaptability
under various operating conditions. Both direct and
indirect models are presented. The direct approach is
based on EIS measurements, where SOC is predicted
using RF and KNN algorithms. The proposed indi-
rect approaches are the linearized Kalman filter and
particle filter, where a driving-cycle current profile is
employed to estimate the battery SOC. By comparing
different SOC estimation methods, it is possible to
identify the most suitable and robust model for each
operating condition, thereby improving BMS decision-
making. This study paves the way for optimizing the
performance and extending the lifetime of lithium-ion
batteries, benefiting multiple industries and contribut-
ing to the development of more sustainable and efficient
technologies.

This paper is structured as follows. The Introduc-
tion presents an overview of SOC estimation. The Ma-
terials and Methods section describes the techniques
employed to estimate the SOC of the Li-ion battery un-
der study. The Results and Discussion section presents
the main findings and compares the metrics computed
for each SOC estimation approach. Finally, the Con-
clusions section summarizes the main contributions
and provides recommendations for future work.
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1.1. Related work

The most common approaches applied to SOC estima-
tion are the Coulomb counting method, also known
as ampere-hour integration, the OCV method, data-
driven approaches, and model-based methods [12]. The
Coulomb counting method has been employed to esti-
mate heat generation in a single Li-ion cell [13]. The
authors in [14] affirm that a long short-term memory
(LSTM) neural network model achieves high accuracy
in estimating the SOC of a group of batteries compared
with other neural network models. The LSTM-based
algorithm can be improved by integrating clustering
based on K-means and fuzzy C-means techniques [15].
In addition, an LSTM-based model can consider dif-
ferent temperatures and aging conditions to estimate
SOC more accurately [16].

To address the cumulative error of the Coulomb
counting method, [17] formulated an extended Kalman
filter using the ampere-hour definition of SOC and a
Thevenin model. This model can be improved using a
nonlinear formulation based on the particle filter (PF).
For instance, [18] employed a PF enhanced by an H-
infinity filter to estimate SOC in an electric vehicle.
Standard driving cycles were used.

Moreover, equivalent circuit models (ECMs) are
commonly used with EIS measurements by combining
electrical components and adjusting their parameters
to minimize the discrepancy between collected data
and modeled impedance spectra [19]. For example, [20]
performed battery SOC estimation using an ECM
based on EIS measurements combined with machine
learning algorithms. Seven parameters were employed,
including fractional-order elements. This approach re-
duces training time and is suitable for online SOC
estimation.

2. Materials and methods

2.1. State of Charge definition

The SOC of a battery represents the relationship be-
tween the residual capacity Qt and the nominal capac-
ity Qn and can be formulated as follows:

SOC(t) = Qt

Qn
× 100 (1)

Furthermore, the SOC can be expressed as [21]:

SOC(t) = SOC0 −
η

∫ t

to
i(τ)dτ

Qn
(2)

where SOC0 is the initial value, and I(t) is the real-
time current, with I(t) < 0 for charging and I(t) > 0
for discharging. The parameter η denotes the Coulomb
efficiency, defined as the ratio of the total charge re-
moved from the battery to the total charge supplied
during a complete cycle.

This study aims to compare direct and indirect
methods for estimating the SOC in Li-ion batteries.
The direct method was established based on EIS exper-
iments. The indirect methods were based on Bayesian
algorithms, namely the Kalman filter (KF) and par-
ticle filter (PF). A 26650 lithium-cobalt oxide (LCO)
battery with a capacity of 4 Ah was employed.

2.2. SOC estimated based on Electrochemical
impedance spectroscopy (EIS)

Results from EIS experiments are commonly presented
using Nyquist diagrams, as shown in Figure 1. An
ECM can be formulated for the corresponding EIS
spectra. The pure ohmic resistance Re is the value
at the intersection of the curve with the horizontal
axis [22]; the inductance L models the electromagnetic
phenomena in the battery. The mid-frequency zone
represents the charge transfer region, including the
charge transfer resistance Rct and double-layer capaci-
tance Cdl. The Rct reflects the resistance associated
with lithium-ion movement between the electrode and
the electrolyte [23]. Finally, the low-frequency zone
represents the lithium-ion diffusion process, modeled
by the constant phase element Qdl, where the exponent
ndl varies between 0, corresponding to a resistor, and
1, corresponding to a capacitor. The ECM in Figure 1
is characterized by the impedance given by [24]:

Z(ω) = Re + 1
jωCdl

+
[

1
Qdl(jω)−n

+ Rct

]−1
+ jωL

(3)

Figure 1. Nyquist plot based on EIS test of a battery and
its equivalent circuit model. Adapted from [24].

In this study, SOC prediction based on EIS mea-
surements was carried out using PGSTAT302N testing
equipment. EIS was performed from 5% SOC to 100%
SOC using a 4 Ah LCO 26650 Li-ion cell. A sinusoidal
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current signal with an amplitude of 0.05 A was ap-
plied to the battery. Selected EIS profiles are shown
in Figure 2

Figure 2. Nyquist plot from EIS test of the LCO 26650
battery at different SOC.

SOC estimation based on EIS measurements was
performed by fitting the ECM parameters from the
EIS curve and the battery terminal voltage, as illus-
trated in Table 1. These parameters were then used
to train the RF and KNN algorithms to predict the
battery SOC. Since SOC was predicted for each EIS
measurement, the ECM parameters had to be fitted
for each SOC measurement as well.

Table 1. Fitted parameters for the ECM at SOC 0.6.

Parameter Value
Cdl (F) 0.1
L (H) 5.191 × 10−7

ndl 0.5
Qdl (Ω−1sndl) 1×10−5

Rct (Ω) 0.01
Re (Ω) 0.06662

RF was implemented using 100 estimators, or trees.
KNN was developed using k = 2 nearest neighbors. In
both cases, k-fold validation was performed using 5
splits and a random state of 42.

2.3. SOC estimation based on Linearized
Kalman Filter

2.3.1. Linearized Kalman Filter

The Linearized Kalman Filter (LKF) is an estimation
method used for nonlinear systems whose dynamics
can be accurately approximated by a first-order ex-
pansion around a known reference trajectory. This

approach is widely described in the classical filtering
literature [25,26].

Consider the nonlinear system:

xk+1 = f(xk, uk) + wk, (4)

zk = h(xk) + vk, (5)

where x is the state-space vector, u denotes the in-
put, z is the measurement vector, k is the time instant,
wk and vk are zero-mean noises with covariances Q
and R, respectively. The LKF assumes the existence
of a nominal trajectory x̄k satisfying

x̄k+1 = f(x̄k, uk), (6)

which represents the expected evolution in the ab-
sence of disturbances.

The error variables are defined as

δxk = xk − x̄k, δzk = zk − h(x̄k), (7)

and the system is linearized around x̄k using the
Jacobians:

Fk = ∂f(x, uk)
∂x

∣∣∣∣
x=x̄k

, (8)

Hk = ∂h(x)
∂x

∣∣∣∣
x=x̄k

. (9)

This yields the linear error-state model:

δxk+1 = Fk δxk + wk, (10)

δzk = Hk δxk + vk, (11)

which defines a linear time-varying (LTV) system
suitable for Kalman filtering.

The main feature of the KF is that it enables recur-
sive estimation of a system’s internal, unmeasurable
states, including the SOC in the case of a battery. This
is achieved by using prior knowledge, model-based pre-
dictions, and noisy measurements. The prediction and
update steps are outlined below [26]:

Prediction:

δx̂k|k−1 = Fk−1 δx̂k−1|k−1, (12)

Pk|k−1 = Fk−1Pk−1|k−1F T
k−1 + Qk−1. (13)
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Update:

Kk = Pk|k−1HT
k (HkPk|k−1HT

k + Rk)−1, (14)

δx̂k|k = δx̂k|k−1 + Kk(δzk − Hk δx̂k|k−1), (15)

Pk|k = (I − KkHk) Pk|k−1, (16)

where Kk is the Kalman gain matrix, Pk is the
error covariance, and I is the identity matrix. The
actual state estimate is then reconstructed as:

x̂k|k = x̄k + δx̂k|k. (17)

Compared with the Extended Kalman Filter
(EKF), the LKF linearizes the system only around
a predefined nominal trajectory, making it suitable
when this trajectory is known a priori and deviations
remain small [27].

2.3.2. SOC implementation based on LKF

For this study, the state-space vector is written as:

xk =
[

x1,k

x2,k

]
, (18)

where x1,k is the component associated with the
internal resistance of the cell and x2,k is the SOC at
time instant k.

The Bayesian approach requires a measurement
equation. In this study, this equation corresponds to
the battery voltage v0 linearized around the point
x0 = [x1,0 x2,0]T and i0 [28]:

v0 = vL + (vOC − vL) eγ(x2,0−1) + αvL + (x2,0 − 1)
+ (1 − α) vL

(
e−β − e−β

√
x2,0

)
− i0x1,0 (19)

The discharging current i is the input parameter
in the model, and, vOC is the open-circuit voltage
at 100% SOC. The parameters vL, α, β, and γ are
estimated offline and were taken from [?].

The matrices used to solve the LKF algorithm are
formulated as:

Fk =

 1 0
− ∆t

Ecrit
i0

∂v0

∂x1
1 − ∆t

Ecrit
i0

∂v0

∂x2

 , (20)

Hk =
[

∂v0

∂x1

∂v0

∂x2

]
, (21)

where Ecrit is the critical energy, defined as the
total expected energy supplied by the battery.

2.4. SOC estimation based on Particle Filter

2.4.1. Particle filter (PF)

The particle filter (PF), like the LKF, recursively esti-
mates the posterior probability density function (PDF)
of the unknown state vector xk, given the measure-
ments z1:k, where k ∈ N denotes the time instant [29].
The PF represents the posterior PDF p (xk|z1:k) at
time k using particles, defined as a set of Np random
samples with their respective weights, described in
Equation (22) [30].

{x(i)
k , w

(i)
k }Np

i=1,

Np∑
i=1

w
(i)
k = 1 (22)

To formulate the posterior PDF at each time in-
stant, the PF sequentially samples the Np particles
from an alternative PDF q(·), known as the impor-
tance density [31]. Therefore, p (xk|z1:k) can be mod-
eled as [29]:

p(xk|z1:k) ≈
Np∑
i=1

w(i)
k δ(xk − x(i)

k ), (23)

where the weight of each particle can be updated
as follows:

w(i)
k = w(i)

k−1
p(zk|x(i)

k )p(x(i)
k |x(i)

k−1)
q(x(i)

k |x(i)
0:k−1, z1:k)

. (24)

Two considerations should be taken into account.
The first concerns the approximation given by Equa-
tion (23), which converges to the true posterior PDF
p(xk|z1:k) when Np → ∞. The second concerns the de-
sign and performance of the PF implementation, which
depend on the appropriate choice of the importance
density q(·). For instance, in PF implementations, the
following formulation is frequently proposed [32]:

q(xk|x(i)
k−1, zk) = p(xk|x(i)

k−1), (25)
where q(·) PDF is equal to the prior PDF, allow-

ing the weight vector w(i)
k to be updated using the

likelihood function, as detailed in Equation (26):

w(i)
k = w(i)

k−1p(zk|x(i)
k ). (26)

2.4.2. Artificial evolution for online parameter
estimation

Artificial evolution is a strategy for joint state and
parameter estimation within a particle filtering frame-
work [33]. It is particularly useful when some model
parameters are unknown or vary slowly over time [34].
This approach is implemented by augmenting the state
vector to include the parameter vector, which is treated
as an additional state variable whose evolution is de-
scribed by a random-walk process [34]. Under this
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formulation, the augmented process model can be ex-
pressed as follows:

xk = fk (xk−1, θk−1, uk−1, ωk−1) , (27a)
θk = θk−1 + ηk−1. (27b)

The variance of the random-walk process must
be carefully selected, as an inappropriate choice can
significantly affect the posterior PDF estimates [35].
To address this issue, the literature reports several
techniques for adjusting the random-walk variance
according to specific criteria. Examples include ker-
nel smoothing [33] and outer feedback correction loops
(OFCL) [36], which have been adopted in PF-based
implementations relying on artificial parameter evolu-
tion.

2.4.3. SOC implementation based on PF

First, the state-transition model is defined as fol-
lows [28]:

x1(k + 1) = x1(k) + ω1(k) (28)

x2(k +1) = x2(k)−v(k) · i(k) ·∆t ·E−1
crit +ω2(k). (29)

where x1 represents the battery internal resistance,
treated as an unknown parameter to be estimated,
and x2 denotes the SOC. The PF implementation
considered in this study uses the following voltage
measurement model:

v(k) = vL + (vOC − vL) · eγ·(x2(k)−1)+
α · vL · (x2(k) − 1)+

(1 − α) · vL ·
(

e−β − e−β
√

x2(k)
)

−

i(k) · x1(k) + η(k) (30)

Process noise (ω1 and ω2) and measurement noise
(η) are considered in the state-space formulation.

In the PF implementation, the initial conditions (x1
and x2), the process noise terms (ω1 and ω2), and the
measurement noise (η), are modeled using Gaussian dis-
tributions, i.e., x1(0) ∼ N (µ1, σ2

1), x2(0) ∼ N (µ2, σ2
2),

ω1 ∼ N (0, σ2
ω1

), ω2 ∼ N (0, σ2
ω2

), and η ∼ N (0, σ2
η).

In addition, a population of Np = 300 particles was
used, with each particle i initially assigned a weight
Wi = 1/Np. The PF parameter configuration is sum-
marized in Table 2.

Table 2. Particle filter parameter configuration.

Parameter Symbol Value
Number of particles Np 300

Initial internal resistance mean µ1 0, 12 Ω
Initial SOC mean µ2 1,00

Initial internal resistance std. dev. σ1 0,005
Initial SOC std. dev. σ2 0,02

ω1 std. dev. σω1 0, 001 Ω
ω2 std. dev. σω2 0, 0001

Measurement noise std. dev. ση 0, 001 V

2.5. Case study

To estimate the battery SOC using KF and PF, an
HFWET driving cycle was employed. A scaled dis-
charge current profile for this cycle was applied to
the 26650 lithium-ion battery with LCO chemistry, as
shown in Figure 3. This profile was selected because it
exhibits variable behavior, whereas a constant current
profile is not adequate for characterizing the battery’s
SOC.

Figure 3. HWFET current profile scaled for a 4 Ah LCO
battery [13].

3. Results and discussion

This section presents the results obtained from ap-
plying the SOC estimation approaches. Figures 4, 5,
6, and 7 show the SOC estimates obtained using the
Kalman filter, particle filter, random forest, and KNN
approaches, respectively. The last two approaches show
lower fitting quality because they require more train-
ing data. Moreover, model hyperparameters could be
implemented using other techniques, such as hybrid
models. The PF algorithm shows robust performance
due to its ability to capture nonlinear behavior and per-
form online estimation simultaneously. Furthermore,
Bayesian algorithms are more complex to implement,



Paccha-Herrera et al. / Applied comparative study of existing methods for state-of-charge estimation in

lithium-ion batteries 131

and their robustness depends on several factors, such as
the process equation and the process and measurement
noise terms.

Figure 4. SOC estimation by Kalman Filter using
HWFET driving profile.

Figure 5. SOC estimation by Particle Filter using HWFET
driving profile.

Figure 6. SOC estimation by Random Forest based on
EIS.

Figure 7. SOC estimation by KNN based on EIS.

Furthermore, Figure 8 and 9 show the voltage esti-
mates obtained using the Kalman filter and particle
filter, respectively. The PF provides a better fit be-
tween the real and estimated voltage.

Figure 8. Voltage estimation by Kalman Filter using
HWFET driving profile.

Figure 9. Voltage estimation by Particle Filter using
HWFET driving profile.

One advantage of using artificial evolution for the
battery resistance parameter is that its initial value is
continuously adapted within the PF model, as shown
in Figure 10.
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Figure 10. Artificial evolution of the battery resistance
(in ohms).

A general comparison of the developed models was
performed in terms of RMSE and R2 metrics as shown
in Table 3. Overall, the Bayesian approaches achieve
better performance than EIS-based methods. Due to
the discrete nature of EIS measurements, the RF and
KNN models predict SOC only at the specific oper-
ating points where impedance spectra were acquired,
rather than providing a continuous estimation over
time. PF presents the best metrics due to its non-linear
structure, which better captures SOC variations.

Table 3. RMSE and R2 for SOC estimation.

Algorithm RMSE R2

KF 0.0187 0.9891
PF 0.0164 0.9968
RF 0.0644 0.9548

KNN 0.0276 0.9917

The comparative analysis of state-of-charge (SOC)
estimation methods for lithium-ion batteries high-
lighted key advantages and limitations of each ap-
proach. The Kalman Filter (KF) demonstrated reliable
performance in linear estimation scenarios but exhib-
ited sensitivity to model inaccuracies and noise, which
could lead to errors over extended operating periods.
By contrast, the Particle Filter (PF) was robust in
handling nonlinearities and uncertainties, making it
particularly suitable for real-time SOC estimation in
dynamic environments. However, its computational
complexity remains a challenge, requiring optimized
implementations for practical deployment in battery
management systems (BMS). In the present approach,
the PF formulation, including the process and mea-
surement equations, and the battery parameters were
adopted from [28]. That study achieved higher accuracy
in SOC estimation by performing offline parameter
estimation for the process equation. Another technique
that could be considered to capture nonlinear behavior
is the EKF, which is used in electric vehicles to provide
real-time SOC estimation under different operating
conditions, leading to improved BMS performance [37].
Other operating conditions and parameters that should
be explored include additional driving cycles, temper-
ature, battery aging effects, regenerative braking, and
different process equations in the model.

On the other hand, machine learning-based ap-
proaches, namely RF and KNN, are less practical than
Bayesian approaches. RF and KNN predict SOC us-
ing EIS measurements, but these experiments require
complex equipment and are not suitable for online
implementation. The results are restricted to the SOC
values for which experimental EIS data are available.
Moreover, machine learning algorithms require the
tuning of several parameters. Similar metrics to those
shown in Table 3 for RF and KNN SOC prediction
were reported in [24].

The results indicate that model-based approaches,
such as KF and PF, remain essential because of their
maturity and real-time applicability, whereas machine
learning-based techniques have potential for further
refinement. Future work should explore hybrid method-
ologies that combine the strengths of both approaches
by integrating online correction techniques with deep
learning models to achieve robust and adaptive SOC
estimation.

Figure 11 shows the RMSE of the SOC estimation
as a function of the scale factor applied individually
to each noise parameter. Each parameter was varied
by multiplying its nominal value by different scale
factors, while all remaining parameters were kept at
their nominal configuration. The PF shows low sensi-
tivity to σω1 and ση, with RMSE remaining stable at
approximately 0.016–0.019 across the full range eval-
uated. The SOC process noise σω2 shows the highest
sensitivity: values below the nominal configuration
cause RMSE to exceed 0.059, as an overly constrained
state transition prevents adequate particle diversity.
Similarly, the likelihood kernel variance σ2

v degrades
estimation accuracy at both extremes. Overall, the
nominal configuration, corresponding to a scale factor
of 1.0 with the selected parameters, yields the lowest
RMSE across all parameters.

Figure 11. Sensitivity analysis of PF noise parameters.

Considering that this study is mainly applicable to
battery BMS, some important aspects of this system
are discussed. Table 4 presents the computational cost
and embedded feasibility of the different approaches
used to estimate the battery SOC. Estimators based
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on the KF algorithm stand out because of their accu-
racy, low-to-medium memory consumption, and high
feasibility for integration into embedded systems. On

the other hand, EIS-based machine learning models
are not sufficiently developed for implementation in
embedded systems, despite their high accuracy.

Table 4. Comparative analysis of computational cost and embedded feasibility for SOC estimation methods.

Method Typical Computational Memory Inference Embedded Validated
Accuracy Cost Usage Time Feasibility Platform

LKF High Low–Medium Low–Medium <1 ms High STM32, ARM Cortex-M
(≤2%) [38,39]

PF Very High Very High High 10–100 ms Low FPGA, STM32F4
(≤1%) (per particle) [40,41]

KNN High High Very High Variable Low Offline only
(EIS-based) (dataset size)

RF High Medium Medium–High 1–10 ms Medium Offline only
(EIS-based) (≤3%)

4. Conclusions

This study demonstrates that state-of-charge (SOC)
estimation methods differ significantly in accuracy,
computational implementation, and adaptability to
the nonlinear battery behavior induced by the applied
driving cycle. The KF approach provides reliable esti-
mates under linear assumptions but faces challenges as-
sociated with nonlinear models and noise. Nevertheless,
the KF method shows high feasibility for implemen-
tation in embedded systems for SOC prediction. The
PF algorithm demonstrates robustness under dynamic
conditions. By contrast, because of their dependence
on specific equipment, the EIS-based machine learning
algorithms applied in this study are not capable of
predicting online SOC behavior.

Future research should focus on optimizing hybrid
SOC estimation models that integrate traditional filter-
ing techniques with other machine learning approaches.
Additionally, efforts should be made to enhance com-
putational efficiency for real-time applications and
expand training datasets to improve the generalization
capability of data-driven models. Validation under real
operating conditions in electric vehicles and energy
storage systems is essential to confirm the practical
applicability and reliability of these estimation and
prediction methods.
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