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Abstract: Continuous and accurate state-of-charge estimation is essential for optimal relia-
bility and performance in electric vehicle battery management systems. This work reviews
state-of-charge estimation strategies, from straightforward methods like lookup tables
and ampere-hour counting to advanced mathematical models, such as electrochemical,
observer-assisted equivalent circuit, and impedance-based models that capture cell dy-
namics. Additionally, data-driven models including fuzzy logic, neural networks, and
support vector machines are explored for their ability to leverage large datasets. This
review highlights the strengths and limitations of each method, emphasizing the specific
contexts in which these strategies can be applied to achieve optimal effectiveness.

Keywords: state-of-charge estimation; mathematical models; data-driven models; neural
networks

1. Introduction

Electric vehicles are widely recognized as a clean transportation alternative that lowers
reliance on fossil fuels [1], contributing to efforts to combat environmental damage and
the ongoing energy crisis [2]. The rapid advancement of electric vehicle technologies has
driven research efforts towards developing accurate and reliable methods for estimating
the state-of-charge (SOC) of lithium-ion cells [3]. A precise SOC estimation enhances safety
and optimizes the use of stored energy. The primary motivation for optimizing energy
usage in electric vehicle batteries lies in both practical and economic factors. Battery packs
represent a significant cost component of electric vehicles, so maximizing their lifespan
is essential. In addition, an accurate SOC estimation can reduce drivers’ range anxiety,
allowing them to plan when and where to recharge the batteries.

Electric vehicles’ operation requires constant updates for the following: (1) the energy
available in the battery pack (which directly correlates with the remaining driving range),
and (2) the power capabilities (which determine the rate at which energy can be withdrawn
from the battery without exceeding the safety limits set by the manufacturer) [4]. Thus,
three key battery performance parameters emerge: SOC, state of health (SOH), and state of
power (SOP). Energy and power cannot be measured directly due to the lack of a sensor
capable of making such a measurement. For that reason, these quantities must be estimated
using measurements of voltage v(t), current i(t), and temperature T(t) [5] (see Figure 1).

The SOC represents the amount of ampere-hours that can be withdrawn from a cell
(Qrem) as a percentage of its maximum available capacity (Quax): SOC = (Qren/ Qmax) -
100% [6]. Accurate estimates of the SOC not only provide real-time information on the
energy available in the cell [7], but also offer benefits such as extending the cell’s lifespan
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by preventing harmful scenarios like overcharging and over-discharging, which lead to
degradation and permanent damage to the battery [4,8].
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Figure 1. SOC estimation scheme in a battery management system (BMS).

The SOH indicates the battery’s ability to store and deliver energy compared to when
it was new. The SOH gradually declines over time due to aging factors, leading to a
corresponding reduction in capacity. As mentioned before, the primary causes of capacity
loss are internal aging mechanisms such as loss of lithium inventory, active material
decomposition, and structural changes.

The SOP (in units of W) defines the maximum power a battery can consistently deliver
or absorb within a predetermined time interval, without breaching design constraints [9].
The SOP ensures an optimal matching between the battery system and vehicle acceleration
and climbing requirements, and also maximizes regenerative braking efficiency. The
SOP decreases over time due to the increase in the cell’s internal resistance. The resistance
growth, on the other hand, is primarily attributed to the development of the solid electrolyte
interphase (SEI) layer [10].

SOC, SOP, and SOH are closely interrelated, and accurate estimation of each state
positively influences the others in a co-estimation framework. Specifically, precise SOC
estimation plays a pivotal role in ensuring reliable SOP predictions in several ways, such as
the following:

*  An accurate SOC estimation enhances open-circuit voltage (OCV) predictions, which
directly improves the accuracy of terminal voltage predictions under load conditions.
This is particularly important for SOP estimation under voltage constraints [11];

¢ Areliable SOC estimation enables precise determination of the peak charge/discharge
currents the battery can sustain without breaching safety limits, which is essential for
accurate SOP estimation under current constraints [11].

Additionally, SOC estimation that incorporates the effects of battery aging and tem-
perature variations can dynamically adjust SOP predictions to reflect the battery’s current
state. This ensures that SOP estimation remains accurate and reliable throughout the
battery’s lifecycle.

In electric vehicle applications, SOH is often estimated by analyzing the reduction
in cell capacity through partial discharge cycles. This involves comparing the amount of
charge extracted from the cell (ASOC) with the corresponding SOC variation (ASOCocy)
derived from the OCV-SOC relationship. SOH = (ASOC/ASOCqcy) - 100% shows how
an accurate SOC estimation from the outset is critical for this approach [12].

Another method for SOH estimation involves constructing an incremental capacity
curve by monitoring capacity variations corresponding to fixed voltage changes [13]. The
incremental capacity curve is characterized by several peaks, whose area, magnitude,
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shape, and location represent different degradation mechanisms, such as the loss of lithium
inventory, loss of active material, and the formation of lithium plating layers [13,14].

Among these performance parameters (SOC, SOH, and SOP), this document focuses on
SOC, reviewing various estimation methods and analyzing the feasibility of applying them
in electric vehicle applications. Section 2 provides an overview of some SOC estimation
methods found in the literature. Section 3 summarizes the SOC estimation methods
studied, highlighting their main strengths and weaknesses. And finally, Section 4 concludes
by presenting the methodological limitations encountered in comparing the estimation
methods, as well as future work and research guidelines.

2. State-of-Charge Estimation Methods

Over the years, various strategies have been developed to accurately estimate the
SOC in electrochemical cells. These strategies can be broadly classified into four categories
(see Figure 2): lookup table methods, direct-counting methods, mathematical model-based
methods, and data-driven approaches [15].

[ SOC estimation methods ]
Lookup Coulomb
tables (OCV) counting

Mathematical cell models

— | —3 — | —3

Electrochemical Equivalent circuit Fuzzy logic Neural networks
models models
Electrochemical impedance models [ Support vector machines ]

Figure 2. Classification of SOC estimation methods.

While simpler techniques like lookup tables and Coulomb counting remain use-
ful, mathematical and data-driven models have been gaining high popularity in recent
years [16,17]. Among these, electrochemical models (EM), equivalent circuit models
(ECM) [18,19], and artificial neural networks (ANN) [20,21] are particularly prominent,
each offering unique advantages in capturing the complex dynamics of SOC estimation.
The following subsections present these estimation methods, examining their key advan-
tages and limitations for application in the electric vehicle industry. After reviewing these
SOC estimation methods, three use cases of ANNs combined with mathematical-based SOC
estimation methods are analyzed in Section 2.4.4, highlighting the ability of data-driven
methods to facilitate fusion or hybrid approaches.

2.1. Lookup Table Method

The lookup table method implements a direct relationship between the SOC and the
OCV of an electrochemical cell. The OCV refers to the voltage measured between the
positive and negative electrodes of a battery after it has been disconnected, allowing it to
rest for a sufficient period of time, typically from one to three hours [21].

To generate such lookup tables, a very small current is applied to the battery cell while
the accumulated ampere-hours and cell terminal voltages are logged [22]. Then, to estimate
the SOC, the value stored in the lookup table corresponding to the current OCV is assigned.
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This estimation method is very simple and easy to implement. However, it has
limitations that make it unsuitable for electric vehicle applications. Two conditions must
be met to obtain high accuracy when using the OCV method to estimate the SOC: (1) the
electrochemical cell must initially be in an equilibrium state (quasi-thermodynamic stability)
to minimize polarization voltage [23], typically achieved by allowing the cell to rest for
two or more hours. Then, (2) the current applied or withdrawn from the battery should be
zero. If not, it should be minimal (a rare condition in automotive settings) to reduce the
voltage drop across the cell’s internal resistance [24]. When these conditions are met, the
cell terminal voltage will converge to the OCV.

The main drawback is that the OCV curve in the 20% to 80% SOC range is quite flat.
This characteristic is especially evident in LiFePOy cells, but it is also noticeable in other
lithium-ion chemistries. This flatness means that small variations in the measured terminal
voltage, often due to sensor noise and sensor precision, can lead to significant errors in
SOC estimation when using lookup tables. In other words, this method is highly sensi-
tive to changes in OCV within this range. Furthermore, varying temperature conditions
correspond to different SOC curves, although less significantly (see Figure 3a). To further
enhance SOC estimation, lookup tables for various temperatures can be utilized, with
interpolation performed for the specific temperature to determine the SOC.

a b
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— 35°C | 2.4 — Charging OCV |
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Figure 3. (a) Discharging OCV of a LiFePOy cell at different temperatures [4]. (b) OCV hysteresis
phenomenon on a LiFePOy cell at 25 °C.

An additional challenge to estimate SOC is the OCV hysteresis (see Figure 3b). This
phenomenon has been well documented in many battery types like nickel-metal hydride
(NiMH) cells [25,26] and in lithium-ion chemistries like lithium iron phosphate (LiFePOy),
and lithium titanate (LisTisO12) [27]. The hysteresis effect describes a significant differ-
ence in the OCV at a given SOC after reaching equilibrium, depending on whether the
battery was previously being charged or discharged. This effect is mostly generated by
mechanical stress [28,29], thermodynamic effects in the electrode potentials [30], and the
varying lithium insertion rates into the particles within an electrode [27]. The magnitude of
hysteresis may depend on the type of chemistry employed. For example, for lithium-ion
battery cathodes consisting of nanosized doped LiFePQOy, a value of approximately 7 mV
of hysteresis was reported in [27]. According to [30], the hysteresis voltage can extend from
a few millivolts in lithium cobalt oxide (LiCoO,) to several tens of millivolts in lithium iron
silicate (Li;FeSiOy) and titanium dioxide (TiO,) cathodes. Consequently, a basic OCV-SOC
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relationship without accounting for hysteresis effects can lead to larger SOC estimation
errors [31].

Furthermore, the relationship between the SOC and OCV is not a simple one-to-one
match; OCV is also influenced by charge—discharge rates [21,32], and to a lesser extent,
temperature. Thus, relying solely on OCV for SOC estimation becomes even less reliable in
practical applications, requiring the use of more sophisticated models, or using correction
techniques to account for these influencing factors and improve accuracy.

2.2. Ampere-Hour Counting (Coulomb Counting)

Ampere-hour counting is one of the most used methods to estimate the SOC [33,34].
This method simply calculates the amount of charge entering and exiting the electrochem-
ical cell over a certain period of time [35]. If known with some uncertainty (represented

by the symbol “"”) the initial SOC (2), the cell capacity ©), charge efficiency (#), and the
applied current to the cell (imeas), the SOC can be computed as follows:
Atk
Zik =20 — = Z 1j * Imeas,j 1)
Q j=0

where At denotes the sampling interval, the current imeas > 0 for discharging processes,
and imeas < O for charging scenarios [4].

Analyzing this equation, if the initial SOC estimation (2¢) is not completely correct,
the final SOC estimation (Z;) will preserve the initial error [36]. Other sources of error are
determined by the estimates made on the cell capacity (Q) and charge efficiency (7). The
charge efficiency or Coulombic efficiency is defined as the ratio of the discharge capacity
to the charging capacity within the same cycle. Factors such as electrolyte decomposition,
material aging, ambient temperature, and varying charge-discharge current rates influence
the battery’s charge efficiency. It typically remains below one, as some energy is consumed
by the battery’s internal resistance, resulting in the discharged electrical energy being
less than the energy charged [37]. The lost charge is considered an indicator of parasitic
reactions occurring within the cell, which contribute to capacity degradation or an increase
in internal resistance [38].

Last but not least, the measured current (ipeas) includes random measurement noise
and nonlinear errors associated with the measurement circuit. Additionally, the measured
current (imeas) Neither reflects the current supplied by the cell to power the electronic circuit
that monitors its performance, nor the self-discharge current of the cell [24].

The combination of all these sources of error will undoubtedly have a negative impact
on the SOC estimate. As time passes, the error will accumulate and the reliability of the
estimate will decrease [33,39]. Consequently, the SOC estimation technique using the
Coulomb counting method is appropriate for short periods of operation where the initial
conditions are well known [24]. Therefore, this technique is not fully recommended for
applications where electric vehicles are exposed to long periods of use [40].

Nevertheless, the ampere-hour counting method can be improved by using the OCV
curve to estimate SOC during rest or idle periods. As a result, the cumulative error from
the Coulomb counting integration will be reduced. According to this, Ref. [40] carried out
a study where the OCV was used to update the SOC estimate performed by the Coulomb
counting when the cell was at rest for periods of one hour, obtaining absolute errors below
3% in the SOC estimation.

2.3. Mathematical Cell Models to Estimate the State-of-Charge

While the simpler SOC estimation strategies discussed earlier have limitations for
real-time applications in electric vehicles, mathematical models offer a more sophisticated
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approach. By incorporating various factors into mathematical equations, these models seek
to capture the internal mechanisms of the cell, enabling recursive SOC estimation [15,41].
Developing such models requires a deep understanding of the electrical and chemical
properties of the cell to achieve the desired robustness [42]. Mathematical cell models are
typically classified into three main categories [7]:

. Electrochemical models;
. Equivalent circuit models;
¢ Electrochemical impedance models.

2.3.1. Electrochemical Models

The EMs are developed on the basis of complex nonlinear partial differential equations
(PDEs) [43] and are derived from porous electrode and concentrated solution theories [44].
These models have the potential to accurately predict the behavior of a cell and provide
detailed information about the internal states of the battery (lithium concentration, electro-
chemical and diffusion kinetic processes, potential gradients, etc. [45,46]) through the use
of physical parameters that characterize the battery cell [4].

One of the most used EMs for estimating battery SOC is the one-dimensional (1D)
model (see Figure 4). This model was proposed by Newman, Doyle, and Fuller in [47]
and it describes the mass (movement of lithium ions) and energy (heat generation and
dissipation due to resistive losses and electrochemical reactions) of each species for each
domain (anode, cathode, separator) of a battery cell [7].

Current X Current
collector L collector
(Cuw) - . L (Al)
00 000
d S
® soarer 8] e PO
O O0(
. et
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Lit

Electrolyte

cs ()
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Figure 4. Schematic of 1D electrochemical model for lithium-ion cells [48].

The model is able to predict the discharge behavior of dual insertion cells and can be

used to simulate any cell utilizing two composite electrodes composed of a mixture of active
insertion material, electrolyte, and inert conducting material [49]. The inert conducting
material in the composite electrodes is typically carbon black, chosen for its ability to
provide an efficient pathway for electron transport within the electrodes, ensuring uniform
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current distribution. Additionally, it remains chemically stable during battery operation as
it does not participate directly in electrochemical reactions. A dual insertion cell (typically
used in lithium-ion batteries) refers to a type of electrochemical cell in which both electrodes
operate by insertion or intercalation of lithium ions into their material structures with little
or no structural modification of the active materials during the charge-discharge reactions.
Dual insertion cells are distinct from other battery chemistries such as nickel cadmium
(NiCd) and NiMH where chemical reactions at the electrodes might involve more severe
plating or deposition of materials [50].

The 1D electrochemical model involves three domains: the negative composite elec-
trode (with Li,Cg active material), separator, and positive composite electrode (with Li, QO,
metal oxide active material). In the composite electrodes, the solid phase (typically modeled
as spherical particles of uniform radii in the um scale [51]) and the electrolyte phase are
treated as superimposed continua [52]. This means the solid and electrolyte are modeled as
if they are smoothly distributed through the same volume, ignoring the precise physical
boundaries of the individual solid particles and electrolyte-filled pores [53]. In the model
developed by Newman, Doyle, and Fuller, a solid polymer electrolyte was considered [47];
however, lithium perchlorate in a propylene carbonate liquid electrolyte has also been used
as an alternative [49]. The transportation of lithium ions occurs from the negative electrode
through the separator into the positive electrode during discharge via diffusion—and vice
versa during charge.

The 1D electrochemical model consists of four PDEs describing the conservation of
charge in the electrolyte phase (¢.), the conservation of charge in the solid phase (¢s), the
concentration of lithium in the electrolyte phase (c.), and the concentration of lithium in
the solid phase (cs) [43,54,55]. These equations are presented next:

0 [ o 0 0 [ 9Ince Li
ox <K ax‘Pe) tox (KD x )T 0 @
0 [ o 0 L
ax <0 ax(PS) ] - 0 (3)
d(eec 0 0 1—-19 ..

(aet e) _ ax(DgffaxCe> + 5 +]Ll (4)
dcs  Ds 0 [ ,0cs
9t 2o (7 ar> ©)

As observed in the previous set of equations, electrochemical models require a large
number of parameters. These parameters can be classified as either transport, thermody-
namic, or design-adjustable parameters [56], and they can be obtained by experimentally
characterizing the inherent properties of the materials being used to fabricate the cell. The
transport properties of the solution/electrolyte phase include the following:

e The effective ionic conductivity of an electrolyte (x°ff) refers to its ability to conduct
ions under an electric field, accounting for the properties of both the electrolyte itself
and its interaction with the surrounding environment. It is typically in units of
S/cm [56];

The effective ionic diffusional conductivity of an electrolyte (x&) accounts for how the
movement of cations and anions, influenced by concentration gradients, contributes
to the overall ionic conductivity. It is expressed in units of S/cm [56];

e The effective diffusion coefficient of lithium salt in the electrolyte (DS) describes how
lithium ions diffuse through the electrolyte, considering the effects of the medium’s
porosity and tortuosity. The effective diffusion coefficient has units of cm?/s [56];
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*  And the transference number of lithium ion with respect to the velocity of solvent (£9)
is defined as the ratio of the electric current derived from the cation to the total electric
current [57]. This parameter is dimensionless.

The transport properties of the solid phase include the following: the effective elec-
tronic conductivity of the electrode solid matrix (Ueff), expressed in S/cm, and the diffusion
coefficient of lithium in the solid electrode particles (D), expressed in cm?/s.

Thermodynamic properties for the overall cell reaction are mainly included in j!,
characterizing the flux of lithium ions in the electrodes. The design adjustable properties
comprise the average particle radii (r) for the insertion material particles, component
thicknesses, initial SOC in the electrodes, initial cell temperature, etc. [56]. The volume
fraction and the Faraday constant are represented by e and F, respectively.

The parameters obtained for an electrochemical model of a battery are typically
chemistry-specific and can be useful for modeling other batteries with the same chemistry.
However, cell-specific factors such as electrode design, manufacturing variations, and
aging can cause alterations in parameters. Therefore, the uncertainty in electrochemical
parameters can limit the accuracy of EMs, creating a biased estimate of the internal states
of the cell [46]. Additionally, extracting the parameters for these models typically requires
destructive testing, which can be both time-consuming and costly. Such tests are performed
to thoroughly characterize the battery’s internal composition and reactions, but this also
restricts the practicality of EMs, especially for on-the-go applications where non-destructive
estimation is needed.

Despite these challenges, various implementations of electrochemical models for
estimating SOC have been explored in the literature. A Kalman filter-based observer was
implemented on a reduced-order single-particle EM for estimating both the solid-phase
surface lithium concentration and the battery SOC [58]. The lithium concentration in the
cathode was estimated with an error of less than 1%, while the SOC, which correlates with
changes in the average lithium concentration in the negative electrode, was estimated with
an error below 0.5%.

Similarly, a reduced-order electrochemical model using a Luenberger observer was
proposed in [59]. In these simulations, the initial SOC was deliberately set to 60% of the
actual value to evaluate the observer’s robustness to initial condition inaccuracies. The
simulations were conducted at discharge rates of 0.2C, 1C, 3C, and 5C, achieving mean
SOC estimation errors of 0.32%, 1.66%, 5.01%, and 9.86%, respectively, showing that at high
discharge rates, this model lacks precision.

Last but not least, the main drawback of EMs is that solving the PDEs is computation-
ally demanding, requiring substantial resources like processing power, memory, and time
due to the complexity and nature of these equations. This high computational cost limits
the feasibility of using EMs in real-time applications [46]. Moreover, these PDEs are solved
numerically rather than analytically, which can introduce additional accuracy issues.

To overcome the complexity of physics-based EMs and the computational burden of
solving their PDEs, electrical ECMs and equivalent circuit impedance models have gained
recognition due to their lower complexity. Among these, electrical ECMs, or integral-
order models, offer the lowest accuracy and are discussed in Section 2.3.2. On the other
hand, equivalent circuit impedance models, or fractional-order impedance models, provide
higher accuracy but at the cost of increased complexity. These fractional-order models
(FOMs) are presented in Section 2.3.3.

2.3.2. Observer-Assisted Equivalent Circuit Models

Equivalent circuit models use electronic components (resistors, capacitors, and voltage
sources) to build a circuit network capable of describing the terminal voltage of the battery
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taking into account the current profile applied to the cell to parameterize the model [4,7].
The equations describing the circuit detail with precision various dynamic behaviors of
the battery. The simplicity and robustness offered by ECMs constitute the main reasons
for being widely used in a BMS to estimate the SOC. One of the most used ECMs is the
enhanced self-correcting (ESC) cell model [4] illustrated in Figure 5. The OCV as a function
of the SOC is represented by a voltage-dependent source. The cell current is represented
with the notation i(t); i(f) > 0 in discharge processes, and on the contrary, i(t) < 0 when
the cell is being charged; v(t) is the cell terminal voltage and ig, represents the diffusion
current flowing through the resistor R;. The series resistance R\ describes the internal
resistance of the electrochemical cell. Lithium diffusion processes in lithium-ion cells result
in a voltage that changes slowly when current is applied or demanded from the cell. To
approximate this behavior, a parallel network R;C; is included in the model, where the
diffusion voltage will be represented by the voltage associated with the resistor Ry [54].
Finally, a block called “Hysteresis” describes the hysteresis /(t) in the terminal voltage
commonly observed in lithium-ion and NiMH cells.

Ry R,

Ry Hysteresis

ocv F o(t)

Figure 5. Enhanced self-correcting cell model [4].

ECMs incorporate Coulomb counting within their equations to estimate the SOC. By
tracking the current flowing into and out of the battery, Coulomb counting provides a
direct calculation of charge levels. However, to enhance accuracy, the estimation process
leverages observer filters, such as Kalman filters, that use the measured terminal voltage
as feedback. This feedback mechanism continuously corrects the SOC estimate, even if
the initial estimate deviates from the actual value. As a result, the model progressively
refines the SOC estimate over time, compensating for potential errors and providing a
highly accurate final result.

For simplicity in notation, the SOC is represented as z(t). The ordinary differential
equations (ODEs) that describe the dynamic aspects of the ESC cell model [z(t), ig, (t),
h(t)] are presented as follows:

Z(t) — _Tl(gl(t) (6)
i, (1) —ﬁim@ et @)
0= | 100 ) | L0 o, o

where 1 is used as a positive constant to fit the equation and the term M(z, z) is a function
that explains the maximum polarization due to hysteresis as function of SOC and its rate of
change [4]. The equation describing the cell terminal voltage is the following [4]:

o(t) = OCV(2(t)) + h(t) — Ruig, (#) — Roi(t) ©)
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Subsequently, it is very common to use this set of equations in their state-space form
and apply different observers (extended Kalman filter (EKF), unscented Kalman filter
(UKE), particle filter, Luenberger observer, He Observer, etc.) to estimate the internal states
of the model, including the SOC. In [24], an estimate of the SOC was obtained using the
EKF with an mean-squared error (MSE) less than 3%. In [60], the accuracy of the SOC
estimation via EKF and UKF observers was compared utilizing the Thevenin equivalent
circuit model (identical to the ESC cell model without the hysteresis block [61]), obtaining
errors less than 2.5%. In [62], a UKF and a particle filter were proposed to improve the
adaptability to non-Gaussian noise. They used a second-order RC model (Thevenin model
with two RC parallel networks) and obtained a root-mean-squared (RMS) error of 0.61%.

Summarizing, ECMs include a series of ODEs that can be easily implemented in BMS
microcontrollers. Thus, algorithms running on these types of models do not require as
much processing power as those of EMs. On the other hand, when using ECMs to estimate
SOC, we must take into account errors associated with the estimated cell capacity (Q),
errors due to modeling, and errors derived from current and voltage sensors. And last but
not least, the resulting model should not be applied in scenarios very different from those
from which the data were originally collected to parameterize the model [4].

To address the limitations of ECMs, which stem from their reliance on fixed model
parameters, the implementation of an algorithm capable of real-time parameter estimation
would be highly beneficial. In this context, Ref. [63] proposed a recursive method for online
parameter identification integrated with SOC estimation. This approach, applied to a
Thevenin equivalent circuit, was evaluated using a hybrid driving profile combining the Ur-
ban Dynamometer Driving Schedule (UDDS) and Federal Urban Driving Schedule (FUDS)
cycles. The robustness of the method was validated by introducing white Gaussian noise
with standard deviations of 2 mA and 2 mV to simulate low data quality. Its convergence
capabilities were also tested by offsetting the initial values of the model parameters, with
results indicating that the method converged quickly, demonstrating promising traceability.
Additionally, its performance was benchmarked against three variants of the forgetting
factor recursive least squares method, chosen for their well-known traceability and compu-
tational efficiency [63]. Numerical results highlighted that the proposed method achieved
the lowest mean-squared deviation in model parameter error, at —20.17 dB, outperform-
ing all the compared methods. This indicates that adopting online (real-time) parameter
estimation could serve as a promising solution to mitigate the inherent drawbacks of ECMs.

2.3.3. Electrochemical Impedance Models

Electrochemical impedance models can be categorized into two subgroups: models
based on the electrochemical impedance spectroscopy (EIS) method, which characterize the
cell in the frequency domain, and FOMs, which leverage fractional calculus to capture the
batteries’ more complex properties. This subsection provides a review of both subgroups,
examining their underlying principles, advantages, and limitations.

The technique based on EIS determines a set of SOC-dependent parameters that
characterize the cell in a wide range of frequencies. This method applies to the battery
a small-amplitude sinusoidal voltage (usually between 5 mV and 50 mV) in a frequency
range between 0.001 Hz and 100 kHz [64]; by means of measuring the current amplitude
and phase shift at each frequency, the resistive and reactive components of the impedance
are determined. For all this, the impedance spectroscopy technique represents a very useful
tool to describe the dynamic behavior of electrochemical cells at any point of operation [7].

In [65], a kernel density estimation method (using a normal-type kernel) was proposed
to investigate correlations between the SOC and impedance measurements of LiFePO,
batteries during discharge cycles. Kernel density estimation is a statistical technique where
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the data samples solely determine the probability density function (PDF) of a random
variable [66]. For each SOC level, a PDF was estimated for the real part and another
PDF for the imaginary part of the impedance. The resulting probability density functions
(characterized by peak and width values) revealed that, for the real component of the
impedance, the peak value increases as the SOC increases almost linearly, showing a
potential positive correlation with the SOC. On the other hand, the width value of the PDF
decreases as the SOC increases almost linearly, showing a potential negative correlation
with the SOC.

In [67], the enhancement of SOC estimation was explored by using support vector
machines (SVM), incorporating impedance information alongside conventional inputs of
voltage, current, and temperature. An in situ electrochemical impedance spectroscopy tech-
nique was carried out by superimposing a multi-sine current signal (in the frequency range
10 mHz to 100 Hz) on a DC component generated by a boost converter. Constant-current
discharge profiles applied to 3.2 Ah LiFePOy cells achieved RMS error values of 1.06% and
1.09% for SOC estimation with impedance data at 100 mHz and 100 Hz, respectively.

The electrochemical impedance models (EIM), originally developed to match impedance
spectra in the frequency domain, have been adapted for use in the time domain for pur-
poses such as voltage simulation and SOC estimation. These adaptations have led to the
emergence of FOMs [68] or equivalent circuit impedance models.

Equivalent circuit impedance models have also emerged with the goal of providing
physics-based parameters while minimizing approximation errors, such as those related to
electrical voltage response. These models are particularly useful for simplifying complex
EMs through order reduction, as the latter often require numerical solutions that can take
several minutes to hours to obtain (posing significant challenges for implementation in
on-board BMSs). Additionally, the physics-based parameterization of equivalent circuit
impedance models (see Figure 6) enables the extrapolation of battery behavior to unmea-
sured operating conditions, as parameter variations adhere to physical constraints [69].
This makes these models especially suitable for applications where interpreting the physical
significance of parameter changes is a key objective [69].

The FOMs, unlike the ECMs analyzed in Section 2.3.2, include other parameters
besides resistors, capacitors, and voltage sources—for example, constant phase elements
(CPEs) and the Warburg impedance [7,42,54]. The CPEs describe the non-ideal capacitance
due to the non-uniform distribution of materials and textures at interfaces. CPEs are
fractional-order elements [68] whose impedance at frequency f is expressed as follows:

Zcpg(w) = Q(]zlnf)”‘

where Q(s*/Q) and « give the coefficient and order, respectively. CPEs are generalized

(10)

elements that can represent the ideal capacitance (¢« = 1) and resistance (« = 0) [68].

CPEINT CPESEI CPEDL

-] -]

Ro CPELiquia  CPEsolid

|—o

— —AAN—

ESR RNt Rsgr Rer Warburg impedance

Figure 6. General equivalent circuit of impedance models [70].

Figure 6 illustrates an example of an Ry (R||CPE)(R||CPE)(R||CPE)W equivalent cir-
cuit of an impedance model, consisting of a resistance Ry, three parallel R||CPE branches,
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and a Warburg element arranged in series. The intrinsic meaning of each electrical compo-
nent is described below:

* Ry represents the equivalent series resistance (ESR), which includes all overpotentials
that occur instantaneously after changing the current [69]. In other words, it quantifies
the resistance of the electrolyte and the electrical conductivity of the electrodes and
the connected wires [70];

*  CPEt and Ryt represent the impedance caused by non-ideal contact within the
interior of the electrodes [70]. This includes irregularities and imperfections in the
electrode material that affect the overall charge transfer and storage behavior in
the battery;

*  CPEggy and Rggy symbolize the layers of the SEI at the interfaces between the electrolyte
and the electrodes [70]. These components account for the resistive and capacitive effects
of the SEI, which influence ion transport and charge transfer during battery operation;

* Rt represents charge transfer resistance, which corresponds to the overpotentials
generated by charge-transfer reactions that occur when current is applied to a lithium-
ion battery [70,71]. CPEpy, models the double-layer capacitance, capturing the effect
of ions in the electrolyte aligning at the electrode—electrolyte interfaces due to the
potential difference across the electrolyte. This alignment creates a capacitive behavior
characteristic of the double-layer region [69];

*  Finally, CPEpquig and CPEsg;q embody the Warburg impedance, which models the
lithium ions” diffusion processes that are dominant at low frequencies [69].

FOMs are based on the Griinwald-Letnikov derivative D* of a function f(t), which
enables the calculation of derivatives of non-integer order [68]. This derivative can be
expressed as follows:

N I ifo .
D (0) = fim e 1 (1) (§)ste—im (1)
where h denotes the sampling interval and (}) represents the Newton binomial co-
efficient [68]. This equation results in a memory effect that accounts for all values
of f(t) within the range [0,t]. To minimize computational expense, a short-memory
principle is employed [68], limiting the data to the range [t — L,t]. This leads to the
following modification:

L .
D) ~ e (-1 (§)ste—in (12

where L denotes the memory length [68]. It is quite common to represent a fractional-order
system using state-space equations for SOC estimation through observers such as Kalman
filters. The following two equations provide a concise representation of a fractional-order
system in state-space form:

D*xy 11 = f(xx, ux) + wy (13)
Y = g(xx) + ok (14)

where x is the state vector, y is the measurement, u is the input, and w and v represent
the process noise and measurement noise, respectively [68]. The mathematical formula-
tions detailing the discretized state-space representation for SOC estimation across five
different FOMs are thoroughly presented in reference [68]. The five FOMs compared
in [68] have the following structure: (1) Ro(R||CPE); (2) Ro(R||CPE)W; (3) Ro(RW||CPE);
(4) Ro(R||CPE)(R||CPE); and (5) Ro(R||CPE)(R||CPE)W.
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A fractional-order multi-model system was developed in [72] by integrating three sub-
models, allowing for adaptability across various temperatures and dynamic driving profiles.
Each sub-model utilized the Ry (R||CPE) configuration. The Dynamic Stress Test (DST)
was performed at three distinct temperatures (—5 °C, 20 °C, and 45 °C) to parameterize
the sub-models, which resulted in maximum voltage errors of 50 mV during the fitting
process. Experimental data were collected at a rate of 1 Hz throughout all battery tests. To
validate the SOC estimation, the UDDS and FUDS tests were conducted at temperatures
of —=5°C,5°C, 20°C, and 35 °C using the proposed UKF-assisted FOMs. The numerical
results demonstrated the following: (1) an SOC mean-absolute error (MAE) below 1.220%;
(2) RMS errors below 2.626%; and (3) rapid convergence even after imposing a 20% initial
SOC error, showcasing the robustness and effectiveness of the model.

Similarly, in [73], a partial-adaptive fractional-order model with an Ry (R||CPE)(R||CPE)
structure was implemented. The novelty of this work lies in the partial-adaptive approach,
which retains the parameters of the first R||CPE branch obtained offline while dynamically
adjusting Ry and the second R||CPE network. This method captures both slow and fast
dynamics, ensuring accurate SOC estimation. For validation, under the UDDS profile, the
partial-adaptive model achieved an SOC MAE of 0.601% and an RMS error of 0.652%; under
the FUDS profile, it achieved an MAE of 0.359% and an RMS error of 0.477%.

Regarding computational efficiency, in both [72,73], all simulations were conducted in
MATLAB, with average execution times of less than 1 ms. Even in worst-case scenarios
where these algorithms are implemented on slower microcontrollers, these results demon-
strate significant potential for integration into on-board BMSs, where the typical sampling
period is 1 second.

In [68], a comprehensive comparison was conducted among five state-of-the-art UKF-
aided FOMs for SOC estimation, leading to the following conclusions:

1.  Increasing the complexity of FOMs does not always enhance the accuracy of terminal
voltage modeling;

2. The evaluation of the five FOMs (compared under the DST and UDDS profiles at
25°C) revealed that the simplest model structure, Ry(R||CPE), outperformed the
others in SOC estimation accuracy, achieving an overall RMS error of 0.57%;

3. The impact of memory length (a key characteristic of FOMs) on SOC estimation was an-
alyzed, revealing that SOC estimation error decreases as the memory length L increases.
However, this comes at the cost of an increase of the overall computational time;

4. The filters designed at 25°C were tested under temperature conditions of 15°C
and 35 °C, showing that more complex FOMs demonstrate greater robustness to
temperature variations compared to the simpler Ry(R||CPE) structure;

5. The parameterized FOMs were utilized to estimate SOC across six different cells,
exhibiting strong generalization capabilities with RMS errors below 2.5%. Among
them, the simplest Ry(R||CPE) model achieved the highest estimation accuracy, with
RMS errors under 0.6% and the lowest standard deviation in RMS SOC estimation
error, recorded at 0.0259%;

6.  The impact of voltage and current sensor drift was also examined, with voltage drift
set to [-10,10] mV and current drift to [-200,200] mA. In both scenarios, the simplest
Ry (R||CPE) model once again demonstrated superior precision.

Summarizing, electrochemical impedance spectroscopy has traditionally been limited
to offline SOC estimation. However, recent advancements have demonstrated the feasibility
of online evaluation by leveraging various perturbation sources, enabling impedance
measurements without interrupting normal electric vehicle operation [74,75]. Despite
these advancements, the high cost of equipment needed for spectroscopy is a primary
limitation to the widespread adoption of this technique for SOC estimation in electric
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vehicle applications. Additionally, the low impedance of electrochemical cells makes
obtaining accurate impedance measurements challenging, as it requires detecting small
voltage fluctuations in response to minimal current stimuli [71,76], often in highly noisy
environments. As a result, impedance spectroscopy remains more suited to experimental
or laboratory settings rather than real-time applications.

The transition of impedance models from the frequency domain to the time domain
through fractional calculus marks a significant advancement in SOC estimation. With the
inclusion of CPEs, FOMs more effectively capture the intricate electrochemical dynamics of
batteries, improving both voltage modeling and SOC estimation, two critical components
of modern BMSs. Moreover, FOMs exhibit acceptable compatibility with observers, as
demonstrated extensively in [68,72,73]. This compatibility enables the integration of FOMs
with filtering techniques, such as Kalman filters, even on low-cost microcontrollers. FOMs
also show excellent generalization in SOC estimation across different cells [68], a highly
desirable attribute for reducing computational overhead while maintaining performance.
This is particularly valuable for electric vehicle battery systems, which consist of thousands
of cells, where modeling each cell individually can be computationally intensive. However,
the inherent memory effect of FOMs presents challenges. Reducing the memory length
diminishes SOC accuracy, while increasing it raises computational costs. Additionally, the
truncation error introduced by the short-memory principle depends on the models’ struc-
ture and driving profiles [68]. This error violates the Kalman filter assumption that errors
are white noise, potentially impacting the ability of FOMs to refine SOC estimation results.

2.4. Data-Driven Models to Estimate the State-of-Charge

Data-driven strategies basically use a collection of historical data from the system
under study to develop a black-box model, which employs a nonlinear relationship between
the input and the output to be estimated. Thus, the model can make decisions based on the
outcomes from the training phase [7,77].

These models have several advantages, such as parallel processing, high computation
rates, etc. Three of the most used algorithms in electric vehicle applications to estimate the
SOC are reviewed below:

¢ Fuzzy logic method;
*  Artificial neural networks;
*  Support vector machines.

Section 2.4.4 also analyzes three fusion methods, emphasizing the applicability of
ANN:Ss in the development of hybrid approaches for SOC estimation.

2.4.1. Fuzzy Logic Method

Fuzzy logic is a computational approach that offers flexibility and facilitates the concept
of partial truth or logic with multiple values. The actual value can vary from completely true,
partially true, or completely false, depending on the degree of fulfillment of a premise [42]. In
the fuzzification stage (see Figure 7), a raw quantity is converted into a fuzzy quantity [78],
recognizing that many values considered exact inherently possess uncertainty.

Input Output
——> Fuzzification Defuzzification |——>
1

Figure 7. Basic structure of fuzzy logic system.
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In real-world applications, measurements such as cell terminal voltage, current, and
temperature are recorded by sensors and are thus prone to experimental errors. To im-
plement fuzzy logic systems effectively, these scalar quantities must first be converted
into membership functions (y) (see Figure 8), allowing them to form the structured inputs

required by the system.
K
A
Measurement
1 -
: > Voltage
—1% +1%

Figure 8. Triangular membership function of voltage sensor with accuracy of £1%.

Next, fuzzy logic systems operate on a set of rules that express the relationship between
input and output variables. This rule set, typically expressed as if-then statements, captures
system knowledge and human reasoning in a natural, intuitive manner. The inference
process then combines these rules to generate a fuzzified output. Through operations such
as AND, OR, and NOT, based on fuzzy logic theory, information is linked across rules
and input variables. The final output is a fuzzified response that represents the system’s
reaction to the given input conditions.

The final stage in these systems is defuzzification, where a fuzzy set with its corre-
sponding degrees of membership is converted into a quantifiable value. This step is crucial
when the system needs to deliver a quantitative result.

After explaining the main principles of fuzzy logic, the following paragraphs review
its application in various studies. In [79], electrochemical impedance spectroscopy was
conducted on NiMH cells at various SOC levels. Impedance measurements were taken
at frequencies of 10 Hz, 251.1 Hz, and 3981.1 Hz. A five-input, Sugeno-based fuzzy logic
model was then developed using the real and imaginary components of the impedance
at 10 and 251.1 Hz, along with the real component at 3981.1 Hz, to predict the SOC with
an error margin of +5%. It was observed that at these three frequencies, variations in the
real and/or imaginary components of the impedance offered sufficient distinction between
successive SOC levels, thus justifying their selection.

An adaptive neuro-fuzzy inference system (ANFIS) was proposed in [80] to model
electric vehicle batteries. The model used battery terminal voltage, discharge current,
discharged capacity, and surface temperature as inputs. A 12'V, 40 Ah lead-acid battery was
tested across five different operating profiles during experimentation. An average error
of 0.53% was achieved with the training data, while validation on new driving profiles,
distinct from those in the training phase, resulted in an approximate error of 2%.

A fuzzy logic approach combined with the Coulomb counting method was utilized
in [81] to estimate the SOC of a lithium-ion battery. MATLAB Simulink was used to simulate
the charging and discharging cycles of a 12 V, 100 Ah cell. The SOC estimation error was
approximately 2% during charging and around 0.5% during discharging.
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A hybrid model was proposed in [82] combining an extended Kalman-Bucy filter with
a fuzzy logic controller. The topology was implemented in MATLAB Simscape and applied
to a second-order RC model of the 4.2 V, 2.84 Ah Panasonic NCR18650PF lithium-ion
battery. The SOC estimation achieved an MAE of 0.49% and an RMS error of 0.72%.

A fuzzy logic system was employed in [83] to design an SOC monitoring system for
lead-acid batteries. Real-time SOC estimation was conducted during battery charging and
discharging, using current, voltage, and temperature measurements as inputs. The fuzzy
logic-based SOC estimations were compared to those obtained using the Coulomb counting
method, with maximum errors reaching up to 10%.

In summary, fuzzy logic methods are highly effective at handling uncertainty, making
them well suited for SOC estimation in conditions where sensor data may be noisy or
imprecise. Their flexibility allows them to integrate expert knowledge and human reasoning
directly into the estimation process, which is particularly valuable in complex or dynamic
environments. However, despite these strengths, fuzzy logic techniques may struggle
to achieve the high precision needed in applications where detailed and highly accurate
modeling is essential. This limitation arises because fuzzy systems depend on the quality of
the rule set and the membership functions defined, both of which can be difficult to refine
to the necessary level of accuracy without extensive empirical tuning.

2.4.2. Artificial Neural Networks

Artificial neural networks are very popular techniques within the field of Machine
Learning that simulate the learning process of biological organisms. Figure 9 illustrates
an artificial neuron. The synapses are represented by weights w, and the invariant terms
of the prediction are represented by biases 0. Inside the artificial neuron, two processes
are executed: (1) the addition of all scaled inputs, and (2) the application of an activation
function ¢ to the value obtained in the summation.

Neuron

Dendrites with synaptic weights

Figure 9. Basic structure of an artificial neuron.

Various nonlinear activation functions can be applied across different layers of ANNs to
enhance their modeling capacity [84]. Common activation functions include the sign function,
sigmoid, hyperbolic tangent, rectified linear unit (ReLU), softmax, among others. The esti-
mated output value (7)) of an artificial neuron is then calculated using the following equation:

N
g= ¢<Z xX;w; + 9) (15)
i=1
where the set {x;;i = 1,..., N} represents the values at the input of the neuron prior to
being modified by the weights in the corresponding synapses [84].
The basic structure of an ANN (see Figure 10) consists of an input layer that simply
transmits the input information to the network. In the context of SOC estimation, the
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input layer can receive measured variables such as terminal voltage, cell current, and cell
temperature. Additionally, features such as the average of the previous M voltage and
current measurements or past SOC estimations can be incorporated to help the network
identify patterns between these inputs and the actual SOC. The intermediate (or hidden)
layers use the backpropagation gradient-based training method to capture relevant features
of the input at different levels of abstraction, enhancing the model’s ability to generalize
to unseen data during the training phase. Finally, the output layer computes the variable
to be estimated, in this case, the SOC. However, an ANN can also be trained to output
additional variables, such as SOH and terminal voltage.

Input layer Hidden layers Output layer
X1 O
X2
X3
XN ®

Bias Bias

Figure 10. Architecture of an artificial neural network with multiple hidden layers.

There are several types of ANNSs, each suited to specific tasks based on their distinct
architectures and characteristics. The most common types are feedforward neural networks
(FNN), convolutional neural networks (CNN), and recurrent neural networks (RNN). FNNs
are the simplest type, where information flows in one direction from input to output [85].
These networks are typically used for general classification and regression tasks. CNNs
are designed to process data with grid-like topology by using convolutional layers to
detect spatial hierarchies in data. RNNs are specialized for sequential data, maintaining
information from previous inputs, making them ideal for time series prediction tasks [86].
Variants of RNNs include long short-term memory (LSTM) and gated recurrent unit (GRU)
networks for better handling long-term dependencies [86,87].

Brief summaries of reviewed articles that utilized various neural network architectures
for state-of-charge estimation are presented next. In [88], four ANNs (FNN and RNN ar-
chitectures) were implemented to estimate the SOC of a 4.2 V, 2 Ah rechargeable lithium
polymer battery during charge (constant current—constant voltage) and discharge (constant
current discharge at C/2) cycles. The FNN integrated two hidden layers: during charging
it used 9 and 10 neurons for the first and second layers, respectively, and 10 and 8 neurons
during discharging. The architecture of the RNN included two delays and 1 neuron in the
hidden layer for charging, and one delay and 10 neurons in the hidden layer for discharging.
Both networks had six inputs: battery voltage, current, battery temperatures at the anode,
cathode, and surface, and ambient temperature. Results showed that the RNN achieved better
SOC prediction accuracy during charging, with a relative error under 5%, while both ANNs
maintained relative errors under 10% during discharge, with some underperformance noted.

A genetic algorithm was employed in [89] to optimize an FNN with three hidden
layers, each containing 20 neurons. The network’s inputs included voltage, current, tem-
perature, and the average voltage and current calculated over the previous 500 one-second
intervals to capture the battery’s recent behavior. On the training set, an average error of
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0.9% was achieved, with a maximum error of 1.3%. For the validation set, the average error
was 2%, while the maximum error reached 13%.

The performance of a bidirectional LSTM network was compared with that of a tradi-
tional LSTM configuration in [90]. The experimental dataset consisted of profiles from four
4.5 Ah Tesla Model 3 cells tested under various drive cycles, including UDDS, Supplemental
Federal Test Procedures (SFIP), Highway Fuel Economy Test (HWFET), and custom cycles
with randomized segments of the standard cycles. The bidirectional LSTM network was
structured with two hidden layers containing 10 nodes each, while the LSTM network had
four hidden layers, also with 10 nodes per layer. Both models were trained using the ADAM
optimizer. Results showed that the bidirectional LSTM network achieved RMS errors below
4.67%, while the traditional LSTM network achieved RMS errors below 4.54%.

A method was proposed in [91] to estimate the SOC of a 4.2 V, 2.9 Ah Panasonic
18650PF lithium-ion battery using a bidirectional GRU neural network optimized by a
pigeon-inspired genetic algorithm. The feasibility of this method was tested across various
temperatures under dynamic driving cycles, including Unified Cycle Driving Schedule
(UCDS), SFTP, UDDS, DST, and FUDS. The proposed approach achieved an RMS error
of 0.83%, outperforming other RNN architectures such as LSTM and GRU in terms of
estimation accuracy.

Although ANNSs can achieve strong performance, significant challenges arise during their
training phase: (1) avoiding overfitting, which requires large datasets for effective training;
(2) overcoming severe nonlinearities in the optimization function, which presents many local
minima and requires adjustments to prevent the algorithm from getting stuck or facing
convergence issues; and (3) the high computational demand due to the extensive calculations
needed to update parameters across multiple layers, especially as training datasets grow.

It is evident that ANNSs differ from mathematical-based cell models in terms of func-
tionality (see Table 1). The latter rely on deterministic formulas or equations derived from
physical principles or circuit behavior. In contrast, ANNs require training on historical
data to learn patterns and relationships rather than directly applying predefined formulas.
Additionally, ANNs are considered black-box models, making their predictions difficult to
interpret and trace.

Table 1. Key differences between mathematical-based models and ANNS.

Feature Mathematical Cell Models Artificial Neural Networks
Estimation approach Use predefined equations based on Require training on historical data to
pp battery models. develop a model and estimate SOC.

Training requirement

None (parameters are predefined),

although a fitting process is required to Require high-quality datasets for

parameterize the model. training.
Electrochemical models: high. High computational demand, risk of
Computational complexity Impedance FOMs: medium. Electrical overfitting, and convergence issues
ECMs: low. during training.

Flexibility and generalization capability

High (adaptive to different battery

Limited (depends on model conditions, and can benefit from transfer

assumptions). learning).
. s PDE-based: no. May require optimization for
Real-time feasibility ODE-based: yes. implementation in on-board BMSs.

2.4.3. Support Vector Machines
Support vector machines or support vector regression (SVR) techniques aim to identify

the optimal hyperplane in a high-dimensional space that best represents the relationship
between the input variables {x1,x,...,xny}, and the actual output values of the system
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{y1,¥2,...,yn} for N samples in the training set [92]. For example, the vector x can include
the following variables: current, voltage and temperature measurements. Transformations or
kernels are often used to map input features into a higher-dimensional space, allowing the
algorithm to capture complex, nonlinear relationships. Figure 11 illustrates how data that are
linearly inseparable in the input space are mapped to a separable output space using kernels.

Linearly inseparable data in X. Separable data in Z.
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Figure 11. Mapping input data to a new feature space (Z), Z = K(X), using the kernel K(x1, xp) =
(xl, X7 - xz).

The e-SVR method (unlike traditional linear regression models that use the MSE as
loss function for optimization) tries to find the function f(x) that best approximates the
data allowing for some deviations within a specific margin & [92]. Therefore, the algorithm
tries to find a function that captures the underlying patterns in the data and at the same
time it allows a controlled level of deviation [93], increasing robustness against noise.

To make estimates using linear regression, the equation f(x) = (w,x) + b is em-
ployed [92]. In this expression (-,-) denotes the dot product in the input space, w is a
weight vector with a dimension equal to that of the input space and a direction perpendicular
to the hyperplane that separates both datasets, and the parameter b is the offset or distance of
the hyperplane from the origin along the normal vector w. To avoid overfitting, the function
f(x) should be as smooth as possible, which is achieved by minimizing the norm of w to keep
it small. This optimization assumes that f(x) can approximate all pairs {x;, y; } with € accuracy.
However, when noise or outliers prevent this level of accuracy, a penalty (represented by the
slack variables ¢; and ¢) is assigned to these outliers (see Figure 12).
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Figure 12. The e-SVR method looks for a function that approximates the data, allowing certain
deviations within a defined range .
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The resulting optimization problem can then be formulated as follows [92]:
1 N
Minimize: o [[wl][* +C ) (& +) (16)
i=1
Constraints: yi—(w,x;) —b<e+¢ (17)
(w,x;) +b—y; <e+¢F (18)
g6 >0 (19)

The constant C > 0 controls the trade-off between the smoothness of the function f(x)
and minimizing the total error (the sum of the slack variables) [94].

Summing up, the implementation of SVR for SOC estimation begins with preparing
the time-series data, which can include features like past SOC values, voltage, current, and
temperature. These data are typically split into a training set for learning the model and a
test set for validation. Feature scaling or normalization is often performed to ensure that all
variables contribute equally to the model. Next, a kernel is selected to transform the input
data into a higher-dimensional space. Common kernels are linear, polynomial, or radial
basis function, with the radial basis function kernel often being preferred for its ability to
model nonlinear relationships.

Once the kernel is chosen, the SVR model is trained on the historical data to learn a
regression function that maximizes the margin between predicted and actual SOC values,
while allowing for some error. Support vectors directly influence the model’s predictions.
Key hyperparameters, such as the regularization parameter (C) and margin (), are tuned
to optimize the model’s performance. After training, for time-series data such as SOC, the
model can be further enhanced by incorporating lagged features into the input, enabling
the model to capture temporal dependencies.

Two articles using SVMs for state-of-charge estimation are now reviewed. An im-
proved grey wolf algorithm was used in [93] to optimize an SVM model, with voltage,
current, and temperature as inputs and a Gaussian kernel for transformation. This model
achieved maximum absolute errors below 2% in estimating the SOC of lithium-ion batteries
during discharge. In [95], voltage, current, and temperature were also used as inputs, but a
genetic algorithm served as the optimizer, paired with a radial basis function kernel. The
optimized parameters, C = 1100 and ¢ = 0.0002, led to maximum relative errors under 3%.

In summary, SVM-based estimation methods are generally less prone to overfitting.
The training process relies on convex optimization, which ensures convergence to a global
minimum and avoids the local minima issues common in ANNs [92]. However, SVMs tend
to perform best when the training data are limited. For larger datasets or highly complex
relationships, SVMs may require substantial computational resources and may struggle to
capture intricate, nonlinear dependencies without extensive tuning, which can limit their
flexibility compared to some data-driven models.

2.4.4. Fusion Models for Battery State-of-Charge Estimation

Given the flexibility and wide-ranging applications demonstrated by data-driven
methods, particularly ANNSs, this subsection explores three studies where ANNSs are
coupled with mathematical model-based approaches or the Coulomb counting method.
These hybrid models aim to enhance modeling capabilities, notably improving terminal
voltage and SOC estimation accuracy.

In [96], a novel SOC estimation approach was proposed to accurately capture battery
behavior across a wide temperature range and the full SOC spectrum. A Thevenin ECM
was employed to reduce computational complexity, while a CNN was used to develop the
ANN-based model to predict terminal voltage by learning the relationship between battery
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inputs and outputs. The CNN utilized the current I, temperature Tj, and the previous
voltage Uy_1 and SOCj_; as inputs.

The proposed multi-model fusion method integrated the SOC as the state vector
Xk4+1 and combined the outputs of the Thevenin model and the CNN to generate a fused
estimate of terminal voltage (see Figure 13). The mathematical representation of this fusion
is presented in the general state-space equations outlined below:

L At
X1 = SO0Cki1 = SOCy + ! é .
Yk = Ugusion (Ix, SOCy, Ti, Ug—1) 1)

= wmy - Ugcp + wmy - Uenn (I, SOCk, Ty, Uy—1)

where Urcy and Ucyn represent the voltages estimated by the ECM and CNN [96],
respectively. The weights of each model, wm; and wmy, which depend on SOC and tem-
perature, were initially calculated offline using the standard deviation weight assighment
method. However, to address the challenges posed by variations in ECM parameters and
SOC/temperature-dependent weights due to changes in working conditions in electric
vehicle applications, an adaptive weight correction method was implemented. This method
corrects the weights dynamically whenever the error of the ECM or CNN exceeds 0.05 V.
Furthermore, a multi-algorithm framework was adopted, combining the UKF, central dif-
ference Kalman filter (CDKF), and Cubature Kalman filter (CKF) to mitigate the individual
limitations of each algorithm and enhance overall error compensation.

CNN
. Adaptive weight
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Uenn o? :vl;ia }11(;2 correction method;
Urcm (wm c%m ) Voltage error
— ) 1 threshold = 0.05 V
Thevenin
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L ) SOCcpkr | Ordered weighted SOC
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Figure 13. SOC estimation strategy adopted in [96].

The adaptive weight correction multi-algorithm fusion model was tested under the
Beijing Dynamic Stress Test (BJDST), DST, FUDS, UDDS, and SFTP driving profiles at
various temperatures (10 °C, 20°C, 30°C, and 40 °C). It achieved a maximum error of
150 mV across the entire SOC range and RMS errors within 18 mV, demonstrating its ability
to accurately predict battery terminal voltages across different temperatures, even at low
SOC levels.
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Additionally, SOC estimation was evaluated at 20 °C under UDDS and DST conditions,
achieving SOC estimation errors within 1%. The proposed method was further validated
with a 10% error in the initial SOC, showing excellent traceability by converging to the true
SOC within 600 s, with RMS error and MAE values below 0.004 and 0.01, respectively.

In [97], a closed-loop framework (see Figure 14) was proposed for SOC estimation in
hierarchical scenarios, integrating a deep CNN with a maximum correntropy square-root
Cubature Kalman filter (MCSCKF). The deep CNN was designed to model the relationship
between SOC and the measurement equation of the Kalman filter, while the MCSCKF
enhanced performance in the presence of non-Gaussian noise.

State equation: <
e =1 socis = soc; + L

+ ‘l‘ +l

G ; Gain of + G SOC
MCSCKF estimation

e S

SOCy

Ik ———> Measurement equation: : Parameter b o
Uy ——> Deep CNN i«—| fine-tuning via eI
! 7 Deep CNN
Transfer Learning

New Deep CNN

i t

Data from Large amount of
specific scenarios experimental data

Figure 14. SOC estimation framework from [97] and transfer learning approach.

The deep CNN architecture consisted of an input layer, three two-dimensional (2D)
convolutional layers, three ReLU activation layers, two average pooling layers, two fully
connected layers, and a regression layer. This multi-layer CNN structure enabled the first
convolutional layer to extract basic common features, while the final convolutional layer
captured complex, application-specific information. The model utilized only voltage and
current as inputs to the deep CNN, with the measurement equation for the Kalman filter
defined as follows [97]:

Vi = foeNnn((Uk—p, -, Ug), (Ie—p, -, Ik)) + 0 (22)

where fpcnn represents the computation performed by the deep CNN, L denotes the
length of the moving window, Uy and I are the voltage and current, respectively, and vy is
the measurement noise. The state equation is identical to Equation (20), with the Coulombic
efficiency (#7) set to one. To further enhance adaptability, transfer learning was employed,
fine-tuning the last few layers of the pre-trained model to suit specific application scenarios.

The proposed framework was evaluated in three hierarchical scenarios using datasets
from three types of lithium-ion batteries with different capacity ratings, nominal voltages,
discharge voltages, and internal impedances. The evaluation led to the following conclusions:

1.  InScenario 1, where the same type of batteries as the pre-trained model were used,
transfer learning was not required. The field model achieved an RMS error of 0.86%
and an MAE of 0.71%;

2. InScenario 2, involving different types of batteries from the pre-trained model, transfer
learning was applied. For ternary lithium batteries, the field model achieved an RMS
error of 0.55% and an MAE of 0.42%. In contrast, for LiFePO, batteries, the field
model recorded an RMS error of 2.29% and an MAE of 1.60%;
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3. In Scenario 3, where different types of aged batteries were used as the pre-trained
model, only the fully connected layers were fine-tuned. For aged ternary lithium
batteries, the SOC estimation achieved an RMS error of 0.72% and an MAE of 0.56%.
For aged LiFePOy batteries, the SOC estimation recorded an RMS error of 2.26% and
an MAE of 1.78%.

Finally, in [98], a fusion framework was proposed, combining Deep Learning with
a Kalman filter (see Figure 15). The data-driven component utilized an encoder—decoder
architecture with attention mechanisms integrated into a CNN-LSTM model, enabling the
efficient extraction of comprehensive information across both spatial and temporal scales.

Deep Learning architecture

Encoder Dencoder
E CNN LSTM SOCpr
module module
Experimental = . g Fusion: SOC
data = , \ KRR method estimation
Kalman filter-based method
—>»| with dynamic noise adaptation; SOCckr
Model: simplified EM — > SOCrkr

J—o> soCuxr

Figure 15. SOC estimation approach proposed in [98], combining a CNN-LSTM architecture and a
Kalman filter.

In the filter-based stage, it was recognized that the process and measurement noises
depend on the dynamic state and actual operating environment. Using constant noise
values could lead to reduced accuracy or even filter divergence. To address this, an adap-
tive law was proposed, allowing the process and measurement noises to be dynamically
adjusted following the correction phase. This resulted in adaptive nonlinear versions of the
EKF, UKF, and CKF.

The filtering stage operated on a simplified EM that captured the battery’s internal
mechanisms, divided into five key processes: basic working, solid-phase diffusion, liquid-
phase diffusion, reaction polarization, and ohmic polarization. Finally, the proposed fusion
method, employing parallel structures, combined the SOC values estimated by both the
Deep Learning and filter-based approaches, mathematically expressed as follows [98]:

SOCpr = fpr(SOCpr, SOCkF) (23)

where fpr represents the data fusion function, while SOCpr, SOCpr, and SOCkr denote
the SOC estimation results obtained through the fusion method, Deep Learning, and
Kalman filter, respectively. Various approaches for determining the data fusion function
were evaluated, including weighted averaging, entropy weight method, ordered weighted
averaging, variance minimization, probabilistic fusion, adaptive Kalman filter, and kernel
ridge regression (KRR).

The Deep Learning model was trained under the FUDS condition and tested using
the New European Driving Cycle (NEDC) condition. Additionally, the voltage accuracy of
the simplified EM was verified, achieving MAEs of 7.7478 mV and 8.1773 mV for FUDS
and NEDC, respectively. Corresponding RMS errors were 11.1058 mV and 11.3239 mV,
successfully capturing the voltage behavior of the battery.
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Regarding the SOC estimation accuracy of the Deep Learning, filter-based, and fusion
methods, the following conclusions were drawn:

1.  The Deep Learning model achieved an MAE of 0.6808% and an RMS error of 0.8663%,
with the maximum absolute error remaining around 2.1%. This demonstrates that the
Deep Learning stage effectively captures the temporal dependencies of SOC changes
in relation to physical quantities;

2. The Kalman filter-based methods revealed that all three approaches produced results
without outliers, indicating that these methods are more stable and less prone to
excessive fluctuations. However, the adaptive EKF gradually showed deviations from
the reference value over time;

3. All three Kalman filters demonstrated rapid convergence to the reference value. Ro-
bustness was assessed based on the time required for SOC to converge within a 1%
error margin: 292 s for the adaptive EKF, 144 s for the adaptive UKF, and 67 s for the
adaptive CKF, with the adaptive CKF excelling as the most robust. Additionally, the
adaptive CKF showcased the best overall performance, achieving the smallest MAE
and RMS errors of 0.5750% and 0.6292%, respectively, with a maximum absolute error
of 1.1658%;

4.  Finally, the fusion method, combining the results of the Deep Learning and adap-
tive CKF methods, demonstrated outstanding performance when utilizing the KRR
approach (see Table 2). The KRR method effectively handled the fusion process,
achieving superior results across all evaluation metrics. The MAE, RMS error, and
maximum absolute error were 0.2341%, 0.3072%, and 0.7730%, respectively. These
results indicate that the SOC estimation achieved by the fusion method is highly
accurate, less prone to fluctuations, and exceptionally stable, establishing KRR as an
effective meta-learning model for ensemble learning.

Table 2. The SOC evaluation metrics for the Deep Learning, CKF-based, and fusion methods [98].

Method MAE (%) RMS Error (%) Maximum Absolute

Error (%)
Deep Learning 0.6808 0.8663 2.1009
Adaptive CKF 0.5750 0.6292 1.1658
Fusion with KRR 0.2341 0.3072 0.7730

Overall, the fusion methods analyzed in [96-98] demonstrate the ability to effectively
process and integrate multiple information sources, significantly reducing errors associated
with individual methods and exhibiting greater adaptability to complex scenarios when
estimating SOC. These characteristics highlight their advantages in forecasting and their
substantial potential for implementation in on-board BMSs. In practical applications, data-
driven hybrid methods can be efficiently deployed using cloud computing technologies and
edge-cloud collaboration strategies [98], enabling real-time performance and scalability.

3. Summary of State-of-Charge Estimation Methods

This paper explains the fundamentals of each method and reviews the relevant state
of the art to compare current results achieved in SOC estimation.

Lookup table and ampere-hour counting are straightforward and effective methods
in controlled environments where frequent recalibrations can prevent error accumulation.
However, these methods on their own are less suited for applications requiring robust,
long-term accuracy. While these methods have inherent limitations, numerical evidence
demonstrates their potential under specific conditions. For instance, [40] showed that
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combining ampere-hour counting with periodic updates using OCV lookup tables after
one-hour rest periods resulted in absolute SOC estimation errors below 3%.

Electrochemical models offer highly accurate characterization of internal cell processes,
but their complexity requires substantial processing power to solve the equations involved.
Despite this, their potential is evident in numerical evaluations, where errors as low as 0.5%
for SOC estimation and below 1% for lithium concentration were achieved using Kalman
filter-based observers.

Equivalent circuit models provide a balance between accuracy, robustness, and com-
putational cost when estimating SOC. However, equivalent circuit models do not have the
ability to predict internal processes and cell degradation, and they are limited to contexts
similar to those in which the data for parameterization were collected. Numerical evalua-
tions highlight their accuracy, with errors as low as 0.61% using advanced observers such
as the UKF and particle filters, and less than 3% when using EKF-based estimation.

The electrochemical impedance models based on impedance spectroscopy describe
the cell’s behavior across a wide frequency range, but their use in the automotive sector is
constrained by the high cost of the required equipment for in-vehicle installation. Studies
highlight their potential accuracy; for example, in [67], combining impedance data with
conventional inputs like voltage, current, and temperature, and employing Machine Learn-
ing techniques such as SVMs, yielded RMS errors as low as 1.06% at 100 mHz and 1.09%
at 100 Hz. On the other hand, FOMs have shown strong generalization capabilities when
tested across different cells, making them a valuable solution for reducing computational
overhead in BMSs tasked with monitoring thousands of cells. Furthermore, [68] highlights
the robustness of FOMs against temperature variations as well as voltage and current
sensor drifts. However, the truncation error introduced by the short-memory principle
violates the Kalman filter assumption that errors are white noise, which may adversely
affect SOC estimation accuracy [68].

Data-driven approaches rely on Machine Learning platforms to optimize network
parameters. These models excel at learning complex patterns, making them highly versatile
tools, especially with the vast amounts of data available today.

Fuzzy logic models are well suited for environments with uncertain or imprecise
information, as they follow a set of human-understandable rules. Among the disadvantages,
we can point out its limited learning capability because fuzzy systems do not inherently
“learn” from data; rule sets need to be crafted or optimized manually. Moreover, for complex
systems, the number of rules can grow substantially, making the model cumbersome to
manage and less efficient. Fuzzy logic approaches have achieved SOC estimation errors
ranging from approximately 0.5% to 5% in studies using experimental setups for lead-acid,
lithium-ion, and NiMH batteries [79-81]. However, some setups such as those relying
on current, voltage, and temperature measurements as inputs for the fuzzy logic model,
reported higher maximum errors of up to 10% [83].

Neural networks can automatically learn relevant features from raw data, often re-
ducing the need for extensive feature engineering. On the other hand, training neural
networks demand substantial processing power and time, especially in deep networks.
Furthermore, careful attention should be given to the optimization mechanism during the
training phase to ensure proper convergence and mitigate the risk of overfitting. Neural
networks have achieved errors typically under 10% when estimating the SOC. Optimized
architectures, such as genetic algorithm-enhanced feedforward networks, reduced errors
further, achieving average errors as low as 0.9% on training data but with maximum errors
up to 13% in validation [89]. Advanced models like bidirectional LSTM and GRU networks
achieved RMS errors below 4.67% and 0.83%, respectively, with the GRU network excelling
in dynamic drive cycles and varying temperatures [90,91].
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Support vector machines perform well with a large number of features, making them
especially effective in high-dimensional spaces. However, support vector machines exhibit
difficulty with highly nonlinear data. SVM models have demonstrated good accuracy when
estimating the SOC of lithium-ion cells; one approach using a grey wolf optimizer achieved
maximum absolute errors below 2%, while another employing a genetic algorithm with a
radial basis function kernel reported maximum relative errors under 3% [93,95].

Finally, fusion or hybrid approaches enable the integration of the strengths of both data-
driven methods and mathematical-based models while compensating for their individual
weaknesses. The analyzed hybrid methods have demonstrated strong SOC estimation
capabilities, incorporating weight correction and noise adaptation mechanisms [96,98].
Moreover, data-driven hybrid methods can benefit from transfer learning by repurposing
pre-trained models or networks to address different scenarios [97].

Tables 3 and 4 present a comparison of the advantages and challenges of the OCV,
Coulomb counting, mathematical-based, and data-driven methods analyzed.

Table 3. Comparison of advantages and challenges of OCV, Coulomb counting, and mathematical-

based SOC estimation methods.

Method

Advantages

Challenges

Open-circuit voltage

High accuracy under equilibrium conditions.
Non-intrusive; can be measured without dis-
turbing battery operation.

Simple implementation; requires only volt-
age measurement and a pre-established OCV-
SOC curve.

Requires the battery to rest for a long period
to reach equilibrium.

The OCV-SOC curve varies with tempera-
ture, reducing accuracy if temperature effects
are not compensated.

Not practical for dynamic SOC estimation
during operation.

Coulomb counting

Easy implementation.

Can track SOC dynamically during battery
operation without requiring rest periods.
Provides fine-grained SOC updates since it
continuously integrates current.

Highly dependent on precise current mea-
surements; sensor noise can degrade accu-
racy.

Requires an accurate initial SOC value; oth-
erwise, all future calculations will be offset.
Self-discharge is not accounted for, which
can cause SOC estimation errors in long idle
periods.

Electrochemical models

Provide highly accurate SOC estimations by
capturing the internal electrochemical behav-
ior of the battery.

Account for key internal dynamics, including
ion transport, reaction kinetics, and tempera-
ture effects.

Solving PDEs requires significant computa-
tional resources.

Requires extensive parameter extraction and
lab testing to build an accurate model.

Not practical for real-time estimation.

Electrical equivalent
circuit models

Provide a good trade-off between accuracy
and computational efficiency.

Model parameters can be determined
through experimental techniques such as
pulse discharge tests.

Can be implemented in real-time applica-
tions due to their relatively simple mathe-
matical structure.

Do not fully capture electrochemical phe-
nomena such as diffusion effects and side
reactions.

Are constrained to operating conditions sim-
ilar to those used for parameterization.

Electrochemical
impedance models

More accurately model internal resistances
and capacitances compared to electrical
ECMs.

Can track battery aging and degradation by
analyzing impedance variations over time.

Impedance measurements are very sensitive
to noise and require precise instrumentation.
The high cost of impedance spectroscopy
equipment limits their adoption for SOC es-
timation in electric vehicles.
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Table 4. Comparison of advantages and challenges of fuzzy logic, ANN, and SVM methods.

Method

Advantages

Challenges

Fuzzy logic

Handles imprecise and uncertain mea-
surements effectively, making it suitable
for real-world battery conditions.

Allows the inclusion of human expertise
in defining SOC estimation rules, improv-
ing adaptability.

Requires fewer resources compared to
other Machine Learning methods.

As the number of input variables grows,
defining and tuning fuzzy rules becomes
more complex.

The accuracy of the model relies on well-
defined membership functions and rules,
which require domain expertise.

Lower accuracy in highly nonlinear sys-
tems.

Artificial neural networks

Capable of capturing complex nonlinear
relationships between input variables and
SOC.

Can adapt to varying battery conditions
and dynamic operating environments
through training.

Can improve over time as more data be-
come available, enhancing performance
with experience.

Performance is heavily dependent on the
availability of high-quality, diverse train-
ing data.

Selecting the appropriate network archi-
tecture, learning rate, and other hyper-
parameters requires careful optimization
and expertise.

If not properly regularized or validated,
ANNSs can overfit to training data, reduc-
ing generalization to unseen data.

Support vector machines

Offer good generalization capabilities, es-
pecially when used with kernel methods,
preventing overfitting,.

Handle high-dimensional feature spaces ef-
fectively, which is useful when incorporat-
ing multiple variables for SOC estimation.

Can achieve good performance with rel-
atively smaller datasets, which is useful
when data are limited.

Finding the optimal set of hyperparame-
ters requires significant effort and compu-
tational resources.

Can struggle with very large datasets or
complex kernel functions.

Table 5 outlines the primary applications where the analyzed methods are most

effective, providing insights into their practical use cases.

Table 5. Specific applications of analyzed SOC estimation methods for optimal effectiveness.

Method

Applications

Open-circuit voltage ¢

Used in controlled conditions or lab settings to study
battery behavior and create accurate SOC reference curves.

Coulomb counting .

Used in combination with other methods to track SOC.
Commonly integrated in BMSs to provide continuous SOC
estimation in real-time.

Electrochemical models

Used in laboratories to study battery behavior and
develop new battery chemistries.

Ideal in high-precision simulations where understanding
the exact cause and effect of transport kinetics is crucial.

Electrical and impedance-based models

Commonly used in on-board BMSs for online SOC
estimation, balancing accuracy and computational
efficiency for dynamic driving conditions.

Data-driven methods

Applied in situations where a high degree of nonlinearity
exists, and the model needs to quickly adapt to varied
conditions.
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4. Conclusions, Future Work, and Research Perspectives

Through an extensive analysis of the commonly used SOC estimation methods, we
identified that each approach has distinct strengths and limitations, and each one of them
performs well under specific conditions.

Most studies assess the precision of SOC estimation methods exclusively in offline,
simulated environments using computer-aided tools, lacking physical implementations pro-
grammed on microcontrollers to achieve real-time SOC estimation. This limitation complicates
the selection of an optimal estimator, as there is no concrete evidence regarding the following:
(1) the number of floating-point operations needed to execute complex methods without
delays, and (2) the impact of rounding errors on the accuracy of the final SOC estimation.

Furthermore, the “true” SOC often used for comparison or validation inherently
contains error, as it cannot be directly measured. The closest approximation to a real
SOC (excluding highly complex electrochemical models that cannot be used in real-time
applications) is typically derived in laboratory or controlled environments using a Coulomb
counting method with highly accurate current sensors. Consequently, the results of any
SOC estimation method are often compared to a “true” SOC that is itself subjected to bias.

Moreover, comparing results across studies is challenging due to inconsistencies in the
studied battery types and testing conditions. Papers often use diverse metrics to report error
rates and rely on different datasets, including constant-current cell discharge conditions or
distinct driving cycles sampled at different frequencies. Additionally, some studies attempt
to estimate SOC using inputs that are more easily obtained in laboratory settings, without
considering the challenges of acquiring such variables during real-time operation in electric
vehicles. For example, [88] proposed using three cell-specific temperatures as inputs to the
neural network model to estimate SOC, requiring three temperature sensors per cell. This
approach is impractical for real-world applications, as battery packs typically consist of
over a hundred cells.

We conclude that hybrid strategies, which combine multiple estimation methods to
leverage their complementary strengths, are promising approaches. For example, integrat-
ing a neural network with the ESC cell model could provide a significant advantage in
accurately estimating the SOC across different driving profiles. This highlights the need
for a dedicated testing platform to implement and evaluate experimentally various SOC
estimation strategies under uniform conditions, enabling a more reliable comparison of
their performance. This platform will be detailed later in the section.

Building on the discussion of SOC estimation methods for individual cells, it is impor-
tant to address their limitations when applied to the large-scale battery packs of electric
vehicles, which often comprise hundreds of cells. The methods analyzed primarily focus
on single-cell SOC estimation and do not address how to determine the SOC of an entire
battery pack. Furthermore, the SOC of a battery pack currently lacks a universally accepted
definition. According to [99], battery pack SOC estimation algorithms can be categorized
into four types: (1) individual cell estimation, (2) lumped cell estimation, (3) reference
cell estimation, and (4) mean cell and difference estimation. Among these, individual cell
and reference cell estimation stand out as the most computationally intensive yet robust
methods, as they effectively mitigate the impact of aging on the weakest cell in the battery
pack. The SOC estimation for lithium-ion battery packs is complex due to inherent inconsis-
tencies in cell characteristics such as capacity, internal resistance, and temperature. These
inconsistencies arise from manufacturing tolerances, welding processes, and operational
conditions, and they tend to grow over the battery pack’s life due to non-uniform aging
and thermal variations [99].

These challenges highlight the necessity of implementing effective cell balancing or
equalization algorithms in battery packs. As a future step, following the evaluation of
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various SOC estimation methods on a test bench, which is currently under development in
our laboratory, an active battery equalizer will be designed to mitigate SOC imbalances
within the battery pack. This step is critical for ensuring efficient and reliable operation. The
experimental setup will monitor five battery modules connected in series (see Figure 16a),
enabling the testing of different equalization algorithms. The system will dynamically
identify the module with the highest SOC and the one with the lowest, using a DC/DC
converter to transfer energy from the most charged module to the least charged, actively
balancing the entire pack [100].
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Figure 16. (a) Illustration of the equalizer platform transferring energy from module M; (highest
SOC) to module My (lowest SOC) [100]. (b) Internal structure of each battery module, including its
corresponding passive balancing system.

Each of the five modules consists of four cells (see Figure 16b), automatically balanced
using a traditional passive BMS. This hybrid balancing system aims to enhance performance
compared to fully passive balancing strategies commonly used in vehicle battery packs,
while maintaining cost-effectiveness by focusing on module-level balancing instead of
cell-level balancing for the entire pack. The proposed five-module system serves as a proof
of concept for potential electric vehicle applications.

Research Perspectives

After establishing that SOC estimation methods are a critical foundation for on-board
applications, significant progress is still required to develop robust BMSs. One essential
step forward is the integration of advanced SOH estimation and fault-diagnosis techniques
into modern BMSs.

Regarding SOH estimation, traditional approaches such as capacity tests and
impedance measurements often encounter limitations, including high costs, testing com-
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plexity, and challenges in real-time applicability. To overcome these issues, data-driven
methods have emerged as a promising alternative. Leveraging large publicly available
datasets, such as those from NASA, CALCE, and Stanford-MIT, researchers can develop
and validate effective SOH estimation models. These data-driven approaches utilize
Machine Learning techniques (such as ANN, Gaussian process regression, and random
forests [101]) alongside feature extraction methods like differential voltage/incremental
capacity curves and differential temperature analysis. These methods excel in identifying
complex, nonlinear patterns in battery behavior, enabling precise SOH predictions.

Furthermore, with the increasing volume of data being collected daily, data-driven
methods hold great promise for transfer learning [15], enabling model generalization across
various battery types while addressing data quality concerns. This trend also aligns with
the development of hybrid models and domain adaptation techniques, which enhance the
accuracy and robustness of SOH estimation frameworks.

Supporting this perspective, Ref. [101] presented an insightful study evaluating several
data-driven models, including LSTM networks, CNN, Gaussian process regression, random
forests, and transfer learning. These models were tested on a dataset of batteries with cycle
lives ranging from 326 to 1266 cycles and varying degradation levels. The results revealed
that the accuracy of SOH estimation models is heavily influenced by the battery’s degradation
protocol. This finding underscores the need for more comprehensive studies to address such
variability and further improve the reliability of SOH and SOC estimation techniques.

Equally as important as the accurate estimation of SOC and SOH is the development of
advanced and intelligent fault-diagnosis algorithms for the early detection of battery faults.
Lithium-ion batteries operate within a narrow temperature range, making them vulnerable
to thermal runaway under conditions such as overheating, overcharging, over-discharging,
or mechanical damage [102]. Incidents such as electric vehicles catching fire after collisions
and battery pack deformations, or even during charging at stations, underscore the critical
need for robust fault-diagnosis strategies to ensure user safety and product reliability.

In [102], several fault-diagnosis methods are discussed, which can be seamlessly
integrated into BMSs. For instance, one fault-detection method involves continuously
comparing parameters or estimations, with measured data or reference values. If the
deviation exceeds a predefined threshold, a fault alarm is triggered. This highlights the
necessity of a robust and accurate battery model capable of estimating critical metrics like
SOC, SOH, and terminal voltage.

However, in electric vehicle applications, multiple faults may occur simultaneously,
necessitating also fault-identification methods that can address such complexities. For
example, (1) hardware redundancy achieves fault isolation through the implementation of
redundant sensors, ensuring that critical data remain reliable even in the presence of sensor
failures, and (2) analytical redundancy utilizes a bank of subsystems, each designed to be
sensitive to specific faults while remaining insensitive to others, providing a systematic
way to isolate and identify multiple faults.

These strategies further emphasize the importance of accurate and well-constructed
battery models. Fault diagnosis, without a doubt, is a complementary area of research to
SOC and SOH estimation, offering substantial benefits to the development of safer, more
reliable, and intelligent BMSs.
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ANFIS adaptive neuro-fuzzy inference system 16
ANN artificial neural networks 3, 14, 17-19, 21, 30
BJDST Beijing Dynamic Stress Test 22

BMS battery management system 2, 9-11, 13, 14, 25, 26, 30, 32
CDKF central difference Kalman filter 22

CKF Cubature Kalman filter 22-24

CNN convolutional neural networks 17, 21-23, 31
CPEs constant phase elements 11, 14

DST Dynamic Stress Test 13, 18, 22

ECM equivalent circuit models 3, 8-11, 21, 22
EIM electrochemical impedance models 11

EIS electrochemical impedance spectroscopy 10
EKF extended Kalman filter 10, 23-25

EM electrochemical models 3, 6, 8, 10, 11, 23, 24
ESC enhanced self-correcting 9, 10, 29

ESR equivalent series resistance 12

FNN feedforward neural networks 17, 18

FOMs fractional-order models 8, 10-14, 25, 26
FUDS Federal Urban Driving Schedule 10, 13, 18, 22, 24
GRU gated recurrent unit 17, 18, 26

HWEFET Highway Fuel Economy Test 18

KRR kernel ridge regression 24, 25

LSTM long short-term memory 17, 18, 23, 26, 31
MAE mean-absolute error 13, 16, 22-25

MCSCKF  maximum correntropy square-root Cubature Kalman filter 22
MSE mean-squared error 10, 19

NEDC New European Driving Cycle 24

NiCd nickel cadmium 7

NiMH nickel-metal hydride 4, 7, 9, 15, 26

OCV open-circuit voltage 2-5, 9, 25, 26

ODEs ordinary differential equations 9, 10

PDEs partial differential equations 6-8

PDF probability density function 11

ReLU rectified linear unit 17, 22

RMS root-mean-squared 10, 11, 13, 16, 18, 22-26
RNN recurrent neural networks 17, 18

SEI solid electrolyte interphase 2, 12

SFTP Supplemental Federal Test Procedures 18, 22
SOC state-of-charge 1-6, 8-18, 20-26, 29-32

SOH state of health 1-3, 17, 30-32

SOP state of power 1-3

SVM support vector machines 11, 21, 25, 26

SVR support vector regression 19-21

ucCDSs Unified Cycle Driving Schedule 18
UDDS Urban Dynamometer Driving Schedule 10, 13, 18, 22
UKF unscented Kalman filter 10, 13, 22-25
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