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Abstract

Lithium-ion battery state of health (SOH) cannot be measured directly and must be inferred
from capacity, resistance, voltage, current, temperature, and usage history. This structured narrative
review integrates degradation mechanisms with feature-based, model-based, data-driven, and physics
-informed/hybrid estimation methods, and evaluates them against validation design, chemistry
dependence, uncertainty, computational burden, and on-board feasibility. The literature was updated
through targeted searches of Crossref-indexed publisher platforms, IEEE Xplore, ScienceDirect,
SpringerLink/Nature, Wiley Online Library, and MDPI; 117 unique publications, institutional
reports, and regulatory documents were retained after duplicate removal and relevance screening.
Reported errors are treated as study-specific results rather than universal characteristics of method
families. The synthesis shows that no single estimator is uniformly superior: feature-based
diagnostics provide physical insight but require informative and low-noise operating segments;
equivalent-circuit observers are compatible with embedded implementation but depend on model
adaptation; data-driven models can achieve low error within their validation domain but require
rigorous cross-cell and cross-condition testing; and physics-informed or hybrid approaches offer
a promising compromise when their added complexity is justified. Future progress depends on
transparent validation, uncertain-aware estimation, chemistry transfer, compact edge implementation,
multimodal sensing, and auditable life-cycle data under emerging battery regulations.
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1. Introduction

definition changes the numerical value and the end-of-life

decision, every study should state the reference quantity, test

Lithium-ion batteries are central to electric mobility and
stationary energy storage because they combine high specific
energy, high round-trip efficiency, and long cycle life. Their

conditions, and threshold explicitly.

Cnow— CEOL

performance nevertheless evolves with time and use, and this SOH¢ = Crominal— Ceor 100%
evolution depends on chemistry, cell design, temperature, state- REOL~ Rnow
of-charge window, current rate, storage history, and mechanical SOHg = ReoL— Roominal 100%

loading [1-4]. Battery management systems therefore require
state estimates that remain reliable under partial charging,

@
@

dynamic current profiles, sensor limitations, and cell-to-cell
variability.

Battery state of health (SOH) is a latent indicator of the
departure from beginning-of-life performance. Capacity-based
SOH tracks the maximum available charge, whereas resistance-
or power-based SOH represents the loss of power capability
associated with impedance growth [5, 6]. Because the selected

Equation (1) defines a capacity-normalized health index and
Equation (2) defines a resistance-normalized health index. C_now is
the measured maximum available capacity at the current age (Ah),
C_nominal is the beginning-of-life or rated capacity (Ah), and C_EOL
is the application-specific end-of-life capacity (Ah). R_now is the
present internal resistance (2), R_nominal is the beginning-of-life
resistance (Q), and R_EOL is the application-specific end-of-life
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resistance (Q2). With these normalized definitions, 100% denotes
beginning of life and 0% denotes the selected end-of-life (EOL)
threshold. Automotive capacity thresholds are commonly located near
70-80% of initial capacity, but they are application- and manufacturer-
dependent rather than universal [6, 7].

Battery aging arises from coupled electrochemical and mechanical
processes. Solid-electrolyte-interphase growth and lithium plating
contribute to loss of lithium inventory, while particle cracking, phase
change, and loss of electrical contact contribute to loss of active
material and resistance increase [5, 8-10]. Temperature, C-rate, depth
of discharge, average SOC, rest periods, and load history alter both the
dominant mechanism and its rate. SOH is therefore not directly
measurable from a single terminal signal; it must be inferred from
observable quantities under a stated model and validation protocol.
Figure 1 summarizes this life-cycle interpretation and the application-
dependent transition from first-life operation to evaluation for reuse,
repurposing, or recycling. It is an illustration synthesized by the
authors from the degradation, prognostics, and second-life literature
cited above rather than a plot of a single experimental dataset, and the
thresholds it shows are application-dependent.

105

100

Capacity Fade reaching EOL

SOH (%)

First Life (EV Application)
Second Life (ESS Application)
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Figure 1. Conceptual battery SOH life-cycle framework (authors'
illustration, [5, 6, 11, 12]).

Accurate and auditable SOH information supports warranty
decisions, residual-value assessment, second-life screening, and
recycling logistics. Regulation (EU) 2023/1542 introduces
information, performance, durability, and battery-passport
requirements on staged implementation dates; it does not
establish a universal SOH threshold for every second-life
decision. Consequently, technical screening must combine SOH
with safety history, fault information, cell imbalance, and the
requirements of the intended second-life duty [11, 12].

This review connects four estimator families — feature-based,
model-based, data-driven, and physics-informed/hybrid
methods — to degradation mechanisms, chemistry-dependent
observability, validation design, uncertainty, embedded

implementation, and life-cycle regulation. Unlike reviews
focused primarily on one algorithm family, it uses a
deployment-oriented question: which evidence is required
before a reported laboratory result can be interpreted as suitable
for an on-board battery management system (BMS) or fleet-
level application?

1.1. Review Methodology

This article is a structured narrative review, not a PRISMA-
style systematic review or meta-analysis. The search was
updated on 27 August 2026 using Crossref-indexed publisher
records and targeted searches in IEEE Xplore, ScienceDirect,
SpringerLink/Nature, Wiley Online Library, and MDPI. Search
combinations included "lithium-ion battery" with "state of
health" or "SOH", together with "estimation”, "diagnostics",
"incremental capacity”, "differential voltage”, "impedance",
"Kalman filter", "Gaussian process”, "LSTM", "CNN",
"Transformer", "physics-informed", "digital twin",
"uncertainty”, "cross-cell", "real-world", "battery passport"”, and
"second life". Backward citation checking was used for
foundational aging and diagnostic studies. No lower
publication-date limit was imposed; the retained sources span
2005-2026.

Peer-reviewed English-language journal and conference
papers were included when they addressed lithium-ion aging,
SOH definition or estimation, validation, BMS implementation,
sensing, or life-cycle decision making. Official regulatory
documents and major institutional reports were included for
policy claims. Studies concerned only with state of charge were
retained only when they provided directly transferable observer,
embedded-computing, or cross-chemistry evidence. Non-
traceable numerical claims, duplicate records, and sources
without a clear connection to SOH were excluded. After DOI-
level deduplication and relevance screening, 117 unique
publications, institutional reports, and regulatory documents
formed the final evidence base. Because the review is structured
narrative, exhaustive database hit counts and a PRISMA flow
are not claimed.

1.2. Scope and Contribution Relative to Existing Reviews

Recent reviews provide strong foundations but differ in scope.
Table 1 positions the present synthesis against representative
reviews. Its specific contribution is to integrate aging
mechanisms,  estimator  families,  chemistry-dependent
observability, validation hierarchy, uncertainty, embedded
feasibility, regulation, and second-life decisions within one
deployment-oriented framework.
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Table 1. Scope comparison with representative SOH review literature

Review Primary scope Aging mechanisms Advanced Al / hybrid Validation / deployment Regulation / second life
Models, methods, commercial o . . . . . o

Ungurean et al. [13] devi Limited Pre-deep-learning emphasis Commercial-device perspective Limited
evices

Sui et al. [14] Non-probabilistic ML for SOH Contextual Machine learning Data and generalization issues Not primary

Oji et al. [15] Data-driven SOH methods Contextual ML / deep learning Critical analysis Not primary

Su et al. [7] Cell-to-pack SOH review Included Model, data, hybrid Cell-to-pack perspective Limited
Systematic review of deep

Liu et al. [16] | . Contextual CNN, sequence, hybrid Deep-learning challenges Not primary
earning
Battery-state estimation and On-board, cloud, integrated

Jiang et al. [17] Included Architecture-focused Limited
BMS architectures BMS
Deployment-oriented SOH Transformer, PINN, digital Validation hierarchy, uncertainty,

Present review Integrated Integrated
synthesis twin embedded BMS

2. Factors Affecting Battery State of Health and Aging
Mechanisms

The degradation of SOH in lithium-ion batteries is not an
isolated process; rather, it is the result of asymmetric
interactions between battery chemistry and operational stress
factors. In the literature, the aging process is generally
categorized into two main phenomena: calendar aging, which
describes capacity losses occurring when the battery is not in
active use, and cyclic aging, which encompasses deformations
caused by continuous charge-discharge cycles. Storage
temperature and state of charge (SOC) are the primary
determinants governing the Kinetics of calendar aging;
specifically, an increase in the cell's electrochemical potential at
high SOC accelerates the thermodynamic activation of side
reactions. Cyclic aging, on the other hand, is based on the
mechanical stresses and chemical degradation that occur during
the physical migration of lithium ions between electrode lattice
structures. These two types of aging occur simultaneously in the
field, and it is critically important for SOH estimation
algorithms to be able to decouple these intertwined non-linear
dynamics [18-20].

2.1. Charge/Discharge Rate (C-rate) and Current Density

The C-rate values, which define the charging and discharging
speeds, are direct determinants of the battery's mechanical
integrity. Fast charging under high current densities creates a
severe lithium concentration gradient between the outer surfaces
and cores of the electrode particles, which induces volumetric
stresses within the particle structure and leads to the formation
of microscopic cracks (particle cracking). As illustrated in
Figure 2, higher C-rates significantly increase the rate of
capacity fade, thereby reducing the number of operational cycles
available before reaching critical thresholds. The contact of
these newly formed crack surfaces with the electrolyte initiates
a continuous SEI formation cycle, making lithium loss chronic,
while high current further complicates thermal aging processes

by causing localized temperature increases through Joule
heating [21, 22]. This relationship is evident from the
divergence between the slow-charge (0.5C) and fast-charge (2C)
trajectories in Figure 2, where rapid degradation from particle
cracking and heating pushes the battery to the 80% EOL
threshold much earlier in its service life. The two trajectories
were drawn qualitatively from the experimental aging literature
cited [21-24]; they are schematic and do not represent a
universal quantitative aging law.

EOL Threshold (80%) 4

— Slow Charge (0.5C) o
-=-- Standard Charge (1C) -~
701 —-= Fast Charge (2C) *a~

] 100 200 300 400 500 600 700 800
Cycle Count (n)

Figure 2. Conceptual influence of C-rate on degradation (authors'
qualitative illustration, [21-24]).

2.2. Thermal Dynamics and the Impact of Temperature
Gradients

Temperature is considered the dominant factor determining
chemical reaction rates in the battery, in accordance with the
Arrhenius law. However, the impact of temperature on SOH is
not linear. At high temperatures (typically above 45°C), the SEI
layer on the anode surface exhibits thermal instability; during
the partial dissolution and reformation of this layer, active
lithium ions are permanently consumed. This triggers the
process defined as LLI, which is the primary driver of capacity
loss; case studies on electric-vehicle packs report the same
temperature-dominated ageing trend [25]. This temperature-
driven degradation is clearly demonstrated in Figure 3, where
the "Critical Zone," represented in deep red, expands
significantly as ambient temperatures exceed 50°C. That heat
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map was constructed qualitatively from the thermal and rate-
dependent aging literature cited [8, 23, 24, 26]; its colour scale
indicates relative degradation risk rather than measured or
interpolated SOH values from a single dataset.

Conversely, low-temperature operations lead to increased
electrolyte viscosity and reduced ionic diffusion, resulting in the
"Lithium Plating" phenomenon. lons that cannot enter the anode
lattice during charging accumulate on the surface as metallic
lithium, which not only reduces capacity but also fuels dendrite
formations that pose a risk of puncturing the separator, thereby
creating significant safety vulnerabilities [23, 24]. As evidenced
by the SOH gradient in Figure 3, even moderate discharge rates
become increasingly detrimental at extreme temperatures,
demonstrating that the safest operational "Green Zone" is
confined to a narrow window between 20°C and 30°C and only
at low C-rates.

0.5C
M

10C

15C

Discharge Rate (C-rate)
20C

2.5C

0°c 10°C w0 30°c a0°C
Ambient Temperature (°C)

Figure 3. Qualitative interaction of temperature and C-rate in
battery degradation (authors' conceptual heat map, [8, 23, 24, 26]).

2.3. Depth of Discharge (DOD) and Operational Range
(SOC Windows)

The SOC range over which a battery is cycled plays a critical
role in the rate of structural deformation; a battery continuously
operated over a 0% to 100% SOC range (full DOD) undergoes
more pronounced expansion and contraction of the cathode
crystal lattice than during shallow cycling. These periodic
volumetric changes lead to the structural collapse of the crystal
lattice over time and the permanent loss of the capacity to host
lithium ions (LAM), an effect that often leads industrial
applications—particularly  electric  vehicle management
software—to prefer shallow SOC windows and "software-
protect" a portion of the battery capacity to extend its operational
life [26, 27].

2.4. Dynamic Usage Profiles and Random Loading

In real-world applications, especially in electric vehicles, the
dynamic usage profiles encountered diverge radically from the
constant-current tests conducted in laboratory environments.
Sudden high-current pulses occurring during regenerative
braking and aggressive acceleration demands create transient

dynamics by straining the ionic mobility within the battery. Such
irregular loading prevents the establishment of chemical
equilibrium within the battery, prolonging voltage relaxation
times and rendering standard open-circuit voltage (OCV)-based
estimations invalid. Furthermore, the nonuniform temperature
distribution among cells in a battery pack causes some cells to
age faster than others, creating a weakest-link effect. This
situation necessitates not only cell-based but also system-level
SOH management and advanced modeling techniques [28, 29].

2.5. Chemical and Environmental Side Reactions

Environmental factors and chemical interactions within the
electrolyte constitute the invisible dimensions of the aging
process. Depending on the sealing quality of the battery pack,
any moisture that seeps in can react with lithium salts (LiPF6)
in the electrolyte, leading to the formation of hydrofluoric acid
(HF). This acidic environment accelerates capacity loss by
corroding the electrode surfaces and increasing internal
resistance. Furthermore, gas evolution resulting from electrolyte
decomposition can increase internal cell pressure, potentially
disrupting the contact between layers and raising ionic
resistance, which negatively impacts the accuracy of SOH
estimation. Consequently, an SOH estimation model must
internalize not only electrical parameters but also the potential
effects of chemical side reactions [30, 31].

2.6. Calendar Aging and Storage Stability

Calendar aging in lithium-ion batteries refers to the time-
dependent degradation occurring under storage conditions
without active cycling, driven by coupled electrochemical and
thermodynamic processes [32]. The dominant degradation
mechanism is associated with the progressive growth of the SEI
layer on the anode surface. This growth is primarily induced by
electrolyte reduction and solvent decomposition reactions,
which irreversibly consume cyclable lithium inventory [33]. As
a result, a gradual loss of capacity is observed, accompanied by
an increase in internal resistance. These degradation pathways
exhibit Arrhenius-type temperature dependence, where elevated
temperatures significantly accelerate reaction kinetics and SEI
thickening. Recent post-mortem studies have confirmed that
these thermal stress factors are the primary cause of irreversible
power fade in long-term stationary storage [34].

The kinetics of calendar aging are strongly influenced not
only by temperature but also by SOC during storage. At high
SOC levels, elevated cathode potential promote electrolyte
oxidation and transition metal dissolution, further exacerbating
degradation mechanisms [34]. However, even under low SOC
conditions, prolonged storage leads to continuous SEI
restructuring and lithium inventory loss. Recent studies
emphasize that calendar aging cannot be treated independently
from cycle aging in realistic operating scenarios, as both
mechanisms are inherently coupled [35]. Consequently,
advanced modeling approaches now integrate semi-empirical
formulations with physics-based descriptions to bridge the gap
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between laboratory storage tests and real-world battery life
cycles, ensuring more accurate lifetime predictions.

2.7. Mechanical Vibration and Structural Integrity

Mechanical vibration is increasingly recognized as a critical
external stress factor influencing lithium-ion battery aging,
particularly in automotive, aerospace, and mobile applications.
Recent studies demonstrate that vibration induces internal
mechanical stresses within the cell structure, leading to
electrode deformation, particle cracking, and loss of inter-
particle contact [36]. These structural degradations accelerate
key aging mechanisms such as LAM and LLI, ultimately
resulting in increased internal resistance and capacity fade. For
instance, experimental investigations reported that vibration
exposure promotes electrode material detachment and enhances
side reactions at electrode—electrolyte interfaces, thereby
accelerating SEI growth and electrochemical degradation
pathways. This mechanical fatigue often catalyzes chemical
instability, creating a multi-physical aging environment.

Furthermore, vibration effects are not isolated but interact
synergistically with other aging factors such as temperature and
cycling conditions, leading to nonlinear degradation behavior.
High-frequency or long-duration vibration can alter the internal
stress distribution of the jelly-roll structure, exacerbating
microstructural damage and reducing thermal stability [37].
Current literature suggests that neglecting vibration-induced
stress can lead to a significant overestimation of SOH, especially
in heavy-duty electric vehicle applications where road-induced
frequencies are persistent. Consequently, incorporating
vibration effects into lifetime prediction models and battery
management strategies has become essential for accurate state-
of-health estimation and robust system design.

3. SOH Estimation Methods

SOH estimation in lithium-ion batteries is one of the most
complex and multidimensional tasks for BMSs. Since SOH is
not a directly measurable physical quantity (unlike voltage or
current), it is estimated indirectly by passing data from battery
terminals through a filter comprising complex mathematical
algorithms and physical models. The fundamental challenge in
SOH estimation lies in the non-linear nature of battery aging and
its asymmetric dependence on numerous external variables such
as temperature, DOD, and the charge/discharge rate (C-rate).
Approaches developed in the literature over the last thirty years
are classified under four main paradigms based on
computational cost, data requirements, accuracy, and real-time
applicability criteria [38, 39]. The holistic taxonomy of these
core paradigms is systematically illustrated in Figure 4, which is
a conceptual synthesis of the method literature reviewed in
Sections 3.1-3.4 [13-15, 39] rather than a bibliometric
classification. In this section, the electrochemical foundations,
algorithmic structures, and integration processes of these
methods into industrial BMS architectures will be
comprehensively analyzed in light of the most recent literature.

OH Estimatio
Methodologies

Figure 4. Taxonomy of battery SOH estimation methods (authors'
conceptual synthesis, [13-15, 39]).

3.1. Feature-Based / Direct Measurement Methods

Feature-based methods rely on the analysis of specific
parameters obtained from the battery’s fundamental operating
curves (voltage-time, current-voltage, etc.), which are referred
to as "health indicators™ (HIs) [40]. The core philosophy of these
methods is to map complex electrochemical degradations
occurring within the battery's internal structure to characteristic
changes in externally observable signals. These approaches have
become the most widely used methods in first-generation
electric vehicles and portable systems because they do not
require deeply intricate modeling of the battery's internal
physics and possess a low computational burden [41].

3.1.1 Incremental Capacity Analysis (ICA) and Differential
Applications

ICA is one of the most widely used analytical methods in
battery characterization. This method makes the phase
transitions within the battery visible by examining the
relationship between voltage (V) and capacity (Q) data during
charging or discharging in a differential form (dQ / dV) [42].
From a thermodynamic perspective, battery electrodes form
specific potential plateaus during intercalation (insertion into the
structure) or deintercalation of lithium ions. As the aging
process progresses, the width and position of these plateaus shift.
Mathematically, this analytical transformation computes the
derivative of the capacity delivered or absorbed over a specific
voltage interval, thereby converting voltage plateaus into clearly

identifiable differential peaks:
dQ _ I = adt

IC(V) =E_ av

®)

Eq. (3) defines incremental capacity IC(V) = dQ/dV =
I(dt/dV), where Q is accumulated charge or capacity (Ah), V is
terminal voltage (V), | is current (A), and t is time (h); IC
therefore has units of Ah V/-1. The peaks on the ICA curve
represent the phase transitions within the crystalline structure of
the electrode material. For instance, as a Li-ion battery ages, the
amplitude of these peaks decreases due to the LLI, while the
points exhibit a shift along the voltage axis due to the LAM. In
the literature, Dubarry et al. have developed methodologies that
utilize the changes in the position and area of these peaks to
determine which aging mechanism (anode or cathode) is more
dominant [43, 44].
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However, noise is the primary obstacle to the practical
applications of ICA. The derivative computed from raw data
amplifies even the smallest fluctuations in the signal, presenting
them as large deviations. To overcome this problem, modern
studies employ Savitzky-Golay (S-G) filters, Moving Average
algorithms, or more advanced Gaussian Filtering techniques
[45]. Particularly, recent studies in 2024 have focused on
creating hybrid estimation architectures by feeding ICA curves
as input into machine learning algorithms [46].

3.1.2 Differential Voltage
Electrochemical Diagnostics

DVA is the mathematical inverse of ICA and evaluates dV/dQ
as a function of capacity. Its principal value is the ability to track
electrode-related transitions and changes in usable-capacity
alignment through the voltage response [47, 48]. Peak position,
amplitude, and shape may indicate changes in electrode balance
or degradation mode, but interpretation depends on chemistry,
temperature, current rate, smoothing, and the available capacity
window.

DV(Q) =5 @

Equation (4) defines differential voltage as dVv/dQ, where V
is terminal voltage (V) and Q is accumulated charge or discharge
capacity (Ah); dv/dQ therefore has units of V Ah”-1. Because
numerical differentiation amplifies noise, the sampling interval,
filtering method, and charge/discharge rate should be reported.
Incomplete or dynamic vehicle segments may not contain the
electrode features required for reliable DVA, motivating
reconstruction or probabilistic completion methods [49].

In contrast, the field application of DVA on vehicles faces
significant constraints. In real-world driving conditions,
batteries are rarely fully charged or discharged with a constant
current (CC). Random current draws disrupt the stable data flow
required to generate the DVA curve. Consequently, current
research focuses on algorithms capable of performing DVA
analysis over "partial charging segments” (e.g., using charging
data only between 30%-50% SOC) and completing missing data
through probabilistic methods [49].

Analysis (DVA) and

3.1.3 Electrochemical Impedance Spectroscopy (EIS) and
Frequency Domain Analysis

Internal resistance is the fastest and most prominent indicator
of SOH change. However, the internal resistance of a battery is
not a single resistance value (R); rather, it comprises multiple
components with different time constants, such as ohmic
resistance, charge-transfer resistance, and diffusion impedance.
The EIS method measures the complex impedance response of
the battery by applying a small-amplitude alternating current
(AC) signal across a wide frequency band (typically between 10
mHz and 100 kHz) [50]. Mathematically, this sinusoidal
excitation allows the system to evaluate the voltage-to-current
ratio in the frequency domain, thereby capturing both the
resistive and reactive behaviors of the cell layers:

Z(w) =42 =

I(w) - Rreal + ]

' Ximg ®)
Here, Eq. (5) defines complex impedance Z(®) = V(o0)/I(®) =
R real +jX img, where Z, R_real, and X img are in ohms (€2),
V() is the voltage phasor (V), I(®) is the current phasor (A), ®
is angular frequency (rad s™-1), and j is the dimensionless
imaginary unit. The data obtained are represented on a Nyquist
diagram (real impedance vs. imaginary impedance). The
diameter of the semicircles in this diagram indicates the
magnitude of the charge transfer resistance, a value that
increases in direct proportion to the thickening of the SEI layer
as the battery ages [51]. EIS is the most sensitive method for
analyzing battery health at the "intracellular chemical level.
From an industrial perspective, the primary limitation of EIS
is the cost and complexity of the hardware
(potentiostat/galvanostat) required for these measurements. It is
difficult for an on-board BMS to generate such precise AC
signals. Consequently, "Fast Impedance Estimation” techniques
have been developed in recent years [52]. In these techniques,
researchers attempt to extract impedance information without
disconnecting the battery system, using switching noise from the
vehicle's electric motor drive (inverter) or specific current pulses.

3.1.4 Charge Curve Analysis and Time-Based Health
Indicators

In practical BMS applications, the most widely used feature-
based method tracks changes in time and voltage within specific
regions of the charging curve. As the battery ages, the charging
voltage rises more rapidly due to the increase in internal
resistance, and the target voltage limit is reached much sooner
[53]. This situation results in a reduction in the battery's
charging time; however, this is not an increase in charging speed,
but rather a symptom of capacity loss.

Researchers have defined the time required to traverse a
specific voltage range (e.g., 3.7V - 4.1V) (At) or the amount of
energy transferred to the battery within this voltage range (AE)
as fundamental health indicators; these indicators generally
exhibit linear or exponential relationships and are highly
correlated with SOH. furthermore, since this approach requires
only a timer and a voltmeter, it can operate successfully even on
the lowest-cost BMS processors [54], although its accuracy is
strictly dependent on temperature compensation because
increased internal resistance in cold weather—independent of
aging—could lead the system to erroneously label the battery as
"aged."

3.2. Model-Based Estimation Methods

Model-based methods aim to estimate SOH by establishing a
mathematical model of the battery's physical or electrical
behavior and by changes in the model's parameters. Instead of
treating the battery as a "black box," this approach simulates its
internal dynamics using mathematical equations. Model-based
approaches are fundamentally divided into two categories:
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Equivalent Circuit Models (ECM) and Electrochemical Models
(EM) [55].

3.2.1 Equivalent Circuit Models (ECMs) and Parameter
Identification

Equivalent Circuit Models represent the electrochemical
processes of the battery using fundamental electrical
components such as resistors (R), capacitors (C), and voltage
sources [56]. This method is optimal for real-time BMS
applications because it requires significantly lower
computational load than electrochemical models. The most
commonly used structure is the Thevenin model, which
comprises an ohmic resistor and one or more RC networks.
Mathematically, the electrical behavior of this system is
governed by a state-space formulation that links the transient
voltage response across the RC networks to the overall cell
terminal voltage:

Vi= 0CV(SOC)— I % Ry— Vg (6)
AVec _  _Vrc , I
@ - Tralo @)

Here, Eqg. (6) defines terminal voltage V_t (V) from open-
circuit voltage OCV/(SOC) (V), current | (A), ohmic resistance
R 0 (Q), and RC polarization voltage V_RC (V). Equation (7)
defines dV_RC/dt (V s*-1), where t is time (s), R_1 is
polarization resistance (Q2), and C 1 is capacitance (F). R_0 and
R_1 are key aging-sensitive parameters that generally increase
as the battery ages. SOH estimation is performed through
continuous online monitoring of these parameters. Algorithms
such as Recursive Least Squares (RLS) or the Extended Kalman
Filter (EKF) are generally employed for the instantaneous
estimation of these parameters [57]. As aging progresses, the
deviation of these resistance values from their initial values
directly reflects the decline in the battery's power health (power
fade) [5, 6].

3.2.2 Extended Kalman Filter (EKF) and Adaptive
Approaches

Kalman filtering (KF) theory is considered the "gold
standard" for battery state estimation (SOC and SOH) [58, 59].
However, since battery systems are highly non-linear, the
standard KF proves insufficient. At this point, the EKF, which
linearizes system equations using Taylor series expansion,
comes into play.

EKF operates in a two-stage cycle: prediction and correction.
For SOH estimation, the EKF is typically structured in "Dual”
or "Joint" configurations. In the Dual-EKF architecture, the first
filter estimates the SOC value (fast-changing state), while the
second filter estimates capacity or resistance values (slow-
changing parameters) associated with SOH [60]. This
decoupling increases computational precision while maintaining
the stability of the algorithm [61]. Mathematically, the state
correction step in this filter leverages the discrepancy between
the actual terminal voltage and the model's prediction to
dynamically update the parameters:

Ry = E(kjke — 1) + K (Zk‘ h(’?<k|k—1)))
@®)

Equation (8) represents the EKF correction step. The
estimated state vector x_hat (k|k) and prior estimate x_hat (k|k-
1) have component-specific units defined by the selected state
vector; k is the dimensionless discrete-time index. The
measurement vector z_k and predicted measurement h(x_hat
(k|k-1)) have the same measurement units (typically volts for
terminal-voltage measurement), while K_k has state-unit per
measurement-unit so that the correction term is dimensionally
consistent. EKF performance depends on model structure,
parameter identification, initialization, and process- and
measurement-noise covariance selection [62].

3.2.3 Unscented Kalman Filter (UKF) and Sigma Points

The UKF, developed to eliminate the errors generated by the
EKF during linearization (via Jacobian matrices), utilizes the
"Sigma Points" technique, which directly models the probability
distribution [63]. Instead of linearizing the battery's nonlinear
structure, the UKF propagates that nonlinearity using sampling
points.

UKEF avoids explicit Jacobian linearization by propagating
deterministically selected sigma points through the nonlinear
model. Comparative studies show that EKF and UKF
performance depends on model structure, parameterization,
initialization, noise covariance, temperature, and operating
profile; therefore, a universal percentage improvement or fixed
computational-overhead ratio is not supported [63, 64]. UKF
may improve robustness for strongly nonlinear conditions, but
it requires more model evaluations per update and should be
benchmarked on the target BMS hardware.

3.2.4 Particle Filters (PF) and Probabilistic Approaches

Battery aging is not only non-linear but is also subject to
"non-Gaussian" noise (noise that does not follow a normal
distribution). In such cases, Kalman-based filters reach their
theoretical limits. PF methods model battery states by
employing the Monte Carlo sampling method with a large
number of "particles” (representative candidates) [65].

The greatest strength of PF in SOH estimation is its ability to
merge remaining useful life (RUL) prediction and SOH
estimation for the battery into a single framework. While the
filter estimates the current capacity of the battery, it
simultaneously presents the future decline trend of this capacity
as a probability cloud [66]. This provides a confidence interval
(95% CI) for when the battery pack will reach the "EOL"
threshold.

3.2.5 Electrochemical Models (EM) and Physics-Based
Observers

Unlike ECMs, electrochemical models are based on ion
concentrations within the battery, diffusion coefficients, and
kinetic processes defined by Butler-Volmer equations. The most
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well-known model is the Doyle-Fuller-Newman (DFN) model
[67]. This model can calculate SOH not merely in terms of an
increase in resistance, but also in terms of nanometric changes
in the thickness of the SEI layer or the loss of porosity in the
active material. The following governing equation provides an
analytical representation of this physical phenomenon, mapping
the solid-phase transport of lithium species within the spherical
electrode particles according to Fick’s second law:

dcg 1 6( 2 acs)
— ==*x—| Dgr*x— 9
ot rZ2  or S or ©

Equation (9) represents solid-phase diffusion, where c_s is
solid-phase lithium concentration (mol m~-3), D_s is the solid
diffusion coefficient (m”~2 s*-1), r is radial position within an
idealized active-material particle (m), and t is time (s). Physics-
based models can improve interpretability and support
degradation-mode analysis, but their fidelity depends on
parameter identifiability, boundary conditions, thermal coupling,
and model order. Full-order electrochemical models are
generally too expensive for direct execution on a conventional
BMS MCU; reduced-order or surrogate formulations are
therefore used for real-time observers [67-69].

3.3. Data-Driven Estimation Methods

Data-driven methods are algorithmic structures that learn
input-output relationships from large datasets (big data), rather
than by directly modeling the battery's internal physics or
electrochemical equations. These approaches can "learn" the
multi-dimensional and non-linear nature of battery aging
without requiring complex mathematical models. With the
advancement of sensor technologies and the rise of cloud-based
battery management systems, data-driven methods have become
the most dominant research area in SOH estimation [14, 70].
Pack-level studies based on operational big data show that the
same learning pipelines can be transferred from single cells to
complete packs, provided that the label construction is stated
explicitly [71].
3.3.1 Traditional
Approaches

Machine Learning: SVR and GPR

Before deep learning models became widespread, Support
Vector Regression (SVR) and Gaussian Process Regression
(GPR) formed the cornerstones of battery SOH estimation. SVR
is an algorithm based on structural risk minimization and
exhibits high generalization capability even in high-dimensional
spaces. In SOH prediction, SVR is particularly known for
preventing overfitting in small datasets [72, 73]. While these
traditional frameworks provide solid theoretical baselines,
modern automotive applications increasingly demand their
deployment on production-grade silicon. For instance,
leveraging the advanced diagnostic features of specialized
chipsets like the L9963E BMS IC allows these machine learning
models to operate efficiently at the edge, converting raw data
into real-time state estimations [74].

Gaussian Process Regression (GPR) holds a unique place in
SOH literature because it does not merely provide a prediction
value, but also attaches an "uncertainty interval” (uncertainty
quantification) to that prediction [75]. Using a Bayesian
approach, GPR presents the SOH value as a probability
distribution. From a formulation standpoint, this probabilistic
regression framework is described by the following distribution
equation:

flx) ~ GP(m(x), k(x, x’))

Equation (10) denotes f(x) ~ GP(m(x), k(x, x")), where x and
X' are input-feature vectors with component-specific units (or
dimensionless after normalization), f(x) and m(x) have the units
of the predicted target, and k(x, x') has squared target units.
Kernel choice does not provide a universal percentage
improvement; it encodes assumptions about smoothness and
must be selected and validated for the available health indicators.
A key advantage of Gaussian process regression is that it can
provide a predictive distribution and calibrated uncertainty
when its statistical assumptions are appropriate [75, 76].

3.3.2 Recurrent Neural Networks (RNN) and Long Short-
Term Memory (LSTM)

Battery aging is inherently a time-series process. A battery's
SOH today depends strongly on yesterday’s operating
conditions and its historical thermal profile. While standard
Artificial Neural Networks (ANNSs) cannot capture temporal
dependencies between data points, Recurrent Neural Networks
(RNNS) solve this problem through their memory mechanisms.
However, standard RNNs suffer from the "vanishing gradient"
problem during long-term dependencies [77].

LSTM networks use gating to represent temporal
dependencies and can estimate SOH from charging sequences
or engineered health indicators. For example, Liu et al. reported
an RMSE below 1% for cases with the same discharge-current
rate, but this is a study-specific result and does not establish
equivalent performance for unseen cells, temperatures,
chemistries, or field data [78]. Reporting should therefore
include the split unit, operating domain, and whether test cells
were absent from training.

fi= U(Wf [hen, xe] + bf)

Equation (11) defines the dimensionless forget-gate vector f t.
The sigmoid activation ¢ is dimensionless; W_f is the forget-
gate weight matrix, b_f is its bias vector, x_t is the input vector,
h_(t-1) is the previous hidden-state vector, and t is the discrete-
time index. With normalized neural-network inputs, these gating
quantities are treated as dimensionless; with unnormalized
physical inputs, W_f carries the reciprocal scaling required to
keep the sigmoid argument dimensionless. Gated recurrent units
use a simpler gating structure and can reduce parameter count,
but on-board suitability must still be demonstrated through
memory and execution-time measurements on the target
processor [78].

(10)

(11)
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3.3.3 Convolutional Neural Networks (CNN) and Image-
Based SOH Diagnosis

CNN:s, traditionally used for image processing, are utilized in
battery literature to process voltage-current curves as "images"
or "signatures" [79]. 1D-CNN models can automatically extract
micro-changes (feature extraction) from charging curves. This
capability spares researchers from the burden of manual feature
engineering.

CNN:s yield revolutionary results particularly when combined
with transfer learning. For instance, a massive CNN model
trained on laboratory data can be rapidly adapted to a new
battery chemistry using a small amount of real-world data (fine-
tuning) [80]. In a 2025 study, CNN-LSTM hybrid models—a
combination of CNN and LSTM—have pushed SOH estimation
precision to its peak by simultaneously extracting both
instantaneous features (CNN) and temporal trends (LSTM) from
the voltage curve [81].

3.3.4 Attention Mechanism and Transformer Architectures

Transformer and  Attention  mechanisms,  which
revolutionized the world of Natural Language Processing (NLP),
have been recognized as the state-of-the-art technology in
battery health estimation over the past two years [82]. Certain
moments within battery data (e.g., periods of overheating or
fast-charging intervals) have a much greater impact on aging
than others. The attention mechanism enables the algorithm to
focus on these critical moments.

Transformer architectures process sequence elements through
attention and can capture long-range dependencies without
recurrent state updates. Their comparative benefit depends on
sequence length, feature construction, training-set size, and the
baseline model; no universal stability improvement can be
assigned to the architecture. Current battery studies report
promising results but also identify data demand, computational
cost, transferability, and interpretability as deployment barriers
[82, 83].

3.4. Hybrid Methods and Physics-Informed Machine
Learning

The most significant paradigm shift in SOH estimation
literature over the past five years has been hybrid approaches
that combine the precision of pure physical models with the
flexibility of pure data-driven models [84]. Pure data-driven
models (LSTM, CNN, etc.) can produce physically impossible
results when exposed to extreme temperatures or to unexpected
driving profiles that are not present in the training set (i.e., out-
of-distribution). Hybrid methods aim to eliminate this problem
by injecting "thermodynamic laws" and "electrochemical
constraints™ into artificial intelligence models [85-87].

3.4.1 Physics-Informed Neural Networks - PINN

PINN architecture is a groundbreaking approach in SOH
estimation. While a standard neural network only tries to
minimize the error (MSE) in input-output data, physical

equations of the battery (e.g., Fick’s law of diffusion or Butler-
Volmer kinetics) are added to the loss function of PINNs as
"penalty terms" [88]. The underlying dynamic behavior is
represented by a composite objective function that ensures the
network complies with both empirical observations and domain-
specific conservation laws:

Loss = L0SSgqrq + A .LOSSppysics (12)

Equation (12) combines the data-fitting loss Loss_data and
physics-based loss Loss_physics through the weighting
coefficient A. The loss terms are dimensionless when normalized
residuals are used; A is dimensionless in that case, otherwise it
carries the scaling required to make the summed terms
dimensionally compatible. The physical term can improve
sample efficiency, extrapolation behavior, or consistency only
when the selected physics and parameters are valid for the cell
and operating domain. In a large study spanning 387 batteries
and four datasets, Wang et al. reported a MAPE of 0.87%; this
result is evidence for that specific framework and validation
design, not a universal PINN advantage [84]. Other PINN
formulations differ in which physics is encoded, ranging from a
purely degradation-oriented residual [89] to a coupled
electrochemical-thermal-mechanical constraint set [90], so their
reported errors are not directly comparable with one another.

3.4.2 Model-Data Integration: EKF-ML Hybrid Structures

Another popular hybrid approach is the serial or parallel
connection of a model-based observer, such as the EKF, with
machine learning algorithms. In these structures, the EKF
typically estimates parameters like the internal resistance and
SOC of the battery in real-time, while a neural network (usually
GRU or LSTM) compensates the system by predicting the
EKF’s modeling error (residual error) [91].

These "error-compensated™ structures automatically correct
deviations caused by changes in the physical parameters of the
battery as it ages. For example, as the SEI layer inside the battery
thickens, the fixed-parameter circuit model used by the EKF
begins to produce erroneous results. The ML layer within the
hybrid structure can learn residual model error and improve
state-estimation robustness when the hybrid architecture is
validated for the target cell and operating conditions [92, 93].

3.4.3 Digital Twin and Cloud-Based Hybrid Systems

With Industry 4.0, the concept of "Digital Twin" has become
central to battery management. In this approach, a physical
replica of each battery pack is maintained on cloud servers.
While a simple model-based algorithm on-board the vehicle
collects instantaneous data, massive "data-driven™ models in the
cloud perform in-depth analysis by comparing this data with
historical data [94].

The Digital Twin architecture transforms SOH estimation
from a mere detection of the current state into a "Fleet Learning"
mechanism. Data coming from thousands of vehicles with
similar driving profiles are used to train a single hybrid model
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[95]. In this way, when a new vehicle hits the road, it begins
SOH estimation with a hybrid model that already possesses
thousands of kilometers of aging experience. Expanding this
concept to entire vehicle fleets requires scalable algorithms
capable of synchronized state tracking across multiple battery
pack configurations without introducing massive computational
overhead. Streamlined machine-learning frameworks have been
investigated for state estimation in multi-pack electric-vehicle
battery systems [96]. Digital-twin architectures with
incremental learning have also been investigated for electric-
vehicle battery management [97].

4. Comparative Analysis of SOH Estimation Methods and
Application Challenges

The diversity of methodologies developed for SOH
estimation of lithium-ion batteries stems from the fact that each
method offers specific advantages and limitations tailored to a
particular application scenario (e.g., electric vehicles, stationary
energy storage systems, or portable electronics) [15]. The
effectiveness of the methods presented in the literature should
be evaluated through key metrics such as prediction accuracy,
computational complexity, data dependency, and real-time
feasibility [98]. This section presents a comprehensive
comparison of the techniques detailed in Section 3 and discusses
the fundamental bottlenecks encountered at the industrial scale.
Earlier surveys have organized the same methods by algorithm
family [99, 100]; the comparison below is instead organized by
the evidence and the operating constraint that govern
deployment.

4.1 Evaluation of Methods Based on Technical Metrics

Feature-based methods (ICA, DVA, EIS) are "transparent"
models in that they provide direct evidence of the battery's
internal physics. However, this transparency is balanced by the
need for high-quality and noise-free data [98]. Given that
differential approaches such as ICA and DVA are highly
sensitive to sensor noise, their implementation in low-cost BMS
hardware is challenging. These methods are generally preferred
during laboratory battery characterization or the validation
stages of new cell chemistries.

Model-based methods (EKF, UKF, PF) establish a reasonable
balance between physical significance and real-time
performance [101]. These filters, implemented using ECMs, can
track battery dynamics while requiring low processing power.
However, the accuracy of these models is strictly tied to the
precision of initial parameters and the quality of the aging law.
The greatest vulnerability of model-based approaches is that
predictions can rapidly diverge when a scenario that is not
included in the model (e.g., unexpected overheating or an
accident) occurs.

Data-driven methods (LSTMs, CNNs, Transformers)
eliminate the need to build complex physical models by
generating solutions directly from raw data. The greatest
strength of these methods lies in their ability to discover hidden

aging patterns that cannot be perceived by the human eye or
captured by simple models. However, these algorithms are
characterized as "black-box" because they cannot provide a
physical explanation for why a result was produced.
Furthermore, they carry the risk of making significant errors
when encountering battery chemistries or usage profiles not
present in the training dataset (extrapolation) [39].

4.2 Representative Evidence and Context-Aware
Comparison
Table 2 replaces generalized accuracy bands with

representative, study-specific evidence. The reported results
cannot be ranked as a universal league table because the studies
differ in chemistry, cell count, signal window, SOH label, data
split, and test domain. Their purpose is to demonstrate how
performance should be reported and interpreted.

Table 2 demonstrates why algorithm-family accuracy ranges
are misleading. A low error may reflect a narrow voltage
segment, a within-domain test, or a favorable chemistry,
whereas a higher field error may represent a more demanding
and more transferable validation. Method selection should
therefore prioritize the intended evidence level: laboratory
diagnosis, embedded estimation on a known cell, cross-cell
transfer, cross-temperature robustness, cross-chemistry transfer,
or fleet-level field operation.

Data-driven and hybrid models should be evaluated for
leakage between training and test cycles, repeated
measurements from the same cell, hyperparameter selection on
the test domain, and the absence of uncertainty calibration.
Physics-informed constraints can improve consistency, but they
do not replace external validation. A credible comparison
reports the cell identity split, chemistry, temperature and duty-
cycle range, partial-charge window, label construction, error
metric, uncertainty method, and execution hardware.

4.3 Application Challenges and Bottlenecks in the Literature

Despite the theoretical laboratory successes of the methods,
chronic problems encountered in real-world applications
threaten the accuracy and reliability of SOH estimation. These
challenges span a broad spectrum, from electrochemical
complexity to hardware inadequacies.

4.3.1 Data Quality, Sensor Drift, and Electromagnetic
Interference

Vehicle field data contain lower sampling rates, missing
frames, sensor noise, cell imbalance, state-estimation error, and
operating profiles that are absent from controlled laboratory
cycling. These effects degrade differential features and capacity
labels and can produce distribution shift for learned models [102,
103]. Liu et al.'s three-year dataset from 300 EVs illustrates that
low-SOH samples and partial, noisy operating data remain more
difficult than average test cases [102]. Filtering may improve
signal quality, but its latency and computational cost must be
reported rather than assuming a universal post-filter accuracy.
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Table 2. Representative SOH estimation evidence with validation context

Method / study Chemistry and data Validation design Reported result Computation / Deployment interpretation
uncertainty
ICA |/  voltage-capacity Commercial Li-ion cells; Within-dataset IC curve reconstructed Low-to-moderate after Physically interpretable; still

model; He et al. [48]

constant-current laboratory

charging data

validation ~ on  the
authors' own cyclically

aged cells

from a voltage—capacity
model instead of direct
differentiation,  reducing
the noise amplification
associated with raw dQ/dV
and enabling SOH
estimation ~ from  the

reconstructed curve under

smoothing; no native UQ

requires an informative, low-noise
charging segment, so the result is
tied to that segment and to these

cells

the study's laboratory
conditions
GP-ICE; Richardson et al. Oxford: 8 pouch cells; Leave-one-cell-out; Best RMSPE 0.49% GPR provides Performance changes strongly

[76] NASA: 20 cylindrical cells short galvanostatic | (Oxford) and  2.48% | predictive uncertainty with voltage window, duration, and
segments (NASA) for a 1450 s dataset
segment
EKF/UKF; Huang et al. [64] Commercial Li-ion cell; Robustness UKF outperformed EKF Embedded-feasible; Confirms  that the UKF
first-order RC equivalent | comparison under | in accuracy and | UKF requires more | advantage is model- and tuning-
circuit and a combined | unknown initial state, | convergence rate for both | model evaluations dependent, not a fixed improvement

model

current  noise, and
temperature  variation,

for both models

models, but the margin was
distinctly smaller with the
combined model; both

filters were robust to

current noise

ratio; parameter adaptation is

required on the target cell

LSTM-RNN; Liu et al. [78] Charging-process health Controlled cases; RMSE <1% in the stated Training can be heavy; Do not extrapolate this number to
indicators same discharge-current- | same-rate cases inference depends on | unseen chemistry or field operation
rate result reported model size; no native UQ
PINN; Wang et al. [84] 387 batteries, 310,705 Regular, small- MAPE 0.87% for the Physics regularization; Strong multi-dataset evidence,
samples, four datasets sample, and transfer | proposed framework training complexity | but deployment hardware was not
experiments remains the primary endpoint
Multimodal field model; Liu 300 NCM EVs monitored Vehicle-level Average MAPE 2.83%; Cloud/GPU training; Demonstrates the laboratory-to-
etal. [102] for three years train/test evaluation on | MAPE 4.69% for SOH | multimodal inputs; no | field gap and low-SOH difficulty
noisy partial-charge | <85% simple on-board
field data equivalence
EIS health indicators; Zhou et Li-ion cells; impedance Study-specific EIS-model parameters Requires High diagnostic value and a route
al. [51] spectra  acquired under | laboratory  validation | obtained directly by | excitation/measurement towards online use, but on-board
controlled measurement | across the cycling life of | geometrically fitting two | hardware; UQ method- | deployment still requires embedded
conditions the tested cells depressed semicircles in | dependent excitation and impedance-

4.3.2 Chemical Variations and the ""Flat VVoltage" Problem

Battery chemistry changes the observability of health
indicators. LFP cells exhibit a broad, relatively flat OCV-SOC
region, so small voltage bias can cause large SOC or parameter
uncertainty in that region; however, a universal conversion such
as "1 mV equals 20% SOH error" is not physically valid without
a specified OCV slope, temperature, aging state, and estimator

the intermediate-frequency measurement hardware
range, which removes the
iterative fitting step and

greatly reduces

identification cost
[104, 105]. NMC voltage profiles often provide stronger slope
information, but degradation-mode separation remains non-
unique. Robust estimation therefore combines voltage with
current, temperature, resistance or impedance, relaxation
behavior, and history, and validates transfer explicitly for each
chemistry. Unsupervised domain-adaptation results across
chemistries indicate that a model transferred without target-
domain adaptation degrades in a chemistry-dependent way
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rather than uniformly [106]. Figure 5 illustrates this
observability difference schematically; the curves are drawn
from the chemistry-dependent estimation studies cited [102,
104-106] and are not taken from a common experimental dataset.

—— NMC (High Slope - Easier SOH)
= LFP [Flat Plateau - Hard SOH)

Terminal Voltage [V]

34

30

0 20 a0 60 80 100
State of Charge (SOC) [%]

Figure 5. Schematic comparison of the voltage-profile observability
of LFP and NMC chemistries (authors' qualitative illustration, [102,
104-106]).

4.3.3 Dynamic Usage Profiles and Capacity Regeneration
(Recovery Effect)

In real-world use, batteries are not under a constant load as
they are in laboratory tests. Long periods during which an
automobile is parked or in low-current usage allow the ionic
concentration within the battery to stabilize (relaxation). During
this process, a phenomenon called "capacity regeneration™ is
observed; that is, when the battery rests for a while, its
instantaneously measured capacity shows a slight increase [107,
108]. Static SOH models may perceive this physical recovery as
the battery "rejuvenating” and produce unrealistic upward jumps
in the SOH value. This situation leads to inconsistencies in the
user's range estimation and faulty decision-making in the BMS
safety protocols [107, 108]. Modeling this phenomenon requires
a complex differential equation structure that takes into account
not only the instantaneous state of the battery but also its "rest
history"

4.3.4 Computational Cost, Memory Constraints and On-
Board Feasibility

Large CNN and Transformer models may exceed the memory,
latency, energy, and safety-assurance constraints of automotive
microcontrollers. Feasibility must be demonstrated with
parameter count, memory footprint, numerical precision, worst-
case execution time, and target hardware [109, 110]. Model
pruning, quantization, knowledge distillation, and edge-cloud
partitioning can reduce cost, but they may change corner-case
behavior and require revalidation [109, 111, 112].

4.4. Validation, Generalization, and Uncertainty

Validation claims should distinguish within-cell, cross-cycle,
cross-cell, cross-temperature, cross-duty-cycle, cross-chemistry,
external-dataset, and field validation. Randomly separating
cycles from the same cell can leak cell-specific aging

information into both training and test sets and generally
provides weaker evidence than leaving complete cells or
complete operating domains unseen. External validation should
preserve the original model and preprocessing choices;
otherwise, the exercise is adaptation rather than direct
generalization.

Point accuracy alone is insufficient for safety- and value-
critical decisions. Confidence intervals or predictive
distributions should be checked for calibration, not merely
reported.  Gaussian-process,  particle-filter, and other
probabilistic data-driven approaches can represent predictive
uncertainty, but the resulting interval or distribution must be
evaluated for empirical coverage under the intended domain [65,
66, 75, 76, 113]. For field deployment, performance should also
be stratified by SOH range, temperature, charge-window length,
sensor quality, and chemistry.

4.5 Practical Method-Selection Guidance Across Operating
Conditions

Sections 4.1-4.4 evaluate estimator families by technical
metric, representative evidence, application challenge, and
validation requirement. Table 3 consolidates this evidence into
a decision-oriented view: for each recurring operating condition
or constraint, it identifies the estimator family that is generally
preferable, the reason, and the practical caveat that must still be
managed. The guidance is directional rather than absolute, since
the best choice for a given product still depends on the specific
sensor set, chemistry, and validation evidence available.

No single estimator family is preferable across every row of
Table 3: the binding constraint of the target application —
chemistry, sensing quality, hardware budget, or the need for
interpretability and calibrated uncertainty — should drive
method selection, consistent with the deployment-oriented
framework adopted throughout this review. This decision-
oriented comparison, together with the validation hierarchy in
Section 4.4, directly informs the BMS design guidance
summarized in Section 6.

5. Future Perspectives: Limitations, Research Needs, and
Technology Maturity

Future work should be driven by limitations demonstrated in
Sections 4.3, 4.4, and 4.5. Near-term research should improve
validation transparency, sensor-fault tolerance, uncertainty
calibration, and compact embedded inference. Emerging
directions include chemistry-aware transfer learning,
multimodal field models, physics-informed learning, and edge-
cloud digital twins. Longer-term concepts include validated in-
cell sensing and autonomous health-aware control; these should
be described as research directions rather than established
capabilities. Figure 7 groups the functions discussed in this
section by that maturity level; the grouping is a qualitative
reading of the literature reviewed here and is not a quantified
technology-readiness assessment.
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Table 3. Practical method-selection guidance under representative operating conditions and constraints

Operating condition /

constraint

Generally preferable method

family

Rationale

Practical caveat

Partial charging / short voltage

window

Equivalent-circuit model-based
(EKF/UKF);
segment feature indicators (e.g.,

GP-ICE) where available

observers short-

ECM-based filters update online without a full
charge/discharge cycle; short-segment feature methods can
work, but reported error depends strongly on segment

length and dataset [76]

Accuracy reported for a full cycle does not transfer
to a shorter window; validate at the intended segment

length

Dynamic current profiles (EV

driving, regenerative braking)

Model-based
(EKF/UKF/PF)  with

filters
adapted
parameters; data-driven models

trained on matching duty cycles

Recursive filters track transient current integration;
OCV-based feature methods assume relaxed equilibrium,

which dynamic profiles disrupt [101]

Filter accuracy depends on correct parameter
identification under load; data-driven models need

training data containing the target duty cycle

High sensor noise / low-cost

Probabilistic filters

ICA/DVA differentiate the voltage curve, which

Filter performance depends on correctly specified

sensing (EKF/UKF/PF) with explicit noise | amplifies noise; filters are designed to weight noisy | noise covariance; misspecified covariance produces
covariance measurements explicitly [98] overconfident estimates
Wide temperature variation Physics-informed or These can embed Arrhenius-type temperature Requires temperature as an explicit input and
electrochemical model-based | dependence explicitly; models trained at one temperature | temperature-stratified validation, not only an
methods ~ with  temperature- | range generalize poorly outside it [34] aggregate error

dependent parameters

LFP / flat-voltage, low-

observability chemistries

Resistance- or impedance-based
indicators, or multimodal/data-
driven models; not voltage-slope

features alone

A flat OCV-SOC region removes most voltage-based
information; small voltage bias causes large uncertainty in
that region [104, 105]

Even data-driven models need explicit validation

in the low-slope region, not only an aggregate metric

Tight embedded compute /

memory budget

Feature-based (ICA/DVAJEIS)
or equivalent-circuit model-based
methods; compressed data-driven

models only if required

These have markedly lower online computational burden
than large CNN/Transformer models [109-112]

Feasibility must be demonstrated on the target
microcontroller, not assumed from a desktop

benchmark

Physical interpretability
required (warranty, certification,

root-cause)

Feature-based or
electrochemical model-based

methods

These provide a traceable link to a physical quantity; pure

data-driven models remain black-box [39]

Physics-informed hybrids restore interpretability

only for the mechanisms they explicitly encode

Calibrated uncertainty required
(safety-critical, second-life

screening)

Probabilistic approaches such as
Gaussian-process and particle-

filter methods

These natively produce a distribution or interval rather
than a point estimate [65, 66, 75, 76, 113]

The interval must be checked for empirical
coverage in the target domain; an uncalibrated
interval is as misleading as an unqualified point

estimate

Limited or unlabeled field data

Feature-based or model-based

ICA/DVA/EIS and ECM-based filters operate without

Model-based methods still need accurate initial

methods that do not require large

labeled datasets; physics-informed

hybrids when some data exist

5.1 Smart Cells and In-Cell Sensor Technologies

Terminal voltage, current, and surface temperature provide
only indirect information about internal gradients and
mechanical change. Embedded fiber-optic and related in-cell
optical sensing can add observability, but measurement
accuracy, durability, calibration drift, manufacturability, cost,
and safety must be demonstrated over cell life [114, 115]. These
sensors do not provide "100% accuracy"”; they provide
additional signals that may reduce estimation uncertainty when
fused with validated models.

The research need is therefore multimodal estimation with
traceable calibration and fault detection. Potential solutions
include sensor fusion, physics-constrained observers, self-
diagnostics, and uncertainty-aware decision rules. Technology

supervised aging labels, unlike purely data-driven models

parameterization, which itself requires some

characterization data

maturity varies: surface-temperature and terminal sensing are
established; embedded fiber-optic sensing is emerging; fully
autonomous smart cells with life-long self-calibration remain
prospective.

5.2 New Battery Regulation (EU 2023/1542) and the Impact
of Global Regulations

Regulation (EU) 2023/1542 establishes staged requirements
for battery information, durability, state-of-health-related data,
due diligence, recycled content, recycling efficiency, material
recovery, and the battery passport. The legal text should be cited
directly because implementation dates and scope vary by battery
category [12]. SOH algorithms support compliance and life-
cycle decisions, but the Regulation does not make a single
estimator or universal second-life SOH threshold legally
mandatory.
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Figure 6 presents an engineering decision sequence rather
than a legal decision rule. The displayed 80% and 60% SOH
points are illustrative thresholds frequently used in discussions
of first-life retirement and second-life screening; they are not
universal limits imposed by Regulation (EU) 2023/1542. Actual
routing to continued use, repurposing, remanufacturing, or
recycling requires application-specific performance and safety
assessment together with the applicable regulatory obligations
[11, 12].

[0 Production & Battery Passport ]
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@ eV usage (Until SOH < 80%)

- J

l

©  suitability & Safety Check

l
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<

!

[9 Recycling & Material Recovery

L

Figure 6. Conceptual circular-economy decision framework
(authors' illustration, [11, 12])

5.2.1 Mandatory Access to SOH and SOC Data

Regulatory access to battery information increases the
importance of transparent definitions, traceable calibration,
software versioning, and auditable uncertainty. A reported SOH
value should identify whether it is capacity-, resistance-, or
power-based and should retain the conditions and data history
needed to interpret it. Independent access does not, by itself,
make different manufacturers' SOH values comparable.

5.2.2 Battery Passport and Carbon Footprint

From 18 February 2027, Regulation (EU) 2023/1542 requires
a battery passport for specified categories, including EV
batteries and industrial batteries above the stated capacity
threshold. The passport is a data-access framework; the
applicable content, access rights, and implementation details
should be read from the Regulation and delegated acts rather
than inferred from a conceptual figure [12].

5.2.3 Second L.ife and Recycling Targets

Second-life suitability cannot be decided from SOH alone.
Screening should combine capacity and power capability with
insulation, fault history, thermal exposure, cell imbalance,
mechanical integrity, and the duty of the destination system.
Technical screening is also inseparable from the legal and
economic conditions of the destination application, which differ
by jurisdiction and by ownership model [116]. Regulation (EU)
2023/1542 also sets staged recycling-efficiency and material-

recovery targets; the exact target, material, date, and
denominator must be quoted directly when used [11, 12].

5.2.4 Global Standards: Euro 7 and Chinese Regulations

Euro 7 introduces staged traction-battery durability
requirements for light- and heavy-duty vehicles. These
requirements should not be paraphrased as a single universal
warranty threshold because the applicable retained-energy
values depend on vehicle category, time, and mileage.
International data-reporting and durability rules also differ in
scope and measurement definition; cross-jurisdictional
comparison therefore requires the original legal or standards
document [117].

() ESTABLISHED

in series production today

+ Ah-counting and OCV look-up

+ ECM-based Kalman observers

« Threshold capacity-fade tracking

(O EMERGING

research to early deployment

+ Deep learning (LSTM / CNN / Transformer)
+ Physics-informed learning (PINN)

+ Edge-cloud digital twins

O PROSPECTIVE

not yet validated in the field

+ In-cell and fibre-optic sensing

+ Calibrated fleet-scale uncertainty
+ Autonomous health-aware control

increasing validation and sensing requirement

v

Figure 7. Technology-maturity map of SOH estimation and battery-
management functions (authors' conceptual synthesis, [84, 93, 96,
110, 114, 115])

6. Conclusions

This structured narrative review shows that SOH estimation
is an evidence-selection problem as much as an algorithm-
selection problem. Capacity-, resistance-, and power-based
definitions are not interchangeable, and reported errors cannot
be compared without chemistry, operating conditions, SOH
labels, validation splits, and metrics.

Feature-based methods provide interpretable degradation
indicators but require informative and sufficiently clean signal
segments. Equivalent-circuit observers remain attractive for
embedded use, although parameter drift and model mismatch
require adaptation. Data-driven methods can model nonlinear
aging from partial data, but low within-domain error does not
demonstrate cross-cell, cross-temperature, cross-chemistry, or
field robustness. Physics-informed and hybrid methods are
promising when the added constraints are valid and their
computational and validation costs are reported.

No method family is universally superior. A defensible BMS
design should match the estimator to the available sensors,
chemistry, duty cycle, hardware, required update rate, and
decision risk (Table 3). It should also quantify uncertainty,
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monitor sensor and model drift, and retain a fallback strategy for
operation outside the validated domain.

The most important research priorities are transparent
validation hierarchies, external and field datasets, chemistry-
aware transfer, calibrated uncertainty, compact edge
implementation, and multimodal sensing with life-long
calibration. Regulatory and second-life decisions will
additionally require auditable SOH definitions and traceable
battery histories. Progress should therefore be measured not
only by lower laboratory error, but by reproducible performance
under unseen and safety-relevant conditions.
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