batteries

Review

Toward Trustworthy and Transferable SOH/RUL Estimation
for Lithium-Ion Batteries: A Critical Review and Multi-Fidelity

Validation Framework from Laboratory Cells to
Real-World Packs

Stefan Rizanov *, Anna Stoynova 2 and Georgy Mihov !

Academic Editor:Chris Mi

Received: 30 May 2026
Revised: 5 July 2026
Accepted: 7 July 2026
Published: 15 July 2026

Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons

Attribution (CC BY) license.

1 Department of Electronics, Faculty of Electronic Engineering and Technologies, Technical University of
Sofia, 1000 Sofia, Bulgaria

2 Department of Microelectronics, Faculty of Electronic Engineering and Technologies, Technical University
of Sofia, 1000 Sofia, Bulgaria; avstoynova@abv.bg

* Correspondence: srizanov@tu-sofia.bg

Abstract

Reliable state of health (SOH) and remaining useful life (RUL) estimation is essential for
lithium-ion battery diagnostics, prognosis, and management across cell, module, and
pack levels. Yet the reported performance metrics often remain tied to controlled cell da-
tasets, with batteries degrading due to chemistry shifts, protocol variation, temperature
changes, inconsistent and insufficient measurements, and pack-level heterogeneity. This
critical review investigates what evidence is required before an SOH/RUL estimator can
be considered trustworthy, transferable, and suitable for battery management system de-
ployment. Based on a de-duplicated classified set of 176 scientific works and a supple-
mentary evidence audit workbook, this review synthesizes model-based, machine learn-
ing, deep learning, transfer learning, physics-informed, impedance-based, thermo-
graphic, relaxation-based, and digital twin approaches through observability, robustness,
uncertainty calibration, transferability, and deployment feasibility. A compact mathemat-
ical framework formalizes the health inference, domain shift, cross-fidelity degradation,
calibrated uncertainty, and BMS-facing validation criteria. The analysis argues that de-
ployment-ready battery health intelligence should be evaluated as an evidence system
rather than as a point prediction task. The proposed multi-fidelity validation framework
links synthetic cells, controlled aging, module (pack) testing, fleet shadow operation, and
closed-loop safety-governed deployment using acceptance criteria, based on worst-do-
main error, calibration data, warning risk, and computational feasibility.

Keywords: lithium-ion batteries; state of health; remaining useful life; battery diagnostics;
battery prognosis; battery management systems; pack-level estimation; uncertainty
quantification; digital twins; validation

1. Introduction

Battery-health estimation has moved from an academic diagnostic exercise to a sys-
tems problem with direct implications for fast charging, warranty exposure, maintenance
scheduling, safety supervision, second-life rating and usefulness, and grid service availa-
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bility. In this transition, the classic distinction between state of health and remaining use-
ful life becomes operationally important. SOH is not a single universal scalar metric; ra-
ther, depending on the area of application, the relevant targeted health response may be
capacity retention, internal resistance growth, power capability, lithium active material
loss, or a composite task-specific health index. Likewise, RUL is not a fixed property of a
cell but a conditional forecast that depends on the future load conditions, ambient tem-
perature, state of charge (SOC) window, and control policy. Reviews by Berecibar et al.,
Vidal et al., Tian et al., Yao et al., and Liu et al., and later authors established this concep-
tual basis, while Severson et al. showed that early-cycle data can contain highly predictive
aging-informative signatures under controlled protocols [1-6].

The central challenge today is no longer whether a neural network, Gaussian process,
Kalman filter, or equivalent-circuit model can fit one laboratory dataset. The challenge is
whether an estimator remains credible when the operating environment changes. Real
systems experience temperature swings, current transients, rest period interruptions, bal-
ancing events, incomplete charge processes, manufacturing spread, sensor drift, and la-
beling deficiencies. Sulzer et al. argued that field data fundamentally alters the lifetime
prediction problem because labeling is often delayed due to subjective factors, operating
histories are irregular, and co-contributing factors cannot be eliminated experimentally.
The recent literature on electric vehicles, battery energy storage systems, and digital twins
confirms that the gap between cell-benchmark performance and pack-level decision use-
fulness remains large [7-13].

This conceptual review therefore takes a battery-centered deployment perspective
that aligns directly with the scope of battery diagnostics, prognosis, modeling, testing, and
battery management systems (BMSs). Rather than organizing the related literature only
by model family, it asks three linked questions. Firstly, which sensing modalities and fea-
ture spaces most effectively preserve aging-relevant information under realistic observa-
bility constraints? Secondly, which estimator families are more structurally robust to do-
main shift, sparse labeling, and cross-fidelity transfer? Thirdly, what is the minimal vali-
dation evidence that is required before an estimator may be considered trustworthy for
integration into battery management and lifecycle decision-making? Within the scope of
this work, these questions will be addressed separately in different sections; more pre-
cisely, Section 3 will discuss the topic of optimal estimator family choice, Section 5 will
tackle sensing and feature spaces, and finally, Section 7 will address estimator trustwor-
thiness criteria. In a broader sense, a generalized answer that emerges, for the questions
put forward, is that robustness is an ecosystem property that involves sensing, the model
structure, uncertainty treatment, metadata structuring, and multi-stage validation—not
simply an algorithmic choice [6,8,9,11,14].

The contributions of this review are separated into two levels: review analysis con-
tributions and author-defined conceptual synthesis contributions. Firstly, at the review
analysis level, this article provides a critical synthesis of the recent SOH/RUL estimation
literature through the lenses of deployment-oriented observability, transferability, uncer-
tainty calibration, and validation maturity. Rather than proposing a new estimator, this
work systematically aggregates and structures existing empirical evidence. Secondly, at
the conceptual-methodological level, this review formulates battery-health estimation as
a partially observed, domain-dependent, and fidelity-dependent inference problem. This
framing combines established state estimation, probabilistic inference, uncertainty quan-
tification and robust-learning concepts with the author-defined review synthesis related
to lithium-ion battery SOH/RUL assessment. Thirdly, this review operationalizes algorith-
mic trustworthiness into BMS-facing validation metrics, including worst-domain error,
coverage, warning risk, cross-fidelity degradation, and online feasibility. Fourthly, it pro-
poses a multi-fidelity validation framework that links synthetic and controlled cell-level
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evidence to module, pack, field-shadow, and closed-loop deployment stages. The novelty
status of these elements relative to the prior literature is summarized explicitly in the next
subsection.

Author-Proposed Conceptual Contributions and Relation to Prior Literature

To improve scientific transparency, this subsection distinguishes among concepts
adopted from the prior literature, literature-inspired adaptations, and author-defined con-
ceptual contributions introduced in the present review. The purpose is not to claim that
every mathematical element below is new. Several components, such as probabilistic pre-
diction, conditional uncertainty summaries, worst-domain risk, and conformal coverage,
are well established in the broader estimation, machine learning, uncertainty quantifica-
tion, and robust-learning literature. The novelty of this review lies in integrating these
elements into a battery-specific, deployment-oriented framework for trustworthy and
transferable SOH/RUL estimation across cell, module, pack, fleet, and closed-loop BMS
contexts.

Table 1 summarizes the main conceptual components of the manuscript, their litera-
ture foundation, and their degree of novelty. The labels “adopted,” “adapted,” “review
synthesis,” and “author-defined” are used consistently throughout the manuscript to clar-
ify whether a given construct is a generalization of the existing literature or a new concep-
tual proposal of the present review.

Table 1. Novelty status of the main conceptual contributions of this review.

Based on prior SOH/RUL,
BMS, field-data, and digital- Review-analysis contribution
twin studies

Deployment-oriented
review synthesis

Adapted from battery state
estimation, probabilistic re-
gression, and uncertainty-
quantification literature

Observable-state and
probabilistic
SOH/RUL framing

Literature-inspired adaptation

Synthesizes capacity, RUL,
Task-dependent power capability, and
health-target vector safety-margin concepts usu-
ally treated separately

Author-defined synthesis construct

Inspired by physics-in-
formed learning, robust
learning, and conformal un-
certainty methods

Robustness, calibra-
tion, and worst-do- Adapted and integrated framework

main validation logic

Cross-fidelity degra- Motivated by battery test-

dation and BMS-fac-  ing, validation standards, Author-defined validation framework
ing validation gates and deployment constraints

Multi-fidelity valida-

tion roadmap from  Builds on digital-twin and Author-proposed conceptual frame-
cells to packs and battery-validation literature work

field operation

This review does not attempt to exhaustively summarize all SOH/RUL estimation
algorithms. Instead, it focuses on the evidentiary conditions under which such algorithms
can be considered trustworthy and transferable across sensing modes, operating domains,
and fidelity levels. The subsequent sections are organized to address the three research
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questions introduced above, progressing from observability and estimator design to de-
ployment-oriented validation and digital twin readiness.

2. Review Protocol, Set Classification, and Evidence Synthesis Logic
2.1. Review Design and Research Question

This study is structured as a critical conceptual review utilizing a rigorous, reproduc-
ible classification protocol. It deliberately eschews a statistical meta-analysis, as the com-
piled SOH/RUL literature exhibits substantial heterogeneity regarding cell chemistries,
form factors, aging protocols, sensing configurations, target definitions, validation splits,
data availability, and reporting completeness.

Instead, this review employs evidence mapping to systematically determine the reg-
uisite validation criteria for evaluating whether an SOH/RUL estimator is sufficiently
trustworthy, transferable, and robust for deployment within vehicle- or grid-level battery
management systems (BMSs). Consequently, the central research question of this study is
formulated as follows: what empirical evidence is required to substantiate claims that a
lithium-ion battery SOH/RUL estimator remains trustworthy and transferable when scal-
ing from controlled laboratory-cell environments to module, pack, vehicle, stationary stor-
age, or fleet-level operations? This inquiry is systematically examined through five dis-
tinct analytical lenses: aging observability, robustness against realistic operational varia-
bility, cross-domain and multi-fidelity transferability, uncertainty quantification and cal-
ibration quality, and BMS-facing deployment feasibility.

2.2. Set Construction and Supplementary Evidence Audit

The final de-duplicated dataset consisted of 176 scientific and technical publication
records, including peer-reviewed journal articles, high-quality conference papers, tech-
nical reports, industry standards, dataset publications, software repositories, and selected
recent preprints that provided relevant evidence for lithium-ion battery-health estimation,
prognostics, validation, or deployment. Of these records, 156 were published from 2020
onward and 108 appeared in 2023 or later, reflecting the rapid expansion of research on
machine learning(ML), trustworthy Al physics-informed estimation, field-data learning,
and digital-twin-enabled battery diagnostics.

The research dataset was derived from an initial working set of 183 records before
de-duplication. During the submission-clean audit, six duplicate or associated non-publi-
cation items were segregated from the primary corpus and documented in Supplementary
Table S1. The final main block therefore reports 176 de-duplicated publication records.
Associated code or software repositories were retained only as traceability artifacts and
were not counted as separate publications.

The full set classification and evidence-audit workbook are provided in Supplemen-
tary Table S1, tracking bibliographic metadata, source types, diagnostic modalities, esti-
mator families, validation fidelities, variability regimes, trustworthiness dimensions, de-
ployment contexts, evidence roles, classification confidence metrics, and figure/table
traceability. The supplementary file therefore functions as an audit trail connecting the
review synthesis to the underlying evidence base.

2.3. Eligibility, Classification Axes, and Evidence Scoring

Records were screened in two stages. Titles, abstracts, keywords, and metadata were
first used to remove clearly irrelevant studies. Full texts or source records were then as-
sessed if they contributed to SOH/RUL estimation, battery diagnostics, aging observabil-
ity, transferability, uncertainty, validation methodology, pack-level analysis, field-data
prediction, BMS implementation, or digital-twin architectures. Sources were retained
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when they addressed realistic operating variability, transfer across chemistry or protocol,
sparse observability, scaling from cells to modules or packs, mechanistically meaningful
diagnostics, uncertainty-aware or interpretable estimation, or deployment-oriented vali-
dation.

Each retained source was classified along five primary axes: diagnostic modality, es-
timator family, validation fidelity, variability mode, and trustworthiness dimension. Di-
agnostic modalities included raw electrical curves, partial-charge features, incremental
capacity analysis (ICA), differential voltage analysis (DVA), electrochemical impedance
spectroscopy (EIS), distribution of relaxation times (DRT), relaxation-voltage descriptors,
thermal or thermographic features, metadata, and multimodal fusion. Estimator families
included model-based estimation, equivalent circuit models (ECMs), electrochemical
models, feature-based ML, Gaussian process and Bayesian methods, deep sequence learn-
ing, transfer learning, domain adaptation, physics-informed learning, hybrid estimators,
uncertainty-aware methods, and digital-twin architectures.

To avoid mixing methodological levels, a distinct “methodological role” axis was es-
tablished to differentiate among estimator families, system-level architectures, and cross-
cutting trustworthiness layers. Estimator families include model-based estimation, equiv-
alent-circuit and electrochemical models, feature-based machine learning, Gaussian-pro-
cess and Bayesian prediction models, deep sequence learning, transfer learning, domain
adaptation, physics-informed learning, and hybrid estimators. Digital twins were coded
as system-level architectures because they integrate models, data streams, validation arti-
facts, updating logic, and operational feedback rather than constituting a single SOH/RUL
estimator family. Uncertainty quantification, calibration, out-of-distribution (OOD) detec-
tion, interpretability, and trustworthy-Al methods were coded as cross-cutting trustwor-
thiness layers because they can be applied on top of several estimator families and de-
ployment architectures.

Because direct numerical comparison across heterogeneous studies would be mis-
leading, evidence synthesis was performed using a conservative ordinal assessment ra-
ther than a pooled meta-analysis. The ordinal scores used in the comparative tables are
not measurements of algorithmic performance and are not rankings of individual papers.
They are evidence-maturity judgments assigned to method families, sensing modalities,
system architectures, or trustworthiness layers.

To reduce subjectivity, each score was assigned according to three criteria: the
breadth of supporting literature, the realism of the validation conditions, and the con-
sistency of reported behavior across studies. A score of 1 indicates weak or mostly con-
ceptual evidence; 2 indicates preliminary evidence, typically limited to narrow datasets
or controlled examples; 3 indicates moderate evidence across several studies but with in-
complete transfer, uncertainty, or deployment validation; 4 indicates strong evidence un-
der multiple operating conditions or external holdouts; and 5 indicates deployment-ori-
ented evidence involving realistic variability, pack- or field-facing evaluation, calibrated
uncertainty, or explicit BMS feasibility constraints. When evidence was mixed, the lower
score was assigned unless strong independent evidence supported the higher level.

The scores should therefore be interpreted as conservative review-level comprehen-
siveness indicators. They summarize how convincingly the literature supports a given
capability, not how well a single algorithm performs on a particular benchmark. This scor-
ing policy was applied consistently across estimator family, diagnostic modality, and val-
idation readiness comparisons. Table 2 shows the evidence maturity scoring rubic.
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Table 2. Evidencematurity scoring rubric used in the review-level comparative assessment.

Deployment-oriented

Extensive evidence including transferability, uncertainty evaluation, and
deployment-relevant validation

1  Weak Limited evidence; isolated studies or poorly validated claims

2 Preliminary Early evidence with restricted validation scope

3 Moderate Consistent evidence across multiple studies under controlled conditions
4  Strong Robust evidence across different operating conditions and datasets
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The main manuscript cites the sources most directly used in the narrative synthesis,
while additional classified records are retained in Supplementary Table S1 to document
the evidence map, research set composition, and methodological traceability.

2.4. Protocol Limitations

The term “reproducible” is used here to indicate the transparency of search logic,
eligibility criteria, set coding, evidence scoring, and synthesis rules rather than the statis-
tical reproducibility of pooled data. While the protocol improves auditability, it does not
claim PRISMA-level exhaustiveness. Furthermore, the classification involves expert judg-
ment—especially for studies spanning multiple estimator families, diagnostic modalities,
or validation regimes, and remains limited by incomplete reporting in the primary litera-
ture.

Figure 1 summarizes the final de-duplicated dataset by publication year and meth-
odological family. It should be interpreted as an evidence map overview rather than as a
pooled meta-analytic dataset.

B Transfer/domain adaptation

71 W Model-based/filtering B Physics-informed/hybrid
B Feature ML

[ uQdigital twin

I Deep sequence models I Standards/data/other

F -5 |

2007

p—
2011

2012
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Publication year

Figure 1. Publication timeline of the final de-duplicated research set.

Figure 1 shows the temporal expansion of the de-duplicated evidence corpus and the
diversity of the methodological families. The sharp growth after 2020 confirms that esti-
mator design, transfer learning, uncertainty-aware methods, digital twins, and deploy-
ment-oriented validation have advanced rapidly, while shared validation standards for
robustness, calibration, and cross-fidelity transfer remain less mature.

Before comparing estimator families and sensing modalities, it is also necessary to
establish a consistent vocabulary for the main targets, assumptions, and realism con-
structs used throughout the review. Table 3 therefore defines the core concepts adopted
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in the paper, including SOH, RUL, observability, deployment domain, fidelity level, real-
istic variability, trustworthiness, transferability, and BMS-facing validation.

Table 3. Definitions and realism constructs used in this review.

Capacity retention, power fade, resistance growth, or Single scalar SOH is often insufficient for fast-
SOH target e . -
task-specific health index charge, thermal, or power-limited use cases.

Time/cycles/throughput until an application-specific = RUL depends on duty cycle, ambient condi-

RUL target end-of-life threshold tions, and remaining control policy.

Temperature, C-rate, SOC window, rest, current transi-

Realistic varia- . . .
ents, aging path, chemistry, manufacturing spread, bal-

High laboratory accuracy under a narrow pro-

bility ) tocol rarely implies field robustness.
ancing state
. Full cycling data, partial charge windows, relaxation . .
Observability . yems P & . Estimator choice should be matched to observ-
. snippets, EIS sweeps, sparse pack sensors, maintenance . )
regime ability rather than benchmark convenience.

labels

Evidence does not transfer automatically

Validation unit Cell, module, pack, vehicle/fleet, or digital twin .
across fidelities.

Trustworthi- Calibration, drift awareness, OOD detection, interpret- Accuracy without quantified risk is insuffi-
ness target able failure modes, rollback-safe integration cient for safety-relevant BMS decisions.

Table 3 is not only a definitional aid. It clarifies why apparently similar SOH/RUL
studies may lead to different conclusions when their targets, sensing assumptions, vali-
dation units, and deployment domains differ. By making these assumptions explicit, the
table supports the main methodological argument of this review: trustworthy battery-
health estimation requires alignment between the claimed health target, the available ob-
servability, the validation fidelity, and the operational decision context.

3. Mathematical Framing for Trustworthy and Transferable
SOH/RUL Estimation

For Batteries readers, the central issue is not whether SOH/RUL can be predicted in
principle, but how the inference framework for the battery state should be formulated
under partial observability, domain shifting, and implementation constraints. A realistic
SOH/RUL estimator must handle three coupled mismatches. The first is a physics-to-sig-
nal mismatch: degradation mechanisms such as loss of lithium inventory, loss of active
material, impedance growth, gas formation, and thermal non-uniformity are only par-
tially observable in terminal voltage, current, temperature, or sparse auxiliary diagnostics.
The second is a domain mismatch: laboratory protocols sample only a small part of the
operating dynamics encountered in real-world applications. The third is a fidelity mis-
match: evidence obtained from single cells does not automatically transfer to modules,
packs, or fleets [2,6,8-11,14-16].

These mismatches imply that SOH and RUL should be framed as partially observed,
context-dependent inference problems. Capacity-based SOH remains useful, but it is not
always sufficient for the deployment decisions that are critical for readers of Batteries. Fast-
charge de-rating, power limitation, thermal risk management, balancing policy, and
maintenance scheduling often depend at least as much on resistance growth, power capa-
bility, and uncertainty margins as on nominal capacity. Any review that seeks deployment
relevance should therefore formalize battery health in a way that accommodates multiple
task-dependent targets [2,6,17-20].

The literature also shows that ‘realistic variability’ is not one variable but a hierar-
chical structure. At the lowest level are controlled perturbations of temperature, current,
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SOC window, or rest time. At higher levels are chemistry changes, manufacturer differ-
ences, calendar-and-cycling interaction, sensor degradation, pack thermal gradients, con-
trol-policy shifts, and user-dependent duty cycles. A transferable estimator is one whose
useful representation survives at least part of this hierarchy. Accordingly, the equations
below should be read as compact review synthesis formalizations. When an expression is
adapted from an established literature stream, the source is cited explicitly; when an ex-
pression is introduced in this review, that is stated directly [7-13,21-23].

The novelty status of the mathematical components introduced in this section is sum-
marized in Table 1.Accordingly, equations derived from established probabilistic, robust
learning or uncertainty quantification principles are identified as adopted or adapted,
whereas the battery-specific validation indices, deployment gates, and multi-fidelity syn-
thesis framework are identified as author-defined review contributions.

3.1. State, Observability, and Context

A review paper does not need to impose one universal battery health model, but it
should define the minimum mathematical protocol that an estimator must satisfy. Let x:
denote the observable diagnostic state assembled from the sensing stack that is actually
available in practice, including current, voltage, temperature, occasional impedance meas-
urements, relaxation signatures, and metadata on the operating regime. Equation (1)
adopts an augmented observable-state notation adapted from state and parameter esti-
mation formulations used in model-based battery diagnostics and joint SOC/SOH estima-
tion [14-16].

Xy = [IO:thO:t!TO:t'Zt!Rt'mt] (1)

where I, V, and T are the time histories of current, voltage, and temperature up to time t,
Z; denotes EIS-derived descriptors when they are available, R, denotes relaxation/rest-
response descriptors, and m, denotes contextual metadata such as chemical composition
specifics, SOC window, pack topology, cooling mode, and age history. The health target
is not necessarily a single scalar but a task-dependent latent vector.

Equation (2) is a review synthesis target vector introduced here to unify capacity,
remaining life, power capability, and safety margin perspectives that are often discussed
separately in battery health and PHM reviews; it is not transcribed verbatim from one
prior paper [2,6,24].

¥: = [SOH¢, RULy, Py, S;]T 2)

where P.can represent power capability and Sican represent a safety-relevant state or
margin. This formulation is particularly relevant for Batteries because many deployment
failures arise when capacity-centered SOH metrics are used outside the application for
which they were validated. However, Equation (2) defines a target space rather than a
claim of full online observability. In practice, each component of the vector must be ac-
companied by an explicit statement of its sensor regime, identifiability status, and valida-
tion evidence. For example, capacity-related SOH may be partially identifiable from re-
peated partial-charge or reference events, resistance and power capability may be proxy-
identifiable from current-voltage—temperature transients, RUL is a conditional forecast
rather than a directly measured state, and safety-relevant indicators are usually inferred
through conservative anomaly or warning indicators rather than uniquely estimated as
physical degradation modes.

Practical Identifiability Under BMS Sensor Constraints

Not all latent degradation dimensions are directly observable within practical battery
management systems. The multidimensional health vector in Equation (2) should not be
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interpreted as implying that all battery health components are simultaneously observable
from every sensing configuration. In a production BMS, the routinely available measure-
ments are typically pack or cell-group current, terminal voltage, limited temperature
channels, balancing information, time stamps, SOC estimates, and operational metadata.
Direct measurements of capacity loss, loss of lithium inventory, loss of active material,
charge-transfer resistance, lithium plating, gas formation, or spatial thermal non-uni-
formity are generally not available during normal operation. Therefore, the proposed
health vector should be interpreted as a decision-target space, whose individual compo-
nents have different degrees of practical identifiability depending on the sensor stack, op-
erating excitation, validation fidelity, and intended BMS decision.

In this review, a component of the health vector is considered practically identifiable
under a sensor set S only when it can be estimated with bounded error, calibrated uncer-
tainty, and acceptable robustness on the relevant deployment domain. Components that
can influence the measurements but cannot be uniquely separated from other degradation
or operating effects are treated as proxy-observable rather than directly identifiable. Com-
ponents that require external reference tests, service-bay diagnostics, EIS/DRT, thermog-
raphy, or destructive/post-failure analysis are not considered directly identifiable from
standard online BMS data.

Table 4 summarizes the practical observability of the main health vector components
under typical BMS sensing constraints.

Table 4. Practical observability of the main healthvector components.

Capacity-related SOH

Partially identifiable when repeated Reliable only when operating windows con-
charge/discharge windows or refer- tain sufficient aging information; otherwise,
ence events exist uncertainty should be widened

Resistance/power capability

Proxy-identifiable from voltage re- Useful for power limitation and derating, but
sponse, current transients, SOC, and strongly confounded by temperature, SOC,
temperature and pulse history

RUL

Should be reported as a predictive distribution
conditional on future duty cycle, temperature,
SOC window, and control policy

Not directly observable; condition-
ally forecastable

Safety-relevant margin

Weakly proxy-observable from ab- Suitable mainly for conservative warning
normal voltage, temperature, imbal- logic, OOD detection, and fallback decisions,

ance, or residual patterns not precise mechanism identification
Mechanistic degradation modes, Requires auxiliary diagnostics such as
e.g., LLI, LAM, charge-transfer re-Generally not uniquely identifiable ICA/DVA, EIS/DRT, relaxation tests, thermal
sistance, diffusion limitation, LI = from standard BMS data alone imaging, reference capacity tests, or post-mor-

plating

tem evidence

3.2. Probabilistic Estimator and Uncertainty

Under realistic variability, the estimator should be defined as a conditional predictive
distribution rather than as a deterministic point map. This makes uncertainty, confidence
bounds, and calibration first-class outputs rather than optional post-processing. Equation
(3) follows the standard probabilistic regression formulation used in predictive uncer-
tainty and probabilistic forecasting [25,26].

Po(ye | x¢,d, h) ®)

In this notation, d denotes the deployment domain, including chemistry, manufac-
turer, thermal environment, control policy, and user behavior, while h denotes the fidelity
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level of the evidence used to train or validate the model. A practical point estimate and its
uncertainty summary can then be written as Equation (4), which uses the standard condi-
tional mean and conditional variance summaries of the predictive distribution in Equation

(3) [25,26].
Ve = E[ye | xi,d,h], U = Var[y, | x,d,h] (4)

This simple probabilistic framing clarifies a central message of the review: an estima-
tor cannot be called trustworthy if it reports only a point value but offers no information
about confidence, sensitivity to domain shift, or the expected width of the error under
sparse sensing.

3.3. Robustness, Transferability, and Physics Consistency

Robust deployment of battery prognostic models requires more than achieving high
predictive accuracy on a specific dataset. In a practical application, models are expected
to operate under varying temperatures, duty cycles, charging strategies, aging histories,
battery chemistries, and sensor configurations. Consequently, robustness should be un-
derstood not only as resistance to measurement noise but also as the ability to maintain
acceptable performance under operational variability and domain shift.

Transferability has therefore emerged as a critical requirement for next-generation
SOH and RUL estimation frameworks. A model developed using one battery chemistry,
operating profile, or testing protocol should ideally preserve its predictive capability
when applied to related but previously unseen conditions. However, successful transfer
cannot be evaluated solely through prediction error metrics. Low prediction error does
not necessarily mean that the learned representations remain physically meaningful or
reliable outside the original training domain.

For battery prognostics, transferability should be accompanied by physics con-
sistency. Physics consistency refers to the extent to which model predictions and learned
representations remain compatible and physics-informed in relation to established degra-
dation mechanisms and electrochemical behavior. This requirement is particularly im-
portant for machine learning and deep learning approaches, where latent representations
may capture statistical correlations that do not necessarily correspond to physically plau-
sible degradation processes.

Several practical criteria may be considered when evaluating the physical con-
sistency of transferred representations:

¢  Monotonicity consistency: estimated SOH should not exhibit systematic improve-
ment during progressive aging unless a physically justified explanation exists.

e  Temperature consistency: degradation trends should remain compatible with known
temperature-dependent aging mechanisms.

e Impedance consistency: health indicators should exhibit physically plausible rela-
tionships with resistance growth and impedance evolution.

¢  Relaxation consistency: features derived from voltage relaxation analysis should re-
main compatible with expected diffusion and relaxation dynamics.

e  Uncertainty consistency: predictive uncertainty should increase when models oper-
ate outside their validated domain rather than remaining artificially overconfident.

The proposed criteria do not constitute a formal framework but provide practical
indicators for assessing whether transferred knowledge remains physically credible. Their
importance becomes increasingly evident when models are deployed across different
chemistries, manufacturers, or operating environments, where purely statistical transfer
may result in negative transfer and reduced reliability.
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The learning or inference objective should balance nominal accuracy with robustness
across domains, agreement with basic battery physics, and uncertainty calibration. A com-
pact review-level objective can therefore be expressed as Equation (5). This objective is
proposed here as a review synthesis formulation; it is inspired by physics-informed bat-
tery estimation and hybrid learning studies [27-34] together with worst-group/domain-
robust learning formulations [35], rather than taken verbatim from a single source.

In the notation below, calligraphic symbols denote review-level mathematical ob-
jects: ] is an objective functional, H is the set of fidelity levels, D denotes data distributions
or deployment-domain sets, L is a loss function, and R,,pis a robustness-risk functional.
They are used for compactness and do not introduce new battery-specific operators.

J(0) = Yf_1anExy)-p,

[ L(}’;fe(X, d: h)) ]
+ Aphysﬂphys + )lcalﬂcal + Atrﬂtr (5)

The first term aggregates prediction loss across the fidelity ladder. 2, spenalizes
physically implausible behavior, such as non-monotonic long-horizon aging trends or in-
consistent coupling between resistance growth and power fade. 2, penalizes miscali-
brated predictive intervals. £ penalizes poor transfer across chemistries, protocols, or
sensing stacks. In conceptual terms, this means that a model with the lowest average error
on one cell dataset is still suboptimal if it fails under temperature shift, partial charging,
or pack heterogeneity.

The weighting coefficients in Equation (5) should not be interpreted as universal con-
stants. They are application-dependent hyper parameters that determine the operational
behavior of the estimator and should therefore be selected according to the deployment
objective, sensing regime, and acceptable risk level. In practice, their role is to encode the
relative importance of nominal prediction accuracy, physical plausibility, uncertainty cal-
ibration, and transfer robustness.

A practical coefficient selection procedure can be organized in three steps. The first
step is to define that safety-critical and physically mandatory requirements should be
treated as constraints rather than as weak penalties. For example, implausible long-term
aging trends, violation of known voltage, temperature, or power limits, and unsafe warn-
ing behavior should not be compensated by a lower prediction error. As a second step,
the remaining weights should be selected using validation domains that are separated by
cell, protocol, temperature, chemistry, or fidelity level, rather than by random cycle-level
splits. As a third and final step, the selected coefficient set should be subjected to sensitiv-
ity analysis to determine whether the estimator remains stable when the relative weights
are perturbed.

For practical use, the prediction-loss weight may dominate in controlled laboratory
benchmarking, whereas the physics-consistency and calibration weights should increase
when extrapolation outside of the training protocol is expected. The transfer robustness
weight should increase when the estimator is intended for cross-chemistry, cross-temper-
ature, cross-protocol, or cell-to-pack deployment. Conversely, if the estimator is used only
within a narrow and well-characterized operating domain, the transfer penalty may be
lower, provided that the deployment boundary is explicitly stated. Thus, Equation (5) has
to be understood and used as an operational template whose weights must be selected,
validated, and reported together with the intended BMS use case. Table 5 shows a practi-
cal guidance for selecting the weight coefficients of the previous numerical description.
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Table 5. Practical guidance for selecting the weighting coefficients in Equation (5).

Prediction loss

Controlled datasets, narrow operating win- Tune for lowest validation error only
dows, benchmark comparison after leakage-safe splits

Physics-consistency penalty

Treat severe physical violations as con-

Extrapolation, sparse labels, long-horizon . ! . .
straints; tune mild violations as penal-

RUL, hybrid or physics-informed models

Calibration penalty

RUL intervals, maintenance planning, war- Select using coverage error, interval
ranty, safety-related decisions width, and risk-conditioned validation

Transfer-robustness penalty

Tune on external domains or worst-do-
Cross-temperature, cross-protocol, cross-

in validati her th 1 -
chemistry, cell-to-pack, or field deployment main validation rather than pooled av

erage error

Computational/deployment pen- Embedded BMS implementation, limited = Enforce latency, memory, and sensing

alty, if included

memory, real-time inference constraints as deployment gates

A complementary deployment-oriented notion of robustness is the worst-domain
risk. Equation (6) adapts the worst-group or worst-domain risk idea from distribution-
robust learning to the deployment-domain setting considered here [35].

Riop(0) = maxgiy D_deploy E[LO, fo(x,d,h)) | d] (6)

where D_deploy denotes the set of anticipated deployment domains, including different
battery chemistries, operating temperatures, usage patterns, and aging trajectories; L is
the prediction loss function; and fy represents the prognostic model parameterized by 6.

Equation (6) quantifies the largest expected prediction error across all relevant de-
ployment scenarios and does not rely solely on pooled test-set performance. This perspec-
tive is particularly relevant for battery applications because engineering acceptability is
often determined by the most challenging operating condition rather than by average-
case behavior. A prognostic model exhibiting low mean prediction error may still be un-
suitable for deployment if substantial performance degradation occurs under extreme
temperatures, fast charging conditions, or previously unseen aging pathways.

From a trustworthiness perspective, worst-domain risk complements conventional
accuracy metrics by explicitly accounting for robustness under domain variability and
transfer conditions. Together, Equations (5) and (6) highlight that trustworthy SOH and
RUL estimation requires the balancing of predictive performance, uncertainty awareness,
computational feasibility, transferability, and robustness to deployment-domain shifts.

Future trustworthy battery prognostic systems are therefore expected to evaluate
transferability not only through prediction accuracy but also through physics consistency,
uncertainty calibration, and robustness under domain variability. Such a perspective es-
tablishes a stronger foundation for deployment-oriented SOH and RUL estimation and
directly supports the development of trustworthy battery digital twins and multi-fidelity
validation frameworks. The practical implications of observability limitations, domain
shift, failure modes, continual adaptation, and deployment-oriented validation are dis-
cussed in Section 6.

3.4. Multi-Fidelity Validation Criteria

The proposed multi-fidelity roadmap can also be written in quantitative form. Let h
=1, 2, 3, 4 represent laboratory cells, variability-enriched cell studies, module or pack test
benches, and field or fleet deployment, respectively. A transferable estimator should con-
trol performance degradation between adjacent fidelity levels. Equation (7) is introduced
in this review as a compact cross-fidelity degradation index motivated by staged valida-
tion and battery digital-twin road-mapping studies [8-10,12,36].
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Apoher = E[Lpg1] — E[Ly] (7)

Small values ofAy,_,+; indicate that the learned representation survives the transition
from controlled evidence to more realistic evidence. Trustworthiness also requires cali-
brated coverage. For a target tolerance ¢ and nominal confidence 1 — p, a deployment-
ready estimator should satisfty Equation (8). This inequality is an author-defined deploy-
ment acceptance criterion inspired by tolerance- and threshold-based logic in battery test-
ing standards and validation manuals[17-20].

Pr(|[SOH — SOH| < e5on) = 1 — 1 (8)

Pr(RUL in C,(x,)) = o )

where C,(x;) is a predictive interval or set for RUL at coverage level . Equation (9)
adopts the standard predictive-set coverage guarantee used in conformal prediction and
distribution-free uncertainty quantification [37]. These criteria are deliberately generic:
they can be implemented with Bayesian models, ensemble methods, conformal predic-
tion, Gaussian processes, physics-informed filters, or hybrid digital twins. Their value in
a review article is not algorithmic specificity, but a shared language for comparing evi-
dence across Batteries-relevant studies [36—40].

Taken together, Equations (1)—(9) formalize the central thesis of this review: trust-
worthy and transferable battery-health estimation is not defined by point accuracy alone,
but by observability-aware inference, cross-fidelity stability, physical plausibility, and cal-
ibrated uncertainty under realistic operating variability.

3.5. BMS-Facing Metrics and Deployment Readiness Rules

From a battery management perspective, the mathematical framing becomes sub-
stantially more actionable when it is translated into quantities that a battery management
engineer can audit, threshold, and compare across fidelity levels. Equation (10) uses the
conventional signed-error notation employed throughout estimation and prognostics
studies and is included here for notation completeness [6,14].

e = SOH, — SOH,, e}V = RUL, — RUL, (10)

Let ef%" and efU'be the signed health-estimation errors. A deployment-oriented
validation vector can then be defined for each fidelity-domain pair (h,d) as Equation (11).
This vector is a review synthesis construct proposed in this paper, combining accuracy,
calibration, warning risk, and computational criteria motivated by battery management
and trustworthy Al requirements [11,17-20,36,37,39,40].

m(h‘d) (9) = [MAE, RMSE, ICE, Ah—>h+1' FAR, MDR, tinf’ Cmem] (11)

where ICEg(h,d) = |Pr (y in Cg(h, d)) — Blis the interval-coverage error, FAR is the false-

alarm rate for health-warning logic, MDR is the missed-detection rate, t;,¢ is online infer-
ence latency, and ¢y, is memory or implementation burden. This notation makes ex-
plicit that a model may look accurate in offline benchmarking while still being unsuitable
for BMS deployment because it is poorly calibrated, computationally heavy, or too risky
in warning decisions.

A compact deployment rule may therefore be written as Equation (12). This deploy-
ment gate is an author-defined hard-threshold acceptance rule inspired by standards-
based acceptance thinking and BMS-oriented go/no-go criteria [17-20].

A(0) = liff maxgygq) ionD_deploymE]}id) < 1

Jin Jharg (12)
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with additional soft objectives for average performance and interpretability. In words, an
estimator is deployment-ready only if it clears predefined thresholds not merely on
pooled average error, but on the worst relevant fidelity-domain combinations. This is es-
pecially important for cell-to-pack transfer, where pack thermal gradients, balancing be-
havior, sparse sensing, and partial windows can create failure modes that are invisible in
cell-level random splits.

To translate the methodological discussion into deployment-oriented evaluation
logic, Table 6 summarizes the BMS-facing validation metrics and acceptance criteria that
determine whether an SOH/RUL estimator is credible for practical usage.

Table 6 makes explicit a weakness that remains widespread in the literature: valida-
tion is still too often treated as a retrospective reporting exercise rather than as a forward-
looking deployment filter. In many published studies, estimators are judged almost ex-
clusively by MAE, RMSE, or correlation metrics, even though these quantities say little
about whether the model can be trusted when sensing becomes sparse, operating regimes
drift, or decisions must be taken under asymmetric risk. The metrics assembled in Table
6 challenge this narrow-view practice by framing validation as a multi-criterion ac-
ceptance problem [11,17-20,36,37,39,40].

Figure 2 shows a BMS-facing acceptance gate diagram for SOH/RUL estimators, il-
lustrating the translation of the deployment validation vector into sequential pass/no-pass
rules. An estimator should proceed to shadow operation or closed-loop BMS implemen-
tation only when all validation gates are fully satisfied; otherwise, the required corrective
action involves revalidation, recalibration, supplementary safeguards, sensing enhance-
ments, or model simplification.

BMS-facing acceptance gate for SOH/RUL estimators

@A 1)

. . m Gate 1: Domain-separated accuracy Valldationlvectogicomponents
= Candidate estimator Of . | __1 « worst-domain error
> SOH/RUL point estimate Worft-d.omaln SOH/RUL error below * coverage error
@ + predictive interval application tolerance * FAR/MDR
\ S/ * latency

* memory
* sensor burden

@ Gate 2: Calibrated uncertainty

® o
i— _i Coverage error bounded; interval
width decision-useful

ANY GATE l
FAIL
= m Gate 3: Warning risk + OOD
False alarms, missed detections, —_

drift alarms and abstention rules bounded ALL GATES

L /" pass ACCEPT

v Shadow operation or

closed-loop use under
REWORKADERER {é} D cste 4: Embedded feasibility

f\ risk-aware thresholds
Expand validation domains,
: ) Latency, memory, sensors, traceability

recalibrate intervals, add
safeguards, simplify model and rollback satisfy BMS constraints

or improve sensing \ J

Figure 2. BMS-facing acceptance gates for SOH/RUL estimators

Table 6. BMS-facing validation metrics and deployment readiness gates.

Worst-domain health max_dMAE_d or max_dRMSE_d

error

Avoids hiding failure in diffi-
cult chemistries, tempera-
tures, or pack states

Must remain below applica-

across relevant domains tion-specific SOH tolerance

Cross-fidelity degra-
dation

Delta_(h—h +1)=E[L_(h+1)] -

Quantifies loss when moving No sharp performance col-
from cell data to mod- lapse between adjacent fi-

E[L_h
[L_h] ule/pack/field evidence delity levels
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Ensures uncertainty intervals Coverage error bounded by

Coverage/calibration | Pr(y in C_beta(x)) — betal
ge/ by —beta(x)) mean what they claim a predefined margin
Prevents excessive false
L FAR and MDR for threshold-trig- . Both rates bounded for criti-
Warning risk alarms or missed dangerous ..
gered health alarms . cal decisions
degradation

. . . Determines whether the esti- ~ Must satisfy runtime,

. o t_inf, memory footprint, and sensing L .
Online feasibility mator can run inside or ~ memory, and sensor-availa-

burden , . .
alongside the BMS bility constraints

3.6. Chapter Synthesis

As concluding remarks to this section, it is important to note that this chapter ad-
dressed one of the main paradigm questions: how can estimator robustness be defined
under domain shifts? It is conjectured and formalized that robustness can be quantita-
tively defined by considering the application domain, cross-fidelity stability, physical
plausibility, and calibrated uncertainty under realistic operating variability. Defining the
deployment readiness of a given system or estimator necessitates a carefully considered
approach to weighting and prioritizing accuracy, uncertainty calibration, computational
feasibility and transferability.

4. Estimator Families Under Realistic Variability

Pure model-based approaches remain attractive because they explicitly encode elec-
trochemical or equivalent-circuit structures.

Extended Kalman filtering, particle filters, and dual-estimation schemes can jointly
infer states and slowly varying parameters, especially when embedded within an ECM or
reduced-order physics models. Their main strengths include physical consistency, low
online computational burden, and transparency of state evolution. Conversely, their pri-
mary weaknesses are weak parameter identifiability under sparse sensing, sensitivity to
model mismatch, and difficulty in representing heterogeneous aging paths without fre-
quent recalibration. For this reason, purely mechanistic approaches still play an important
role in constrained systems; however, they are rarely sufficient as standalone, robust esti-
mators under wide operating variability [14-16,41,42].

Feature-based machine learning expanded the field by exploiting observable de-
scriptors, extracted from charge or discharge curves, incremental capacity peaks, differ-
ential voltage signatures, resistance estimates, entropy-like indicators, or handcrafted sta-
tistical summaries. This family includes support vector regression, random forests, gradi-
ent boosting, Gaussian process regression, sparse Bayesian models, and shallow neural
networks. Their advantages include a strong performance with a modest data volume and
relatively simple deployment when the feature pipeline is stable. However, feature stabil-
ity itself is often conditional and dependent upon protocol alignment. ICA and DVA are
informative but their peak positions, amplitudes, and smoothness vary with charge/dis-
charge rates, temperature, and data preprocessing. Models trained exquisitely on ideally
aligned laboratory curves can therefore fail when transferred to partial-charge field win-
dows or to cells with different underlying kinetics [43—49].

Deep sequence models—such as convolutional networks, recurrent networks, tem-
poral convolutional networks, transformers, and graph-enhanced temporal models—ad-
dress a key weakness of feature engineering by learning directly from current-voltage-
temperature curves. They can capture irregular histories and interaction terms that hand-
crafted features typically miss. Over the last several years, this family of computational
methods has become dominant in benchmark publications because it scales well with da-
taset size and frequently improves average accuracy. Yet two limitations persist. First,
deep models tend to learn protocol-specific shortcuts unless training and testing splits are
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carefully designed. Second, their success relies on large and representative datasets that
are rare and difficult to acquire under field conditions. In short, sequence models are pow-
erful function approximators, but do not serve as a substitute for robust validation design
[18,19,50-54].

Transfer learning and domain adaptation have become crucial because cross-chem-
istry and cross-platform generalization are now recognized as first-order difficulties ra-
ther than corner cases. Domain adversarial methods, instance reweighting, feature align-
ment, meta-learning, and parameter-efficient fine-tuning have all been explored. Their at-
traction is clear: they attempt to preserve the learned aging structure while correcting for
dataset or platform shift. The main unresolved issue lies in whether the aligned represen-
tation remains physically meaningful or merely statistical. This can be evaluated by test-
ing whether transferred features preserve degradation-relevant associations. Such repre-
sentations must remain disentangled from the reversible operating context, follow plau-
sible aging trends, and remain consistent with independent diagnostic signatures, such as
ICA/DVA, EIS/DRT, relaxation voltage, or thermal indicators. Transfer methods can fail
silently when the target domain differs not only in covariates but also in degradation
mechanism; therefore, physical consistency checks should accompany target-domain ac-
curacy metrics [55-61].Table 7 summarizes representative criteria that may be used to
evaluate the physical consistency of transferred representations. These criteria are in-
tended as practical diagnostic checks that complement conventional performance metrics.
Their common purpose is to reduce the risk that apparently successful transfer learning
models achieve predictive accuracy through spurious correlations that do not remain
valid under changing operating conditions, chemistries, or deployment environments.

Table 7. Practical checks for physical consistency of transferred representations.

Health association

Rank correlation or mutual infor-

mation with capacity, resistance, Transferred features should remain linked to
power capability, or validated diag- degradation-relevant quantities

nostic features

Context disentanglement

Residual correlation or regression of
latent features against temperature,
C-rate, SOC window, or protocol af-
ter conditioning on health

Low residual dependence suggests the repre-
sentation is not merely encoding operating
context

Agingtrend consistency

Monotonicity violation rate or trend Useful for checking whether features evolve
agreement across aging sequence  plausibly with degradation

Diagnosticsignature preservation

Agreement with ICA/DV A peaks,

EIS/DRT descriptors, relaxation pa- Supports mechanistic plausibility of the trans-
rameters, or thermal indicators whenferred representation

available

Counterfactual robustness

Perturb temperature, current, SOC

window, or sensing window and in- Detects shortcut learning and implausible sen-
spect whether SOH/RUL changes re- sitivity

main physically plausible

Target-domain holdout validationchemistry, protocol, temperature,

Apply the above checks on unseen
PPY Confirms that interpretability survives trans-

pack, or field data fer rather than only source-domain training

To make the physical interpretability of transferred representations auditable, trans-
fer learning and domain adaptation studies should report not only target-domain predic-
tion error but also physical consistency checks on the learned features or latent variables.
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In this review, a transferred representation is considered physically consistent only if it
satisfies three conditions: it remains associated with degradation-relevant health quanti-
ties, it is not dominated by the reversible operating context, and its response to controlled
perturbations agrees with known battery behavior.

Several practical checks can be used. First, the transferred features should show a
stable rank correlation or mutual information with independently measured health indi-
cators such as capacity, resistance, power capability, or diagnostic features derived from
ICA/DVA, EIS/DRT, relaxation voltage, or thermal response. Second, their residual de-
pendence on temperature, C-rate, state of charge (SOC) window, or protocol should be
tested after conditioning on health. A representation that mainly encodes the usage con-
text rather than degradation should not be treated as physically interpretable. Third, mon-
otonicity or trend consistency checks should be applied where the target quantity is ex-
pected to evolve gradually with aging. Fourth, counterfactual or perturbation tests should
verify that small changes in operating conditions do not produce physically implausible
jumps in SOH/RUL, while changes in degradation-sensitive inputs produce directionally
plausible responses. Finally, transferred representations should be evaluated under exter-
nal target-domain holdouts to determine whether physical consistency is preserved out-
side the training set domain.

These checks provide objective evidence that the transferred representation is
aligned with battery-relevant degradation behavior and is not merely exploiting protocol-
specific or dataset-specific correlations.

Physics-informed and hybrid estimators currently offer the most convincing compro-
mise between accuracy, data efficiency, and extrapolation. These models use electrochem-
ical constraints, monotonicity priors, latent degradation laws, or equivalent-circuit dy-
namics to regularize learning. Their primary utility stems not from ideological purity but
from their structural bias; they significantly reduce the chance that a model will exploit
purely incidental correlations. When successful, they improve data efficiency, promote
smoother extrapolation, and simplify data interpretation and explanation. The main chal-
lenge to their utilization lies in balancing realism with tractability and calibration [27-
34,62,63].

Digital twins should be viewed not as an additional estimator class but as a systems
architecture for integrating models, data, uncertainty, and operations. A health-aware
twin can host online estimators, periodic parameter identification routines, thermal sub-
models, maintenance logs, and validation artifacts inside a singular lifecycle-aware stack.
The opportunity is substantial: digital twins can support cross-fidelity transfer, fleet
shadow evaluation, anomaly triage, and what-if maintenance planning. The risk is also
equally real; the phrase ‘digital twin’ can become an empty branding shell unless it is
continually subjected to model updating, data lineage, and rigorously specified and tai-
lored acceptance criteria [8-10,64-67].

The following comparative tables use the evidence-weighted synthesis procedure de-
scribed in Section 2.3.

Table 8 shows that estimator families differ not only in predictive accuracy but also
in the type of variability they are structurally able to absorb. Table 8 should be interpreted
as a comparison of methodological roles under realistic variability rather than as a list of
mutually exclusive algorithm classes. The first five rows correspond primarily to estima-
tor families, whereas digital twins represent system-level integration architectures and
trustworthy uncertainty quantification (UQ) methods represent cross-cutting reliability
layers. Purely model-based methods retain value because of their physical consistency,
transparency, and low online computational cost, yet they become less reliable when pa-
rameter identifiability degrades under sparse sensing or when aging trajectories become
strongly heterogeneous. Feature-based machine learning methods remain attractive when
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Pure model-based

stable and informative descriptors can be extracted, but their robustness is often condi-
tional on protocol alignment and preprocessing consistency. Deep sequence models offer
greater representational flexibility and can learn directly from current-voltage—-tempera-
ture histories, yet their apparent performance is highly sensitive to training and testing
design and dataset representativeness. Transfer learning and domain adaptation ap-
proaches are especially relevant under chemistry, manufacturer, and platform shifts, but
their practical credibility depends on whether the transferred representation remains
physically meaningful rather than merely statistically aligned. Overall, Table 8 supports
a central conclusion of this review: under realistic variability, the decisive issue is not
which estimator family performs best on average, but which family preserves reliability,
interpretability, and calibration when evidence is transferred from controlled laboratory
settings to deployment-oriented battery management contexts.

Table 8. Comparative assessment of estimator families, system architectures, and trustworthiness

layers.

Strong extrapolation logic, but pa-
2 2 3 4 2 rameter identifiability degrades un-
der sparse field sensing.

Competitive on curated datasets;

Feature ML 3 2 2 2 2 most brittle to protocol shift and leak-
age.
Baop Cagines e Good for complex current/voltage
3 2 2 2 3 histories, but data-hungry and often

els

weakly interpretable.

Transfer/domain ad-

Key enabler for chemistry/protocol

. 4 4 3 2 3 transfer if assumptions are explicitly
aptation
tested.
.. Best compromise between extrapola-
Phy51cs-111;1:iodrmed/hy- 4 3 4 4 4  tion, data efficiency, and interpreta-
bility.
Useful system architecture for model
Digital twin 4 4 5 5 4  fusion, validation traceability, and
lifecycle updating.
Not a standalone estimator; essential
T h ’
rustv;(;r:r y/luQ 3 4 5 2 5 overlay for calibrated deployment de-

cisions.

Score interpretation: 1 = very low; 2 = low; 3 = moderate; 4 = high; 5 = very high.

The practical value of these estimator families depends on the diagnostic signals
available to them. Therefore, Section 5 complements the algorithm-level comparison by
examining the sensing and feature-space assumptions under which different estimator
families are most likely to be reliable, transferable, and BMS-feasible.
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5. Observability and Diagnostic Modalities

The estimator families discussed in Section 4 and the diagnostic modalities summa-
rized in Section 5 should not be selected independently. In practical BMS development,
the most suitable algorithm depends strongly on the available signal type, sensing fre-
quency, excitation quality, operating variability, and required decision output. Table 9
therefore links the main diagnostic modalities to estimator families that are most compat-
ible with their information structure and deployment constraints.

Table 9. Recommended pairing between diagnostic modalities and estimator families for SOH/RUL

estimation.

Suitable for online BMS data streams,

Raw current-voltage—temperature tra- Deep sequence models, hybrid ob-  but requires context handling to avoid

jectories

servers, uncertainty-aware models  learning usage patterns instead of deg-
radation

Partial-charge or short-window fea-

tures

Practical for EV and BESS logs where
full cycles are unavailable; uncertainty
reporting is important because observ-

Feature ML, transfer learning, Gauss-
ian-process or Bayesian models, con-

formal prediction ability is incomplete

ICA/DVA-derived features

Mechanistically informative under con-
trolled conditions, but requires careful
preprocessing and validation under
rate, temperature, and window varia-
tion

Feature ML, model-data fusion, phys-
ics-informed learning

Relaxation-voltage descriptors

Useful for opportunistic diagnostics
Feature ML, CNN/sequence models, during rest or charging interruptions;
transfer learning, hybrid models sensitive to prior current and thermal
history

Mechanistically rich and valuable for

Model-based estimation, Gaussian- . . . . .
calibration or service-bay diagnostics,

EIS/DRT descriptors rocess regression, interpretable ML, . .
B P e p but less suitable for continuous embed-
hybrid physics-informed models .
ded operation
Useful for heterogeneity, cooling, im-
Multimodal fusion, anomaly detec- genery, 510
. . . balance, and safety-related monitoring;
Thermal or thermographic signals tion, graph or spatial-temporal mod-

usually requires fusion with electrical

1
el data

Multimodal diagnostic stacks

Most appropriate when deployment re-
quires robustness, calibration, and
traceability across cell, module, pack,
and field levels

Physics-informed hybrid models, dig-
ital twins, transfer learning, uncer-
tainty-aware fusion

The matrix should be interpreted as a practical matching guide rather than as a strict
ranking. Online signals, such as current, voltage, temperature, and partial-charge win-
dows, favor embedded, uncertainty-aware, and transfer-capable estimators. Mechanisti-
cally richer but less continuously available modalities—such as EIS/DRT, ICA/DVA, re-
laxation tests, and thermal imaging —are especially useful as calibration anchors, valida-
tion references, or digital-twin synchronization events. Consequently, the most deploy-
ment-relevant architecture is often not a single estimator applied to a single signal, but a
layered system in which online electrical estimation is periodically corrected or validated
using richer diagnostic modalities.
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The pairings in Table 9 are based on the information structure of each diagnostic sig-
nal rather than on algorithm popularity alone. Dense current-voltage—temperature trajec-
tories contain temporal, thermal, and load-history information; therefore, deep sequence
models, hybrid observers, and uncertainty-aware estimators are appropriate when the
training data cover realistic operating variability. Their main advantage is direct compat-
ibility with embedded BMS data streams, while their main limitation is shortcut learning,
where the model may encode the usage pattern, charger behavior, or temperature history
instead of irreversible degradation. Partial-charge and short-window features are more
intermittent and lower-dimensional; they are therefore better matched with feature-based
ML, Gaussian-process or Bayesian regression, transfer learning, and conformal uncer-
tainty layers, because these methods can explicitly handle incomplete observability and
uncertainty in the unobserved part of the cycle. ICA/DVA-derived features should be
paired with feature ML, model-data fusion, or physics-informed learning because they
retain a clearer electrochemical interpretation, but they become fragile under a high cur-
rent, coarse sampling, temperature variation, and incomplete voltage windows. EIS/DRT,
relaxation, thermal, and multimodal signals should not be viewed only as alternative in-
puts to the same estimator; they play different BMS roles. EIS/DRT and thermal data are
most useful as service-bay, calibration, or digital-twin synchronization signals, while raw
electrical and partial-charge signatures remain the most practical online sources. Thus, for
BMS developers, the recommended combination is the simplest estimator that matches
the available signal quality, preserves physically meaningful aging information, and sat-
isfies uncertainty, computational, and domain-shift constraints.

Raw electrical data remain the lowest-friction information source because every BMS
already measures current, terminal voltage, and at least one temperature channel. This
makes curve-based learning attractive for embedded health estimation. The limitation is
that voltage and temperature are multiplexed observables, meaning that they reflect both
degradation and the current operating context. Without carefully designed training dis-
tributions or context-aware models, curve-based estimators can overfit towards usage
style rather than health observables [68-71].

ICA and DVA remain among the most informative laboratory-friendly diagnostic
tools because they sharpen phase-transition signatures and connect the observed curve
morphology to degradation mechanisms. In well-controlled environments, they can re-
veal the loss of lithium inventory, active material loss, and resistance-related distortion
more transparently than raw data curves. Their weakness lies in their fragility under
noise, partial windows, rate variation, and coarse sampling. This is why transfer of
ICA/DVA logic from laboratory cells to in-service packs is scientifically attractive but tech-
nically difficult [49,68,72-75].

Relaxation-voltage methods have progressed rapidly because they offer a compro-
mise between laboratory richness and operational feasibility. Short relaxation windows
encode information about internal diffusion, polarization effects, and open-circuit-voltage
recovery while requiring less instrumentation overhead than EIS. They are especially
promising for fast diagnostics during short, reduced-consumption periods or charging
interruptions. Their main open question is robustness under temperature variation and
irregular preceding current histories [75-80].

Partial-charge and small-window approaches are now central to realistic applications
because complete charge—discharge cycles are uncommon in field service data. Estimators
that depend on full curves therefore enjoy a strong but often unrealistic observability as-
sumption. Recent work shows that useful SOH information can still be extracted from
partial windows, but only if the model accounts for path dependence, temperature, and
uncertainty in the unobserved parts of the cycle [61,69,70].
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Partial-charge methods are therefore promising, but their applicability is bounded
by the information content of the available window. The minimum useful window length
is not universal as it depends on chemistry, SOC region, sampling rate, temperature sta-
bility, current excitation, sensor resolution, and the target being estimated. A short win-
dow located in a flat open-circuit voltage (OCV) region or under highly variable current
may contain an insufficient degradation-sensitive structure, whereas a similarly short
window crossing a voltage plateau, an ICA/DVA-sensitive region, or a repeatable charg-
ing segment may be informative. Consequently, partial-charge estimators should report
the observation-window definition explicitly, including SOC span, time duration, sam-
pling rate, current profile, temperature range, and preprocessing assumptions.

A practical validation procedure is to perform window-ablation testing, in which the
available SOC or time window is progressively shortened and shifted across the charge
curve. The minimum usable window can then be defined as the shortest window for
which the estimator still satisfies predefined error, calibration, and robustness thresholds.
Measurement error should also be tested explicitly by injecting realistic voltage, current,
temperature, timing, and SOC-alignment noise into the validation data. This is especially
important for ICA/DV A-based reconstruction because derivative-based features amplify
measurement noise, which may create artificial peak shifts or suppress degradation sig-
natures. Under very short, noisy, or non-repeatable partial windows, the output should
therefore be treated as a high-uncertainty estimate or used only for screening, drift detec-
tion, or triggering a richer diagnostic procedure.

The partial-charge literature does not support a universal minimum window because
the useful information depends on chemistry, voltage/SOC region, current rate, tempera-
ture, sampling quality, and whether the target is SOH regression, failure classification, or
second-life sorting. However, several practical design anchors can be extracted. For volt-
age-window methods, 0.1 V windows placed near IC-sensitive regions have been demon-
strated across NCA, LCO, LCO/NCO, and LFP cells, while broader Ah-counting or opti-
mized NMC windows such as 3.55-3.80 V or 3.127—4.027 V trade a higher information
content against lower availability during real charging [81-83]. For time-window meth-
ods, arbitrary 400 s charging fragments at 1 C and sequence models trained under realistic
sampling/noise conditions provide a practical lower bound for short-window deep learn-
ing approaches [82,84]. In terms of measurement quality, comparative evidence suggests
that robust partial-curve estimators can remain below about 2% average MAPE under 3
mV voltage noise or 60 s sampling intervals, while SOC-based windowing can incur ca-
pacity errors of about 5.16% of nominal capacity under +5% SOC uncertainty [81,82].
These values should be interpreted as indicative starting points for BMS design, not uni-
versal thresholds—each implementation should verify them by window ablation, noise
injection, temperature-stratified validation, and chemistry-specific holdout testing.

EIS and DRT-based methods remain unmatched in mechanistic richness. By resolv-
ing the frequency-dependent response, they provide insights into charge-transfer re-
sistance, diffusion processes, contact changes, and interfacial evolution that are difficult
to infer uniquely from time-domain trajectories alone. Their primary weakness is deploy-
ment friction: excitation design, hardware overhead, time cost, and sensitivity to operat-
ing conditions complicate continuous in-field use. For this reason, EIS is best viewed not
as an always-on flag but as a periodic calibration anchor within a broader health estima-
tion stack [85-97]. Table 10 shows a quantitative assessment of partial-charge estimation
of SOH.
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Table 10. Quantitative anchors for partial-charge SOH estimation.

Repeatable volt-
age window dur-
ing CC charging

EVTS/ETVS sequences, Ah-counting,
GPR/SVR/XGBoost/LSTM, or simple re-
gression is suitable. The window must
be reselected for chemistry, charger
protocol, current rate, and temperature;

Use chemistry-specific windows near aging-sensitive re-
gions. Reported anchors include 0.1 V windows: 3.70-3.80
V for NCA, 3.90-4.00 V for LCO, 3.75-3.85 V for
LCO/NCO, and 3.35-3.45 V for LFP [82]. Broader NMC
windows such as 3.55-3.80 V and 3.127-4.027 V have also

been reported [81,83]. broader windows improve observabil-

ity but reduce real-use availability.

Short, random, or
SOC-defined
charging
fragment

Arbitrary 400 s fragments at 1 C supported maximum- and
remaining-capacity estimation with RMSE below
12.68mAh and 11.71 mAh for 0.74 Ah cells [84]. IES fea-
tures from 20%, 40%, 60%, and 80% SOC starting points
achieved MAE below 0.75% and RMSE below 0.8% [96].
Random capacity-increment features with sparse GPR gave
maximum errors of 2.88%, 2.52%, and 1.51% for three

chemistries [97].

CNN/LSTM/BiLSTM, IES-based mod-
els, and sparse GPR are suitable when
charging start/end points are uncon-
trolled. The main risk is dependence on
representative training data and accu-
rate SOC, current, and energy integra-
tion.

Derivative or IC-
based partial fea-
tures

Use ICA/DVA features when the win-
dow contains an identifiable aging-sen-
sitive peak or transition. Add smooth-
ing, feature-selection, and non-deriva-

Partial IC features can support failure recognition around
the 80% capacity threshold, with elastic-net feature selec-
tion and LDA used to balance precision and recall [98]. Un-
der heavily partial high-voltage charging, IC features may
disappear; voltage entropy and multistage feature fusion
are therefore needed [99].

tive backup features when operating at
high voltage, high current, or coarse
sampling.

Noisy or
low-rate BMS
sampling

Sequence models and statistically ro-
bust features are preferable. BMS im-
plementation should include noise-in-

Comparative partial-curve evidence reports LSTM MAPE
of 0.61%, maximum error of 3.94%, and average MAPE be-
low 2% even with 3 mV voltage noise or 60 s sampling in-
tervals [81]. SOC-window methods can show errors up to
5.16% of nominal capacity under +5% SOC uncertainty [81].

jection, sampling-rate ablation, and
SOC-error sensitivity tests before claim-
ing transferability.

Low-cost screen-
ing, sorting, or
diagnostic charg-

ing policy

SOM/subtractive clustering, LDA, or
Five features from one partial segment reduced retired-cell other lightweight classifiers are appro-
sorting detection time to 19.96% and energy use to 20.35% priate for grouping/screening, not pre-
of conventional testing [100]. Optimized partial charging cise RUL. Diagnostic windows should
can reduce high-SOC residence and was simulated to ex-  be collected opportunistically; the BMS
tend usable life by up to 150% [101,102]. should not force high-SOC exposure
only to obtain SOH features.

Thermal and thermographic approaches contribute information that electrical ob-
servables alone cannot provide, such as spatial heterogeneity, localized defects, tab im-
balance, and cooling non-uniformity. At cell and module levels, infrared imaging can re-
veal degradation asymmetry and precursors to safety-critical behavior. At the pack level,
however, sensing density, occlusion, and cost become decisive constraints. Thermal infor-
mation is therefore most valuable when fused with electrical features or used selectively
during diagnostic events [72-75].

Across modalities, the key lesson is that the best signal depends on where in the
lifecycle the estimator operates. EIS/DRT and thermography may dominate observability
in laboratory or service-bay contexts, whereas raw electrical curves, short-window charg-
ing signatures, and sparse temperature channels dominate online deployment. Robust
SOH/RUL estimation is therefore not a winner-takes-all competition among modalities
but an observability allocation problem across fidelity levels [72-80,85-95].
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To complement the temporal overview of the literature and integrate the trade-off
perspective within the modality analysis, Figure 3 presents a composite assessment of the

principal sensing and feature-space families used for SOH/RUL estimation. Figure 3a

compares modalities in terms of aging observability, online deployability, instrumenta-
tion burden, interpretability, and robustness under realistic operating variability, while
Figure 3b maps their trade-off between diagnostic information richness and deployment

readiness.
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Figure 3. Composite sensing/feature-space assessment and deployment trade-off for robust

SOH/RUL estimation. (a) Review-level comparison across observability, deployability, instrumen-

tation burden, interpretability, and robustness under realistic variability. (b) Trade-off between di-

agnostic information richness and deployment readiness across diagnostic families.

Figure 3 shows that no single modality simultaneously optimizes diagnostic infor-

mation, implementation feasibility, and robustness to domain shift. Raw electrical curves
are highly deployable but vulnerable to hidden confounding; EIS/DRT, ICA/DVA, and
thermal/infrared (IR) diagnostics are richer mechanistically but more difficult to deploy
continuously. Relaxation-voltage, partial-charge, and multimodal approaches occupy the

strategic middle ground for practical BMS use.
To complement the visual synthesis in Figure 3, Table 11 provides a structured com-
parison of the main sensing and feature-space families considered in this review, together

with their diagnostic strengths, deployment limitations, and relevance for robust

SOH/RUL estimation.
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Table 11. Comparative assessment of sensing and feature-space families.

Best online deployability, but vulnerable to pro-

Raw electrical trajectories 4 > ! 5 2 tocol leakage and hidden confounding.
Strong aging observability; limited by signal
ICA/DVA 5 2 4 4 3 quality, rate dependence, and partial-window
constraints.
Rebveiton vl 4 4 5 3 4 Useful‘when only' t'ens of seconds (?f rest are
available; sensitive to thermal history.
Partial-charge windows 4 3 5 4 4 Practical in EV and ]?ESS log.s ‘1f models handle
truncation explicitly.
e ey 3 » 3 4 3 Reveals he.terogenelty a}nd safety-r(?levant grfadl-
ents, but instrumentation burden is nontrivial.
EIS/DRT 5 ’ 5 4 3 Mechanistically I‘ICI.’L and tran'sferable,' hardest to
deploy continuously in products.
Hybrid multimodal fu- 4 3 4 5 5 Most promising route when sparse modalities
sion are fused with uncertainty-aware architecture.

Score interpretation: 1 = very low; 2 = low; 3 = moderate; 4 = high; 5 = very high.

Table 11 highlights that the practical utility of a sensing modality depends on how it
balances diagnostic richness against measurement realism. Electrical curve data analysis
remains attractive because it is directly available in standard BMS data streams; however,
its health sensitivity is often entangled with operating context and usage history. More
structured features derived from ICA/DVA, relaxation segments, partial charging win-
dows, thermal fields, or impedance spectra can reveal degradation more explicitly, but
they also introduce stricter requirements for signal quality, sensing hardware, excitation
design, or preprocessing consistency. The table therefore supports a key conclusion of this
review: evidence suggests that robust SOH/RUL estimation is unlikely to depend on a
single, universally dominant sensing modality. Instead, multimodal, uncertainty-aware,
and validation-aware frameworks appear to be a promising direction, particularly when
estimators must operate under realistic sensing constraints, partial observability, and
changing deployment conditions [61,69,70,72-80,85-95].

6. Trustworthiness, Transferability, and Deployment Challenges
6.1. Sources of Domain Shift in Battery Prognostics

A major obstacle to reliable battery prognostics is the discrepancy between laboratory
conditions and real-world operation. Models trained or calibrated using laboratory da-
tasets often assume controlled temperature ranges, predefined cycling protocols, and rel-
atively homogeneous cell populations. In practical deployments, however, batteries expe-
rience varying duty cycles, environmental conditions, charging behaviors, and manufac-
turing variability. These factors introduce domain shifts that may significantly degrade
estimation performance. Cross-chemistry and cross-manufacturer transfer is more chal-
lenging than cross-protocol transfer because the latent degradation mechanisms them-
selves can change. Graphite/NMC, LFP/graphite, silicon-containing blends, and high-

https://doi.org/10.3390/batteries12070255



Batteries 2026, 12, 255

25 of 45

nickel chemistries exhibit different OCV behaviors, resistance growth pathways, and tem-
perature sensitivities. Transfer is still possible, but it typically requires either physically
anchored representations or explicit domain adaptation [56-60,91,92].

Not all domain shifts are equivalent. Temperature and C-rate variations often induce
covariate shifts in observable data, whereas chemistry, manufacturer, and electrode-de-
sign changes may induce mechanism shifts that alter the mapping between diagnostic
features and degradation states. This distinction is essential because statistical feature
alignment may be sufficient for some covariate shifts but insufficient when the underlying
degradation pathway changes.

Temperature variability and charge/discharge conditions remain the most persistent
sources of performance degradation. Many apparent SOH features are not health-specific
but health-plus-context mixtures. Peak spacing, voltage hysteresis, relaxation curve shap-
ing, and impedance arcs all shift with temperature and current. Models that do not explic-
itly encode context or learn invariances can therefore misinterpret reversible operating
effects as irreversible aging. This is one reason why cross-condition validation is more
informative than pooled random splitting [60,69-71,89].

Recent studies have therefore increasingly emphasized transferability, uncertainty
awareness, and robustness as essential requirements for deployment-oriented SOH and
RUL estimation. Rather than optimizing performance exclusively for a specific dataset,
future prognostic frameworks must maintain acceptable reliability across heterogeneous
battery populations and operating environments.

The challenge becomes particularly pronounced when moving from laboratory cells
to battery modules and packs. At higher system levels, cell-to-cell variability, balancing
strategies, thermal gradients, and measurement aggregation introduce additional uncer-
tainties that are often absent in cell-level studies. Consequently, deployment-oriented bat-
tery prognostics should be evaluated not only in terms of prediction accuracy but also in
terms of robustness under domain variability.

6.2. Practical Observability Constraints

A fundamental limitation of battery prognostics is that many degradation processes
are only partially observable through standard BMS measurements. While voltage, cur-
rent, and temperature are directly measurable, the underlying electrochemical degrada-
tion states remain latent and must be inferred indirectly through models or data-driven
estimators.

Consequently, estimation accuracy is not determined solely by algorithmic sophisti-
cation but also by the extent to which the target degradation mechanism is observable
from the available sensing information. This issue becomes increasingly important when
transitioning from laboratory cells to modules and full battery packs, where measurement
aggregation, cell-to-cell variability, and limited sensor availability further reduce observ-
ability.

The relative observability presented in Table 12 underlines the critical difference be-
tween physical compatibility and practical utility. Although mechanisms such as lithium
inventory loss, active material loss, and lithium plating play a central role in battery deg-
radation, their signatures are often weak, indirect, or confounded by other processes when
only conventional BMS measurements are available. Consequently, estimation uncer-
tainty generally increases as prognostic models attempt to infer progressively deeper elec-
trochemical states. This limitation becomes more pronounced at module and pack levels,
where aggregated measurements may obscure cell-level degradation heterogeneity.
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Table 12. Relative observability of representative degradation states.

Capacity fade High Medium Medium
Resistance growth High Medium Low
Lithium inventory loss Medium Low Low
Active material loss Low Low Very low
Lithium plating Low Very low Not directly observable

Furthermore, interpretability requires a more rigorous standard. Feature importance
plots and saliency maps are informative only if the highlighted structures correspond to
plausible battery behavior rather than to confounded artifacts of protocol or prepro-
cessing. For Batteries, interpretable models are not a public relations accessory; they rep-
resent a methodology to verify whether the estimator responds to known signatures such
as peak migration, relaxation kinetics, or impedance growth rather than to dataset idio-
syncrasies [14,27-34,85-95].

Finally, label scarcity and temporal drift reshape the deployment challenge. In real-
world fleets, capacity measurements are rare, maintenance events are selective, and user
behavior drifts over time. Estimators must therefore operate under weak, delayed or
proxy labels, while simultaneously monitoring whether the data distribution itself has
shifted. Under these conditions, strategies such as shadow deployment, continual calibra-
tion checks, and selective abstention become essential [12,13,36,37,39,40].

Consequently, trustworthy SOH and RUL estimation should be viewed not only as
a modeling challenge but also as an observability-constrained inference problem. In prac-
tical deployments, improving observability may yield larger gains in prognostic reliability
than increasing model complexity alone.

6.3. Failure Modes Under Domain Shift

The presence of domain shift affects various prognostic methodologies in different
ways. While certain approaches are primarily limited by model mismatch, others exhibit
greater vulnerability to data distribution changes or sensor-related uncertainties.

Figure 4 shows a mapping that links dominant sources of deployment shift and
which emphasizes that acceptable SOH/RUL deployment evidence requires not only low
error but also context-aware validation.
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Figure 4. Domain-shift failure map for trustworthy SOH/RUL transfer.
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A critical implication of Table 13 is that method families should not be compared
solely by average reported accuracy; their practical value depends heavily on the specific
type of domain shift under consideration. Model-based and physics-informed approaches
are generally more defensible under moderate extrapolation when their underlying as-
sumptions remain valid. However, they can fail when parameters become unidentifiable
or degradation mechanisms are incomplete. Conversely, feature-based and deep learning
approaches may achieve a superior benchmark performance, but they exhibit higher ex-
posure to protocol leakage, partial-window mismatch, and shortcut learning. While trans-
fer learning approaches are useful when source and target domains share a degradation
structure, they may fail under mechanism shift. Digital twins and uncertainty-aware lay-
ers should therefore be treated as deployment-support structures rather than guarantees
of robustness. This distinction is central to a critical interpretation of the reviewed litera-
ture.

Transfer learning offers a viable mechanism for improving cross-domain generaliza-
tion, but it may introduce negative transfer when source and target domains differ sub-
stantially. Similarly, digital twins may accumulate systematic errors if calibration proce-
dures are not continuously updated using field evidence.

Understanding these failure mechanisms is essential for designing trustworthy bat-
tery prognostic systems because reliability depends not only on average prediction accu-
racy but also on predictable behavior under adverse operating conditions.

Table 13. Method effectiveness and likely failure modes under representative domain shifts.

Equivalent-circuit and reduced- range, and operating regime are
order model-based estimators ~ known; online computation

Cell chemistry, temperature . . L.
Y P Parameter drift, chemistry change, poor excitation,

sparse sensing, or un-modeled degradation path-

must be lightweight ways

Electrochemical/physics-based

models

Degradation mechanisms are =~ Missing degradation mechanisms, uncertain pa-
known and parameters can be rameters, high computational burden, or pack-
identified or constrained level heterogeneity

Feature-based ML

Diagnostic features are stable  Protocol shift, partial-window mismatch, rate/tem-
across protocols, preprocessing, perature variation, feature leakage, or prepro-
and SOC/temperature windows cessing inconsistency

Deep sequence models

Large and representative cur-  Small datasets, shortcut learning, train/test leak-
rent-voltage-temperature histo- age, unseen duty cycles, sparse labels, or weak in-
ries are available terpretability

Transfer learning/domain adapta- degradation structure and only

Source and target domains share . . .
& Mechanism shift, chemistry change, manufacturer

differences, negative transfer, or statistically

e ;r;)lct:lerate covariate shiftis pre- aligned but physically meaningless features
Useful physical priors exist but Incorrect or incomplete physics constraints, over-
Physics-informed/hybrid models data-driven flexibility is still regularization, poor calibration, or unvalidated ex-
needed trapolation
Complementary signals are Missing modalities, sensor disagreement, incon-
Multimodal fusion available and synchronized with sistent sampling, high instrumentation burden, or
sufficient quality conflicting diagnostic evidence

Digital-twin architectures

Models, data streams, uncer-
tainty estimates, validation arti-
facts, and feedback loops are
continuously maintained

Outdated calibration, poor data lineage, missing
field feedback, model drift, or treating the twin as
a static model
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Uncertainty-aware/trustworthy- tion, calibration, and abstention

Al layers

Prediction intervals, OOD detec- _ . . . . .
Mis-calibration under unseen domains, overconfi-

dent intervals, untested warning thresholds, or un-

are validated under deploy- reliable OOD detection

ment-like shifts

6.4. Continual Learning, Update Governance, and Lifecycle Adaptation

Sparse and partial measurements are not a niche issue; they represent the default
field condition. Pack-level systems rarely expose cell-level full curves, and maintenance
calibration labels may become available after months of delay. This reality favors archi-
tectures that can update themselves under delayed supervision, heterogeneous metadata,
and event-triggered diagnostics rather than only under dense, synchronized labels [61,69-
71].

Battery degradation is inherently non-stationary. The operational environment of de-
ployed systems evolves throughout the battery lifetime because of seasonal temperature
changes, changing charge behavior, firmware updates, cell imbalance, sensor drift, and
gradual shifts in user or grid-service profiles. Consequently, a static estimator that is well
calibrated at deployment may gradually lose accuracy and become overconfident as the
data distribution moves away from the original validation domain.

Continual learning is therefore a promising strategy for lifecycle battery-health esti-
mation, but it should not be understood as unrestricted online retraining. Uncontrolled
model updates may lead to catastrophic forgetting, loss of calibration, or unexpected
safety-related behavior. For battery management applications, adaptation mechanisms
must conceptualize and preserve previously acquired knowledge while incorporating
new information in a controlled manner. Therefore, continual learning must be governed
by explicit update rules, drift detection, validation gates, and rollback mechanisms.

Pack-to-field scaling introduces another level of difficulty because thermal gradients,
cell imbalance, cell balancing approaches, and contact resistances create interactions that
are absent or hidden at a cell level. Consequently, a health estimator that is well calibrated
on isolated cells can become overconfident at the pack level even if its average error re-
mains acceptable. This mismatch is precisely why pack-aware transfer studies and field-
facing diagnostics are so critical [55,61,72-75].

A practical lifecycle-adaptation workflow can be organized into four stages. First, the
deployed estimator should monitor distribution shift using residual trends, novelty
scores, disagreement between model families, calibration drift, or changes in operating
data. Second, when a shift is detected, the system should enter a shadow update mode in
which candidate model updates are evaluated passively on new data without influencing
BMS control decisions. Third, updates should be accepted only if they improve or pre-
serve the worst-domain error, calibration, warning-risk behavior, and computational fea-
sibility. This evaluation must be conducted over a validation buffer that includes both
recent field data and retained historical cases. Fourth, if an update degrades performance
or produces unstable uncertainty estimates, the BMS should retain or restore the previ-
ously validated model.

Continual learning can also be implemented at varying levels of aggressiveness. Con-
servative adaptations may recalibrate uncertainty intervals or correction factors without
altering the primary estimator. Moderate adaptations may update domain-specific nor-
malization, transfer layers, or battery-population priors. More aggressive adaptations
may retrain feature extractors or sequence models, but this requires more rigorous safe-
guards and external validation. For safety-relevant SOH/RUL estimation, conservative or
modular adaptation is often preferable to unrestricted end-to-end online learning.

Thus, continual learning should be treated as a controlled life cycle management pro-
cess rather than as automatic retraining. Its purpose is not simply to improve average
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prediction error over time, but to preserve calibrated, auditable, and rollback-safe
SOH/RUL estimation as batteries move through changing operating conditions, pack
states, and deployment environments.

6.5. Toward Trustworthy Deployment

The preceding discussion highlights that trustworthy battery prognostics cannot be
achieved through prediction accuracy alone. Reliable deployment requires simultaneous
consideration of observability, uncertainty quantification, transferability, robustness, val-
idation, and lifecycle adaptation.

Trustworthiness begins with calibration. For BMS decisions, an estimator should pro-
vide not only a mean SOH or RUL value but also an uncertainty measure whose frequency
properties remain acceptable under domain shift. A narrow but miscalibrated interval is
more dangerous than a wider but honest one because maintenance and derating decisions
will become overconfident. Calibration should therefore be assessed by coverage, interval
width, and decision-conditioned loss rather than by confidence graphics alone [36—40]. In
deployment-oriented settings, calibrated uncertainty should also support selective pre-
diction and abstention: the estimator must be allowed to defer, widen uncertainty bounds,
or fall back to conservative rules when the operating condition is outside its validated
domain.

Accordingly, future battery prognostic frameworks are expected to integrate multi-
modal sensing, physics-informed learning, uncertainty-aware estimation, and digital-
twin-based validation architectures. These components should operate within a closed-
loop evidence framework where field observations continuously support model calibra-
tion, performance monitoring, and risk-aware decision-making.

The multi-fidelity validation framework proposed in this review provides one possi-
ble pathway toward this objective. By explicitly linking laboratory evidence, model vali-
dation, uncertainty assessment, and deployment monitoring, the framework aims to im-
prove confidence in SOH and RUL estimation across different battery technologies and
operational conditions.

Ultimately, trustworthy deployment should be regarded as a system-level property
rather than a model-level attribute. Accurate prediction remains necessary, but long-term
reliability depends equally on transparency, validation rigor, uncertainty awareness, and
the ability to maintain performance under evolving real-world conditions.

Translating battery prognostic models from laboratory demonstrations to real-world
deployment requires a broader validation perspective than prediction accuracy alone.
Trustworthy deployment demands evidence that models remain reliable under domain
variability, maintain calibrated uncertainty estimates, and preserve performance across
diverse operating conditions. Based on the findings synthesized throughout this review,
Table 14 proposes a practical validation checklist to assist researchers and practitioners in
evaluating the readiness of SOH and RUL estimation approaches for deployment-ori-
ented applications.

Table 14. Trustworthy validation checklist for deployment-oriented SOH/RUL claims.

Data partitioning

Train/test leakage through adjacent cy-

Blind splits by cell, batch, protocol, and time Y

Robustness

Cross-temperature, cross-rate, cross-SOC-win-

dow evaluation Single-protocol accuracy only

Transferability

External chemistry/manufacturer/domain hold-

In-domain random split only
out
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. Coverage error, calibration curve, risk-condi- Point estimate without confidence or
Uncertainty . . .
tioned decision thresholds abstention
Shift detector, drift dashboard, fallback or roll- . .
OOD/drift ) Silent extrapolation after deployment
back logic
- Mechanistic plausibility, feature stability, coun- .
Interpretability P v v Post-hoc saliency only

terfactual checks

Pack realism

Sparse-sensor tests, imbalance, thermal gradients,

. Cell-only evaluation
latency, balancing events

Lifecycle evidence

Shadow deployment and closed-loop acceptance

criteria Benchmark-only claims of deployability

Random splits over cycles from the same cells, shared protocols across training and
testing procedures, or preprocessing decisions tuned on the full dataset can produce vis-
ually impressive but scientifically weak results. The field now has reached sufficient ma-
turity to demand more rigorous standards. Dataset splits should be agnostic to cell, batch,
protocol, and time; external holdouts should be preferred whenever possible; and claims
of deployment readiness should be reserved for studies that include at least some pack-
level or fleet-shadow evidence [1,7,8,11,50].

OOD detection and drift awareness are equally important. Many product-level fail-
ures will not arise because the estimator is inaccurate on familiar data, but because the
system enters a regime the model has never encountered: a new climate, an alternative
charger type, a firmware change, sensor bias, or an atypical duty cycle. Trustworthy de-
ployment therefore requires gating logic, including novelty detection, disagreement mon-
itors across model families, residual trend alarms, and rollback-safe fallbacks to conserva-
tive rules [8-11,36,37,39,40].

Table 14 makes explicit that trustworthy SOH/RUL estimation is not established by
predictive performance alone, but by the quality and completeness of the supporting val-
idation evidence. The checklist highlights that a credible claim must specify the health
target, sensing assumptions, operating domain, fidelity level, train—test separation logic,
uncertainty treatment, and acceptance criteria relevant to the intended decision context.
This is particularly critical because many published studies still report strong numerical
performance without clarifying whether the model was tested under chemistry shift,
sparse sensing, delayed labels, pack-level interaction, or OOD conditions. By organizing
these requirements into a structured validation checklist, Table 14 reframes SOH/RUL as-
sessment as an evidence-based acceptance process rather than a benchmark-reporting ex-
ercise. In doing so, it supports one of the central arguments of this review —an estimator
becomes trustworthy not when it achieves the lowest average error, but when its assump-
tions, limitations, uncertainty behavior, and deployment boundaries are all made explicit
and validated against the operating conditions in which it is expected to function.

The proposed checklist’s primary purpose is to encourage more comprehensive re-
porting and validation practices within the battery prognostics community. Future stand-
ardization efforts may further formalize such criteria—systematic consideration of trans-
ferability, uncertainty, robustness, and validation evidence already represents an im-
portant step toward trustworthy deployment.

6.6. Section Synthesis

This section addresses domain-shift sources, observability constraints, failure modes,
continual-learning governance, and trustworthy deployment. The discussion clarifies that
the minimum validation evidence for a trustworthy SOH/RUL estimator cannot be de-
fined by prediction accuracy alone. A credible deployment claim requires explicit evi-
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dence of robustness under domain shift, observability-aware inference, calibrated uncer-
tainty, controlled lifecycle adaptation, failure-mode awareness, and BMS-facing valida-
tion gates.

7. Digital Twins and Multi-Fidelity Validation
7.1. Diagnostic Signals as Information Sources

The diagnostic modalities discussed in Section 5 provide complementary observa-
tions of battery degradation processes. However, diagnostic signals do not directly con-
stitute prognostic knowledge. Instead, they represent information sources whose useful-
ness depends on their observability, information content, noise sensitivity, and compati-
bility with the chosen modeling framework.

Various sensing modalities capture different aspects of battery behavior. Voltage-re-
laxation analysis is sensitive to diffusion-related processes and equilibrium dynamics. In-
cremental capacity and differential voltage analyses reveal changes in electrochemical sig-
natures associated with aging. EIS provides information about charge-transfer resistance,
transport limitations, and degradation mechanisms. Thermal measurements capture heat
generation patterns that may reflect internal losses and degradation heterogeneity.

Consequently, the effectiveness of a prognostic algorithm depends not only on its
architecture but also on the physical information contained within the selected diagnostic
signals. Trustworthy battery prognostics therefore require explicit consideration of the re-
lationship between sensing modalities and modeling approaches.

Table 15 addresses a key conceptual paradigm by identifying the specific information
that be extracted from the different sensing and feature spaces along with the tailored
numerical methods required for analyzing these data.

Table 15. Diagnostic modalities and their preferred learning paradigms.

Voltage relaxation Diffusion and equilibrium dynamics Hybrid/PINN
ICA/DVA Aging-sensitive electrochemical signatures ML/Hybrid
EIS/DRT Resistance growth and mechanistic degradation Physics-informed
Thermal sensing Heat generation patterns Deep learning
Multimodal sensing Complementary degradation evidence Hybrid fusion

7.2. Mapping Diagnostic Modalities to Learning Paradigms

No single learning paradigm is universally optimal across all diagnostic modalities.
The suitability of a given modeling approach depends strongly on the nature of the avail-
able measurements and the physical processes they represent.

Physics-informed models are particularly attractive when diagnostic measurements
maintain a clear relationship with known electrochemical mechanisms. EIS and diffusion-
sensitive relaxation measurements often provide information that can be directly incor-
porated into mechanistic constraints. Conversely, thermal imaging and high-dimensional
sensing modalities frequently benefit from ML and deep learning (DL) architectures ca-
pable of extracting complex nonlinear patterns.

Hybrid approaches increasingly represent an effective compromise between physical
interpretability and predictive flexibility. By combining mechanistic constraints with
data-driven adaptation, hybrid models may improve transferability while preserving
physical consistency. This capability becomes especially critical when models are ex-
pected to operate across heterogeneous deployment conditions.
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Increasing deployment realism

7.3. Multi-Fidelity Validation Pathway

The transition from diagnostic measurements to deployment-oriented prognostics
requires a structured validation process. Raw measurements alone do not guarantee trust-
worthy predictions. Instead, evidence must progressively clear multiple validation stages,
each addressing a different source of uncertainty.

Figure 5 presents the proposed multi-fidelity validation roadmap as a staged evi-
dence-filtering process integrated with a deployment-readiness funnel. Rather than a sin-
gle benchmark exercise, each fidelity level introduces additional realism and stricter evi-
dence requirements. Concurrently, validation gates assess critical criteria, including
worst-domain error, cross-fidelity degradation, uncertainty calibration, warning risk,
online feasibility, safety governance, and auditability.

[ High control, low realism ]
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* Electrochemical surrogates, ECM/DFN models

e Synthetic variability and fault injection

& Use: stress exploration, pretraining, hypothesis testing
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Figure 5. Integrated multi-fidelity validation funnel for trustworthy SOH/RUL estimators.

The multi-fidelity perspective proposed in this review considers validation a hierar-
chical process linking sensing, feature extraction, model development, uncertainty assess-
ment, and deployment evaluation. Figure 5 summarizes this progression and illustrates
how evidence is progressively refined before supporting operational decisions.

To avoid treating multi-fidelity validation and deployment attrition as isolated con-
cepts, these two perspectives can be integrated into a single validation funnel. In this view,
each fidelity level introduces additional sources of realism, uncertainty, and decision rel-
evance, while simultaneously narrowing the pool of estimators that can credibly claim
deployment readiness. The resulting framework emphasizes that laboratory accuracy rep-
resents merely the initial step in the validation process. Trustworthy SOH/RUL estimation
requires staged evidence generation, explicit validation gates, cross-fidelity degradation
analysis, calibrated uncertainty, and BMS-oriented feasibility assessment.
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The framework highlights that validation should not be viewed as a single perfor-
manceevaluation step but rather as a continuous process linking measurement quality,
model credibility, uncertainty quantification, and deployment readiness.

7.4. Digital Twins as Evidence Integration Frameworks

In the context of battery prognostics, a digital twin should be viewed as an evi-
denceintegration architecture that combines sensing, physical knowledge, machine learn-
ing, uncertainty estimation, and operational feedback.

The twin becomes especially powerful when estimator development is multi-staged
based on fidelity, rather than attempted in a single leap from coin-cell or pouch-cell bench-
marks to field deployment. This progression motivates the six-stage roadmap proposed
in this review [8-10,64-67].

7.5. Toward Closed-Loop Trustworthy Deployment

This integrated view also clarifies why cell-level accuracy alone is insufficient for de-
ployment claims. A model that performs well under controlled aging conditions may still
fail when exposed to pack-level heterogeneity, field-data irregularity, or closed-loop BMS
decision logic. The funnel therefore structures the central argument of this review: trust-
worthy and transferable battery health intelligence requires progressive validation across
fidelity levels, with each transition acting as a go/no-go gate for robustness, calibration,
and practical deployability.

Table 16 translates the digital twin and multi-fidelity concepts into a staged valida-
tion structure that is easier to audit, compare, and operationalize.

Table 16. Proposed multi-fidelity validation roadmap.

FO Synthetic and virtual cells

Fast stress exploration, mechanism pri-  Parameter posterior consistency,
ors, surrogate generation metadata traceability

F1 Single-cell controlled aging

DOE over temperature, rate, SOC win- Blind splits and cross-condition hold-

dow, rest, fast charge outs
0 Module/pack hardware-in- Sensor sparsity, imbalance, thermal gra- Pack realism without losing traceable
dients, BMS latency labels
3 Accelerated duty-cycle re- Drive cycles, grid service duty, calendar Robustness to mixed mechanisms and
+ cycling mixtures duty switching
Fa e dleyme Passive online inference with mainte-  Calibration, drift monitoring, alert
nance ground-truth subset quality

F5

Closed-loop safety-gov- Estimator informs control, maintenance, Risk acceptance, rollback readiness,
erned operation and warranty decisions auditability

FO corresponds to synthetic and virtual cells, including electrochemical surrogates,
reduced-order Doyle-Fuller-Newman (DFN) and ECMs, manufacturing variability emu-
lation, and synthetic fault injection. This stage is valuable for stress exploration, represen-
tation pre-training, and hypothesis testing, but should never be mistaken for deployment
evidence. F1 introduces controlled cell aging with designed variation in temperature, rate,
SOC window, rest periods, and fast charging. This is where feature identifiability, mech-
anistic plausibility, and blinded splits must first be established [12,21-23].

F2 and F3 add operational realism that most papers still under-represent. F2 intro-
duces module or pack hardware-in-the-loop (HIL) conditions, such as cell imbalance,
sparse sensing, thermal gradients, estimator latency, and BMS constraints. F3 introduces
mixed duty cycles and realistic protocol combinations, including calendar-plus-cycling
stress, drive cycles, and grid-service operation. Only after these stages does it become
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meaningful to assess whether an estimator is robust across interacting degradation mech-
anisms and imperfect observability [12,17,18,21,72].

F4 and F5 represent the decisive gates for trustworthy deployment. F4 involves fleet
shadow operation, where predictions run passively on field data while a limited mainte-
nance or reference subset provides delayed ground truth. This stage enables calibration
assessment, drift detection, and alert-quality evaluation. F5 constitutes closed-loop safety-
governed operation, where outputs influence charging, de-rating, maintenance, or war-
ranty decisions under auditable rollback and safety constraints. The roadmap therefore
reframes validation as a progression from model fitting to governable use
[11,12,36,37,39,40].

By organizing the evidence ladder into explicit fidelity levels, validation goals, and
transition requirements, the table clarifies that deployment readiness is not a binary prop-
erty but the outcome of progressively accumulated evidence. It therefore supports the
primary claim of this review: trustworthy SOH/RUL estimation requires not only meth-
odological performance but also traceable progression from laboratory control to field-
relevant operational realism.

To bridge the gap between validated estimators and operational battery manage-
ment, Figure 6 introduces a deployment pipeline that links sensing inputs, SOH/RUL in-
ference, uncertainty handling, validation gates, BMS decision logic, and feedback mecha-
nisms within an auditable operational loop.

This pipeline highlights that SOH/RUL estimation becomes deployment-relevant
only when these core components are comprehensively integrated. Consequently, estima-
tor outputs should be interpreted through risk-aware thresholds and fallback logic rather
than point estimates alone.

-

N N i
(1] 12 (3] o (5 ) 0 ~
g : N RJ
SENSING W INFERENCE [@| UNCERTAINTY |4 VALIDATION GATE |¢» BMS DECISIONS (@ FEEDBACK
I, V, T streams SOH / RUL Prediction intervals Worst-domain error Derating / charging Delayed labels
EIS / relaxation / cstimaton 00D / drift checks Coverage Thermal control Recalibration
S e Hybnidiphysicsch Calibration Warning risk Maintenance / Rollback fallback
Metadata ML safety
Digital-twin layer
b _/ . N J J
A

@@

Risk-aware decision logic
Point estimates are accepted only with calibrated uncertainty, bounded warning risk,
and feasible runtime/memory.

updates decision policy

5

Closed-loop evidence flow
Field outcomes, delayed reference measurements, drift alarms, and maintenance events
update the estimator and the digital twin.

!

feedback loop: field evidence -> recalibration -> safer BMS decisions

( Deployment readiness is a property of the full sensing-inference-decision-feedback chain.

)

Figure 6. Deployment pipeline linking SOH/RUL estimates, uncertainty, validation gates, BMS de-

cisions, and feedback loops.
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8. Critical Gaps, Limitations, and Failure Modes

The review highlights six strategic gaps for the Batteries community. Firstly, public
benchmarks still over-represent full-cycle laboratory data and under-represent partial
windows, sparse sensors, delayed labels, and protocol shift. The growing interest in par-
tial-charge and small-window diagnostics further highlights the need for realistic observ-
ability assessment. Although these approaches are among the most promising candidates
for deployment-oriented SOH estimation, their effectiveness depends strongly on obser-
vation window length, SOC coverage, measurement quality, temperature variability, and
the availability of contextual operating information. Future benchmark datasets should
therefore report such conditions explicitly rather than treating all partial-window obser-
vations as equivalent sources of health information. Secondly, many learned representa-
tions do not sufficiently separate irreversible degradation from the reversible operating
context, such as the temperature, current history, and SOC window. Thirdly, cross-fidelity
transfer from cells to modules, packs, and fleets remains underdeveloped, even though
pack imbalance, thermal gradients, balancing events, contact resistance, and sparse sens-
ing can invalidate cell-level assumptions.

Fourthly, uncertainty is still too often reported as an auxiliary output rather than as
a deployment acceptance criterion. Future studies should report interval coverage, cali-
bration under domain shift, selective prediction, abstention policies, and decision-condi-
tioned warning risk. Fifthly, cross-chemistry and cross-manufacturer generalization re-
mains weakly validated; stronger studies should use blind external holdouts and report
domain boundaries explicitly. Sixthly, rich intermittent diagnostics such as EIS, DRT, re-
laxation-voltage probes, and thermal maps should be treated as calibration anchors and
twin-synchronization events rather than as either purely laboratory tools or continuously
deployable signals.

The review protocol also has limitations. It was designed as a critical conceptual re-
view with a structured research set classification rather than as a PRISMA-style systematic
review or statistical meta-analysis. Consequently, the comparisons should be interpreted
as evidence-maturity judgments rather than pooled quantitative rankings. The primary
literature is heterogeneous in chemistry, format, protocol, sensing configuration, target
definition, validation split, and reporting completeness, which limits direct numerical
comparison across studies.

At the deployment level, the most important failure modes are observability failure,
domain-shift failure, cross-fidelity over-claiming, uncertainty miscalibration, data or val-
idation leakage, proxy-label failure, sensor/preprocessing failure, decision integration fail-
ure, computational infeasibility, and lifecycle drift. These risks can be mitigated only
when validation explicitly links sensing assumptions, domain boundaries, calibration
quality, warning risk, computational feasibility, and rollback-safe governance. Detailed
evidence classification and traceability information is provided in Supplementary Table
S1[103-165].

9. Conclusions

The literature now provides abundant evidence that SOH/RUL estimation can be
highly accurate under controlled conditions and increasingly useful under realistic ones.
For a journal focused on batteries, however, accuracy alone is no longer the right organ-
izing metric. Robustness under realistic operating variability depends on matching the
estimator structure to observability, integrating the mechanism with learning, quantifying
uncertainty in deployment-relevant terms, and validating across cell, module, and pack
fidelities before closed-loop use [8-11,50-52,166—-170].
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Rather than suggesting a single winning paradigm among model-based, machine
learning, and physics-informed approaches, the reviewed evidence indicates that inte-
grated battery health architectures may offer the greatest potential for improving deploy-
ment robustness. Such architectures can combine online electrical estimators with oppor-
tunistic diagnostics, mechanistic constraints, uncertainty-aware supervisory logic, and
digital-twin-enabled lifecycle management. While the available evidence remains hetero-
geneous and further validation is required, these integrated approaches appear particu-
larly promising for bridging the gap between benchmark performance and real-world
battery health intelligence. However, the present literature does not yet provide sufficient
evidence to conclude that any single architecture has emerged as a universally dominant
solution across chemistries, applications, and deployment environments [8-11,168-176].

In practical terms, the proposed framework implies that future SOH/RUL studies
should report not only mean prediction error but also the sensing assumptions, domain
boundaries, uncertainty calibration, cross-fidelity degradation, and BMS-facing ac-
ceptance criteria under which the estimator remains valid. Such reporting would make
battery-health estimators more comparable, auditable, and transferable across laboratory,
pack, and field settings. Taken together, the reviewed literature suggests a gradual tran-
sition from model-centered benchmarking toward evidence-centered deployment science.
Achieving this transition will require more rigorous reporting of sensing assumptions,
domain boundaries, uncertainty calibration, cross-fidelity transferability, and deploy-
ment-oriented acceptance criteria. Such developments would improve the comparability,
auditability, and practical usefulness of future battery-health estimation systems across
laboratory, pack, and field environments.
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