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Abstract

Lithium-ion battery management is moving from scalar state estimation toward

integrated supervision of health, safety, and fast-charging capability. Existing reviews

have addressed battery informatics, probabilistic prognostics, physics-guided learning,

or digital-twin concepts as largely separate topics, but the connection among

observability, mechanistic state representation, uncertainty quantification, and

decision-oriented control remains underdeveloped. This Review reorganizes the field

around uncertainty-aware physics-guided digital twins and argues that health loss,

safety risk, and fast-charge limitations originate from coupled electrochemical, thermal,

mechanical, and interfacial processes rather than from independent objectives. The

discussion first identifies the shared physicochemical basis of degradation, with fast

charging treated as a stringent validation case for a useful twin. The literature is then
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structured around four coupled layers: observability and data, physics-based and hybrid

models, uncertainty-aware inference, and decision-facing control. On this basis, the

Review examines health management beyond scalar state of health, plating-aware

safety diagnosis, risk-constrained fast charging, and deployment from cell to pack and

fleet levels. Finally, benchmarking, standardization, semantic data governance, and

battery-passport requirements are discussed together with future opportunities in

multimodal sensing, knowledge-enhanced twins, and autonomous closed-loop

optimization. The central conclusion is that a deployable battery digital twin must be

physics-grounded, uncertainty-calibrated, and explicitly designed to support decisions.

Keywords: Battery digital twin, lithium-ion batteries, uncertainty quantification,

physics-guided machine learning, fast charging

INTRODUCTION

Lithium-ion batteries underpin electrified transportation, grid buffering, and portable

electronics, but large-scale deployment remains constrained by the coupled

requirements of high energy density, short charging time, long lifetime, low cost, and

safety. Recent reviews in Advanced Materials and npj Computational Materials show

that machine learning has accelerated the transition from empirical trial-and-error

workflows toward data-centric battery science, while also exposing the limitations of

purely empirical optimization when data coverage, task relevance, and experimental

validation are inadequate[1-3]. For electric vehicles and stationary storage, the central

challenge is therefore no longer limited to discovering better materials; it is to manage

each battery system safely and efficiently as it ages under heterogeneous real-world

use.

This systems-level challenge creates a natural role for digital twins. In the battery

context, a digital twin should be understood as a continuously updated representation

that integrates measurements, mechanistic priors, and inference to estimate internal

states, predict degradation, quantify risk, and support operational decisions[4,5]. Such a

representation is valuable only if it connects hidden electrochemical and thermal states

to actionable outcomes: health estimation, safety warning, fast-charging supervision,

maintenance, and lifecycle decisions.

https://www.scierxiv.com/


NOT PEER-REVIEWED

DOI: 10.20517/scierxiv202605.0340.v1 https://www.scierxiv.com/3

Fast charging illustrates the promise and difficulty of this framework. Closed-loop

learning has shown that high-dimensional charging protocols can be searched

efficiently[6], whereas plating-aware sensing and operando diagnostics indicate that the

practical limits of fast charging are controlled by latent electrochemical, thermal, and

mechanical states rather than by voltage-current thresholds alone[7-10]. Fast charging

should therefore be treated as a state- and risk-dependent control problem, not as a

fixed protocol-design problem.

The main barrier is the gap between laboratory observability and field deployment.

Vehicle batteries rarely experience ideal full cycles; instead, they operate through

fragmented charging, partial discharge windows, thermal variability, cell-to-cell

inconsistency, and sparse labels for true health states. Recent Communications

Engineering and Nature Communications studies demonstrate that large EV datasets

can support more realistic state-of-health estimation, but they also reveal persistent

ambiguity in SOH definition, pack-level heterogeneity, and operational domain

shift[11,12].

Existing reviews often cover only one part of this landscape—battery informatics,

probabilistic health prognostics, physics-guided machine learning, or cloud battery

management—and therefore stop short of a unified account of how sensing, modeling,

inference, and decision making should be connected[2-5]. This revised review adopts a

different organizing principle. Instead of cataloguing algorithms, it focuses on

uncertainty-aware physics-guided digital twins as decision systems for integrated health,

safety, and fast-charging management.

What is still missing is a framework that is sufficiently mechanistic to remain

meaningful under distribution shift, yet sufficiently adaptive to remain useful under

fragmented operating data and evolving battery conditions. This missing middle is

precisely where battery digital twins become relevant. In the present context, a digital

twin should not be reduced to a high-fidelity simulator, a software dashboard, or a

machine-learning predictor. It should instead be understood as a decision-oriented

representation of the battery that is continuously updated by measurements, informed
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by mechanistic priors, and evaluated against uncertainty. Such a definition is especially

important in electrochemical systems because multiple internal degradation pathways

can generate similar terminal voltage and capacity trajectories. Without an explicit

internal-state representation, state estimation can become numerically accurate but

physically ambiguous[13,35].

A second unresolved issue concerns scale. Much of the literature on battery diagnostics

is still framed around single cells under well-controlled laboratory protocols, whereas

practical battery management must operate at the level of packs, fleets, and lifecycle

decision chains. Thermal gradients, current maldistribution, module imbalance,

charging-station heterogeneity, and incomplete ground truth all alter the meaning of

state estimation once deployment moves from the cell cycler to the vehicle or storage

system[11-13]. Consequently, a review focused only on cell-level inference or only on

algorithm families risks missing the systems problem that motivates digital twins in the

first place.

A third unresolved issue concerns interpretation. A growing body of recent work argues

that the central variables for battery management are not single scalar labels, but latent

representations that connect what can be observed to what must be controlled. For

health, this means degradation modes rather than capacity alone. For safety, it means a

latent state of safety rather than post hoc threshold alarms. For charging, it means a

risk-conditioned action set rather than a universally optimal protocol. These

developments suggest that the most useful future battery-management frameworks will

be structured around hidden states, uncertainty, and control relevance instead of around

isolated prediction tasks[5,13,19,27,35].

This review therefore aims to provide a more closed analytical narrative than is typical

in existing battery-ML surveys. Rather than treating health estimation, safety diagnosis,

fast charging, sensing, uncertainty quantification, and deployment as parallel themes,

the article argues that they are different expressions of the same multi-layered problem.

The central thesis is that a deployable battery digital twin must be simultaneously

physics-grounded, uncertainty-aware, and decision-oriented. The discussion is

organized accordingly: Section 2 identifies the shared physicochemical basis of health
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loss, safety escalation, and fast-charging limitation; Section 3 defines the architecture

of uncertainty-aware physics-guided digital twins; Section 4 examines

digital-twin-enabled health management beyond scalar SOH; Section 5 turns to safety

diagnosis and risk-constrained fast charging; Section 6 addresses deployment,

benchmarking, and data governance; and Sections 7-8 synthesize future directions and

the main conclusion.

Table 1 positions representative prior work according to the role it plays in this Review:

data-centric battery science, probabilistic prognostics, physics-guided modeling,

operando observability, field-data deployment, and lifecycle data governance.

Table 1. Representative prior studies grouped by conceptual role in the present

review.

Conceptual strand
Representative

article
Role in the present

review

Data-centric battery

research

Lv et al., “Machine

Learning for Materials

Development and State

Prediction in Lithium-Ion

Batteries” (Adv. Mater.

2022) [1]

Establishes the

broader AI landscape and

motivates the shift from

empirical workflows to

data-centric battery

science.

Battery informatics

Ling, “A review of

the recent progress in

battery informatics” (npj

Comput. Mater. 2022) [2]

Clarifies the main

data sources, bottlenecks,

and machine-learning task

families in battery

research.

Application-oriented

ML

Wang,

“Application-oriented

design of machine learning

paradigms for battery

science” (npj Comput.

Mater. 2025) [3]

Reframes battery ML

around task relevance,

data adequacy, and

experimental validation.
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Conceptual strand
Representative

article
Role in the present

review

Physics + ML for

management

Borah et al.,

“Synergizing physics and

machine learning for

advanced battery

management” (Commun.

Eng. 2024) [4]

Provides the

conceptual backbone for

internal/external

integration and battery

digital twins.

Probabilistic battery

prognostics

Thelen et al.,

“Probabilistic machine

learning for battery health

diagnostics and

prognostics” (npj Mater.

Sustain. 2024) [5]

Defines uncertainty

types, task taxonomy, and

calibration-focused

evaluation.

Fast-charging

optimization

Attia et al.,

“Closed-loop optimization

of fast-charging protocols”

(Nature 2020) [6]

Demonstrates

learning-in-the-loop

charging-policy

optimization.

Plating-aware

operando sensing

Huang et al.

(pressure) [7], Zeng et al.

(thermal-wave) [8],

Wasylowski et al.

(ultrasound) [9], Ishigaki et

al. (MHz electromagnetics)

[10]

Shows that plating

and related side reactions

are becoming partially

observable during

operation.

Automotive field data

von Bülow et al.

(Commun. Eng. 2024)

[11]; Liu et al. (Nat.

Commun. 2025) [12]

Shows both the

promise and the

limitations of real-world

data for pack-level health

estimation.

https://www.scierxiv.com/


NOT PEER-REVIEWED

DOI: 10.20517/scierxiv202605.0340.v1 https://www.scierxiv.com/7

Conceptual strand
Representative

article
Role in the present

review

Degradation-mode

interpretation

Li et al., “The

importance of degradation

mode analysis ...” (Nat.

Commun. 2025) [13]

Explains why

capacity-only fitting is

insufficient and why

degradation modes should

be explicit state targets.

Hybrid and

physics-informed learning

Wang et al. (PINN,

Nat. Commun. 2024) [18];

Che et al. (mechanistic

residual learning, Nat.

Commun. 2026) [20]

Representative routes

for embedding mechanism

into learnable battery

twins.

Digital-twin-enabled

diagnosis

Guo et al., “Digital

Twin-Assisted Degradation

Diagnosis During Fast

Charging” (Adv. Energy

Mater. 2024) [19]

Links fast-charging

actions directly to aging

modes and mechanistic

interpretation.

Data semantics and

governance

Clark et al., “Toward

a Unified Description of

Battery Data” (Adv.

Energy Mater. 2022) [16];

EU Battery Regulation

2023/1542 [32]

Shows why ontology,

standardization, and

battery passports are

central to deployable

battery twins.

SHARED PHYSICOCHEMICAL ORIGINS OF HEALTH, SAFETY, AND

FAST CHARGING

Health estimation, safety protection, and fast charging are often handled as separate

engineering problems, yet in practice they are different manifestations of one coupled

degradation landscape. Mechanism-aware analyses show that capacity fade, power fade,

plating propensity, and safety escalation are linked through shared electrochemical and

mechanical pathways, including SEI growth, electrolyte depletion, lithium plating,

active-material loss, and particle cracking[5,13]. This observation matters because very

different internal states can produce similar external capacity-loss trajectories,
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especially when only voltage or resistance are used as labels[13]. A useful digital twin

must therefore explain not only how much performance has been lost, but why it has

been lost.

This is why degradation modes are more informative than scalar health labels. The now

common decomposition into lithium inventory loss (LLI), positive-electrode loss of

active material (LAM_PE), and negative-electrode loss of active material (LAM_NE)

offers a physically meaningful middle layer between latent mechanisms and

measurable performance[5,13]. Once health is expressed in this intermediate form, state

estimation, remaining-life prediction, and charging control can be connected more

naturally because the twin can reason over the mechanism space instead of over a

single capacity number.

Fast charging is the harshest validation case for such reasoning. Under low temperature,

high current, or heterogeneous internal transport conditions, local overpotentials rise

and lithium plating becomes more likely, while thermal and structural nonuniformity

amplify the damage[6,7]. Operando pressure, thermal-wave, ultrasound, and MHz

electromagnetic studies further show that plating and related side reactions are spatially

distributed, time-varying phenomena rather than discrete threshold events[7-10]. As a

result, the limiting quantity for fast charging is not current alone but the joint evolution

of latent electrochemical, thermal, and risk states.

The same logic extends from cell to pack scale. In practical EV systems, the relevant

state space includes not only cell-level SOC and degradation modes, but also pack-level

thermal gradients, current maldistribution, worst-cell margin, and evolving operational

context[11,12]. The lab-to-field gap therefore changes the task definition of a digital twin:

the objective is no longer the accurate fitting of curated cycling data, but robust state

reconstruction and decision support under partial observability, domain shift, and

sparse ground truth.

Two analytical consequences follow from this observation. The first is that

identifiability becomes a central issue. If different combinations of LLI, LAM_NE,

interfacial impedance growth, electrolyte depletion, and structural heterogeneity can
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reproduce similar external degradation curves, then capacity-only model fitting is

intrinsically underdetermined. A management framework built only on terminal

variables may therefore remain blind to whether the limiting factor is lithium inventory,

active-material accessibility, transport resistance, or plating risk. This is not a semantic

nuance. It directly affects whether a battery should be charged more conservatively,

thermally conditioned, derated, repurposed, or retired[10,13].

The second consequence is that health, safety, and fast charging cannot be separated by

time scale as cleanly as they often are in engineering practice. Slow interphase growth,

transition-metal dissolution, and active-material isolation reshape local transport

pathways; those transport limitations alter overpotential distributions during fast

charging; and those overpotentials change the likelihood of plating, gas generation, or

localized heat release. In that sense, fast charging is not an independent objective

layered on top of a healthy battery. It is an operational regime that exposes the evolving

internal state of the battery more aggressively than mild cycling does[6,7,9,36].

This coupling is particularly visible when degradation is viewed through the lens of

propagation. At the cell level, the relevant progression may be from interfacial growth

to transport limitation, then to plating or self-heating. At the pack level, the same

progression is amplified by nonuniform cooling, electrical interconnection, and

balancing constraints. A cell that is only moderately aged in isolation can become the

worst cell in a series-connected string, limiting both pack power and safe charging

current. The cell-to-pack transition is therefore not a mere scaling problem; it changes

which latent variables become safety-critical and which observables retain diagnostic

value[11,12].

Recent safety-focused reviews have begun to articulate this bridge more explicitly by

treating degradation, fault evolution, and thermal runaway as a continuum rather than

as isolated failure classes[13,35,50,58]. That viewpoint is highly relevant here because

battery digital twins must eventually operate across the same continuum. A useful twin

should therefore not be designed only to estimate gradual ageing or only to detect rare

events. It should instead be able to represent how long-term ageing modifies near-term

hazard thresholds and how abnormal operation reshapes future degradation trajectories.

https://www.scierxiv.com/
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Figure 1 summarizes this coupled landscape from application need to latent mechanism.

The application map in Figure 1a sets the management requirements. Figure 1b and

Figure 1c then show that capacity fade and power fade arise from interacting

degradation submodels and degradation modes rather than from a single ageing

coordinate. Figure 1d and Figure 1e add spatially resolved plating and electrothermal

nonuniformity. Figure 1f, Figure 1g, and Figure 1h show how these mechanisms

become difficult to infer in EV field data. Figure 1i therefore frames the digital twin as

a systems-level response to a many-to-one inverse problem: multiple latent degradation

pathways can project onto similar terminal signals, so management requires an

internal-state representation rather than a scalar label alone.

A useful way to make this coupling more concrete is to separate the latent failure

landscape from its observable manifestations. At the latent level, the primary actors are

interphase growth, active-material isolation, electrolyte consumption, plating, crack

nucleation, oxygen release, and heat generation. At the observable level, the quantities

seen by the BMS are far more compressed: voltage trajectory, apparent capacity,

impedance rise, relaxation behavior, pressure, temperature, and, occasionally, gas

emission. The mapping from the first set to the second is many-to-one. The same

terminal voltage depression can arise from lithium loss, transport limitation, thermal

imbalance, or contact degradation. Conversely, a small change in one observable, such

as dP/dQ, may carry disproportionate information about a specific latent mechanism

such as plating[7,12,13,35,36,43]. The digital-twin problem is therefore fundamentally an

inverse problem under structural non-uniqueness.

Recent degradation-and-safety studies further suggest that ageing modifies not only the

mean performance trajectory but also the shape of the hazard landscape. Aged cells

may exhibit lower tolerance to mechanical abuse, altered separator resilience, earlier

self-heating onset, modified gas-evolution chemistry, and different thermal runaway

heat release. This means that degradation cannot be treated as a neutral background

trend that simply lowers capacity. It actively changes the triggering conditions,

escalation pathways, and observability of extreme events. Put differently, ageing does

not merely precede safety failure; it conditions the entire fault-to-hazard
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transition[10,13,41,42,46,47]. For a digital twin, this implies that safety states should be

conditioned on health states, and health states should be updated with awareness of

safety-relevant operating history.

A related point is that fast charging should be understood as an information-rich

perturbation. Under mild cycling, many harmful mechanisms evolve slowly and remain

partly latent. Under fast charging, local overpotentials, thermal gradients, transport

limitations, and interfacial instabilities are amplified, making otherwise subtle

differences among cells more observable. This is one reason why fast charging is such

a stringent validation scenario for battery twins: it magnifies both the opportunity for

state discrimination and the penalty for model misspecification. A twin that remains

well calibrated under fast charging is likely to be informative under gentler conditions;

the converse is not necessarily true[6-10,19,36,39].

The coupling among degradation, fault development, and catastrophic failure can also

be viewed through a timescale hierarchy. Slow processes such as SEI growth, lithium

inventory loss, and contact degradation reshape the baseline electrochemical state over

weeks to months. Intermediate processes, such as localized lithium deposition, gas

generation, or thermal imbalance under repeated high-rate operation, evolve over

cycles or hours. Very fast processes, such as internal short circuits, violent gas release,

or thermal runaway, can unfold in minutes or seconds. A battery digital twin that aims

to be decision-useful must therefore preserve continuity across these timescales. It is

not enough to estimate long-term health without relating it to short-term hazard, nor to

detect short-term anomalies without situating them within the ageing state that

conditioned them[10,13,35,41,42].

This continuity matters because interventions also operate on different timescales.

Design changes, electrolyte choices, and formation protocols act before the battery is

deployed. Thermal conditioning, charging control, and balancing operate during use.

Maintenance, warranty, repurposing, and recycling decisions act later in the lifecycle.

The same hidden state may influence all of them, but in different ways. For example, a

pack with modest average capacity fade but a strongly degraded worst cell may still be

acceptable for some use scenarios while being inappropriate for extreme fast charging
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or second-life deployment. An integrated digital twin is attractive precisely because it

can preserve this causal continuity across lifecycle stages rather than allow the battery

to be reinterpreted independently at each stage[16,17,31,32].

The degradation-to-safety bridge can also be interpreted in terms of progressive versus

abrupt failure regimes. In a progressive regime, latent damage accumulates through

repeated cycling, thermal gradients, local plating, gas accumulation, or contact

degradation until the battery enters a state in which even routine operation becomes

hazardous. In an abrupt regime, an acute trigger such as severe short circuit or

mechanical damage drives the battery into failure on a short timescale, yet the severity

of that event is still conditioned by the pre-existing degradation state. This distinction is

useful because it shows that battery safety is neither wholly slow nor wholly sudden. It

is conditioned by ageing but revealed by events. A practical digital twin must therefore

represent both the gradual movement of the battery toward risk and the acute transitions

by which that risk becomes visible[13,35,41,42,46,50].

A remaining scientific gap is to translate degradation modes into risk thresholds that are

both physically identifiable and operationally actionable. Recent studies on localized

high-temperature instability, side-reaction amplification, thermal-runaway onset, and

aged-cell risk asymmetry show that the same nominal capacity loss can correspond to

very different hazard envelopes depending on interfacial chemistry, heat release

characteristics, and abuse history. In other words, the relevant state is not merely how

much the battery has degraded, but how that degradation reshapes the latent pathways

by which faults escalate. This is precisely the level of closure a useful digital twin must

achieve: it must connect LLI/LAM-type degradation coordinates to transport limitation,

self-heating propensity, short-circuit susceptibility, and thermal-runaway severity rather

than treating these as independent labels[68,70,71,85-96].
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Figure 1. Shared physicochemical origins of health, safety, and fast charging. (a)

Application landscape and management priorities for lithium-ion batteries; (b) Coupled

degradation submodels, including SEI growth, electrolyte dry-out, lithium plating,

active-material loss, and particle cracking[13]; (c) Degradation-mode trajectories

involving LLI, LAMNE, and LAMPE[13]; (d) Phase-field prediction of

lithiation/delithiation and plating/stripping current distributions during charge and

relaxation[35]; (e) Electrothermal network representation of a pouch cell under spatially

resolved thermal gradients[36]; (f) Real-world EV SOH-estimation challenges; (g)

Fragmented EV charging behavior; (h) Fleet-level SOH variability[12]; (i)

Uncertainty-aware physics-guided digital twin as the unifying framework.

ARCHITECTURE OF UNCERTAINTY-AWARE PHYSICS-GUIDED DIGITAL

TWINS

Definition and scope

In this review, an uncertainty-aware physics-guided digital twin is defined as a

continuously updated digital representation of a battery system that couples

measurement streams, mechanistic priors, and data-driven adaptation to estimate

https://www.scierxiv.com/
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hidden states, predict degradation, quantify risk, and support control[4,5]. This definition

deliberately distinguishes a digital twin from both a standalone simulator and a

standalone machine-learning model. A simulator may provide mechanistic consistency

without sufficient adaptability, while a black-box predictor may interpolate well

without clarifying what is physically happening inside the cell.

The qualifier uncertainty-aware is essential. Battery behavior varies across cells, across

usage histories, and across operational domains, so any practically useful twin must

represent what is known and what remains ambiguous. Following recent probabilistic

battery reviews, uncertainty should be carried through the full stack: from noisy or

missing observations, to imperfect model form and drifting parameters, to predictive

risk under unseen conditions[5]. This is especially important when twin outputs are used

to determine charging aggressiveness or safety margins, where overconfidence can be

more harmful than modest point-prediction error.

In practice, this definition implies that the twin must sit between measurement and

action, rather than at either end of the pipeline. If it is reduced to an offline model, it

cannot adapt. If it is reduced to a direct control policy, it cannot explain or calibrate. If

it is reduced to a static dashboard of measured signals, it cannot infer latent states. The

distinctive value of a digital twin therefore lies in preserving a mechanistically

meaningful internal state while remaining open to data-driven correction and

uncertainty-aware updating[4,5,13,28].

A second implication is that the twin should be evaluated by the quality of the decisions

it enables, not only by the error of the intermediate variables it predicts. Accurate SOH

estimation is important, but the engineering question is whether that estimate leads to

more appropriate charging limits, thermal interventions, maintenance recommendations,

or second-life decisions. Likewise, a physically elegant model is not automatically a

useful twin if it cannot be synchronized with measurements or if its uncertainty is not

interpretable to downstream control layers. This decision-facing perspective is what

differentiates a battery digital twin from an advanced battery model[4,5,38].
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Figure 2. Closed-loop architecture of uncertainty-aware physics-guided digital twins.

(a) Closed-loop battery digital twin linking observability, physics-based representation,

uncertainty-aware inference, and decision feedback[37]; (b) Cloud BMS architecture for

data generation, sensing, collection, cloud storage, analytics, and visualization[37]; (c)

Multimodal field-data feature construction for EV SOH estimation, including voltage

maps, charge-capacity and temperature sequences, and point features[12]; (d)

Multi-contributor federated learning framework for retired-battery sorting without

raw-data exchange[38]; (e) Privacy-preserving collaboration compared with the

conventional data-islanding paradigm[38]; (f) Personalized federated fault-warning

architecture using a central hyper-model and local owner-specific models for massive

EV fleets[28]; (g) Closed-loop residual-learning demonstration for battery monitoring[20];

(h) Mechanistically inspired SOC/SOH monitoring pipeline for lifelong state

correction[20]; (i) Cloud-edge-fleet updating and personalization loop for battery digital

twins.

https://www.scierxiv.com/


NOT PEER-REVIEWED

DOI: 10.20517/scierxiv202605.0340.v1 https://www.scierxiv.com/16

Figure 2 should be read as the architectural bridge between the conceptual definition of

a battery digital twin and the observability layer discussed below. Figure 2a defines the

minimum closed loop in which observations are translated into a mechanistic state

representation, uncertainty is carried through inference, and the estimated state

constrains action. Figure 2b extends this loop into a cloud BMS architecture for data

sensing, storage, analytics, and visualization. Figure 2c shows how field data are

converted into multimodal health features rather than treated as unstructured telemetry.

Figure 2d and Figure 2e introduce privacy-preserving retired-battery sorting, where

data contributors train local models and share parameters instead of raw data. Figure 2f

moves the same logic to fleet-scale fault warning through a central hyper-model and

owner-specific local models. Figure 2g and Figure 2h then show how mechanistic

priors and residual learning can keep SOC/SOH estimates synchronized as cells age.

Figure 2i abstracts these elements into a cloud-edge-fleet personalization loop. The

figure therefore does not merely collect management platforms; it defines the

information pathway by which a twin remains synchronized, individualized, and

decision-relevant under field conditions.

Observability, data sources, and the lab-to-field gap

The first architectural pillar is observability. Conventional voltage, current, and surface

temperature signals remain indispensable because they are inexpensive, continuous,

and already available in most BMS hardware[11]. Yet recent work makes clear that these

channels alone are not sufficient for many of the most consequential hidden variables.

Online impedance concepts[15], data ontologies for battery semantics[16], and multiscale

characterization frameworks spanning electrochemical, thermal, and microstructural

measurements[17] together suggest that digital twins should be built from a hierarchy of

data modalities rather than from one monolithic timeseries.

This hierarchy should combine at least four sources of information: operational data

from field use, laboratory cycling and diagnostic data, high-fidelity simulation or

virtual experiments, and structured knowledge extracted from the literature or

manufacturing records[2,11,16,17]. The practical implication is that data engineering

becomes part of model design. What the vehicle stores, what the cloud aggregates, and
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what the twin treats as a label or latent state all shape the eventual notion of battery

health and risk.

From the standpoint of observability, the key challenge is not only that the most

consequential variables are hidden, but that the available observables have unequal

diagnostic value across conditions. Voltage is highly informative near equilibrium but

loses specificity during dynamic load transients. Temperature is useful for thermal

imbalance but often lags internal reactions. Pressure, ultrasound, high-frequency

electromagnetics, and impedance each reveal different slices of the internal state, but

none offers a complete picture on its own. A deployable twin therefore requires

modality selection rather than modality accumulation: each signal should be judged by

the hidden states it makes more identifiable, the conditions under which it remains

informative, and the cost of acquiring it at scale[7-10,15,58-74].

This is one reason why the lab-to-field gap should be treated as an observability

problem rather than merely as a data-volume problem. In the laboratory, one can often

impose full cycles, control temperature, and measure reference quantities with high

fidelity. In the field, one receives fragmented charging windows, irregular driving loads,

varying ambient conditions, missing metadata, and pack-level interactions. The

question is therefore not simply whether a laboratory-trained model generalizes, but

whether the field data contain enough information to reconstruct the variables that the

model was built to estimate[11,12,20,25,41].

The answer may differ by task. For capacity-oriented health tracking, partial-charge or

fragmented-charge features may suffice[7,14]. For degradation-mode diagnosis, richer

signatures such as impedance, relaxation, or controlled perturbations may be

required[20,21]. For safety and fast charging, multimodal sensing can become decisive

because the relevant precursors are spatial, local, and strongly

condition-dependent[7-10,26,39]. The design of a digital twin therefore begins not with

architecture diagrams but with a rigorous statement of which hidden variables are

needed for which decisions, and which measurements make those variables

recoverable.
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This point also implies that observability is partly an experimental-design problem. If

the relevant latent states are weakly expressed in passive field trajectories, then the twin

must either exploit naturally informative events—such as charging segments, relaxation

intervals, or pack imbalance transients—or call on lightweight active probing, for

example through impedance excitation, controlled balancing perturbations, or

fault-residual monitoring. Recent work on hybrid fault diagnosis, degradation

diagnostics, and safety-oriented estimation makes clear that the quality of a battery twin

depends not only on the model class employed but also on whether the available

evidence is sufficiently informative for the variables being estimated[48,97-110].

An equally important principle is identifiability under limited stimulation. In laboratory

diagnostics, one can deliberately impose informative experiments such as full CC-CV

cycles, relaxation sequences, impedance sweeps, or controlled thermal perturbations. In

real operation, the battery often experiences whatever the user or the application

demands. This means that the twin must infer as much as possible from passively

observed trajectories while also recognizing when passive observation is insufficient.

The most useful architectures may therefore combine passive monitoring with

occasional active probing, for example through controlled charging segments,

balancing-resistor perturbations, or opportunistic impedance

measurements[15,21,25,29,65-74].

Table 2 maps these observability trade-offs by relating each modality to the hidden

states it makes more identifiable, its strengths, its deployment limits, and its present

maturity.

Table 2. Observability modalities for deployable battery digital twins.

Modality

Hidden

states

informed

Advantages Deployment limits Maturity
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Modality

Hidden

states

informed

Advantages Deployment limits Maturity

Voltage,

current,

temperature

SOC; ohmic

trend; pack

imbalance;

coarse

thermal state

Low cost;

continuous;

already in BMS

Limited specificity for

local interfacial events
High

Impedance /

EIS

Charge-transf

er resistance;

diffusion

limit;

interfacial

evolution

Mechanism-ric

h; supports

probabilistic

forecasting

Excitation/synchronizat

ion burden; limited

field deployment

Medium

Pressure /

strain

Plating; gas

generation;

swelling;

mechanical

integrity

Early

sensitivity to

local side

reactions

Packaging dependence;

difficult pack

integration

Medium

Thermal-wa

ve / internal

sensing

Effective

thermal

conductivity;

degradation

pathway;

self-heating

precursor

Pathway-sensiti

ve thermal

signatures

Additional hardware

and contact design

required

Medium
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Modality

Hidden

states

informed

Advantages Deployment limits Maturity

Ultrasound /

magnetic

diagnostics

Internal

heterogeneity

; plating

morphology;

current

maldistributi

on

Non-destructiv

e access to

spatially

distributed

states

High instrumentation

complexity; limited

automotive maturity

Low-Mediu

m

Field / fleet

metadata

Usage

context;

transfer

regime;

owner-specifi

c risk;

lifecycle

traceability

Critical for

deployment

realism and

personalization

Incomplete,

heterogeneous, and

weakly standardized

High

collection /

low

semantic

integration
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Figure 3. Multimodal observability for hidden electrochemical, thermal, and

mechanical states. (a) Operando differential-pressure sensing configuration for pouch

cells[7]; (b) Pressure-change mechanism distinguishing lithium plating from

intercalation[7]; (c) Pressure-derived lithium-plating threshold from the dP/dQ profile[7];

(d) Thermal-wave unit-cell and contact model for porous electrodes[8]; (e) Equivalent

thermal network for separator-electrode contact[8]; (f) Attachable thermal-wave sensing

for pathway-resolved degradation interpretation[8]; (g) Ultrasound scanning and gated

signal acquisition for operando plating visualization[9]; (h) Signal-to-image

reconstruction for ultrasound imaging[9]; (i) Low-frequency electromagnetic and

equivalent-circuit interpretation of Li-metal plating[10]; (j) High-frequency FEM

analysis of current-density and electromagnetic-field response to plating[10]; (k)

Terminal-impedance response over a wide frequency range[10].

Together, Figure 3a, Figure 3b, and Figure 3c show why mechanical pressure can

expose lithium plating earlier than voltage-only monitoring. Figure 3d, Figure 3e, and

Figure 3f extend observability to thermal-contact and degradation-pathway information.

Figure 3g and Figure 3h add spatially resolved ultrasound imaging, whereas Figure 3i,
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Figure 3j, and Figure 3k show that high-frequency electromagnetic response can

encode metallic-lithium signatures. These examples support the central point that

deployable twins require state-targeted observability rather than indiscriminate sensor

accumulation.

Physics-based models and hybrid learning

The second architectural pillar is a task-matched model hierarchy. For high-frequency

onboard tasks, such as SOC updates or power limitation, low-order equivalent circuit

models remain attractive because they are lightweight and interpretable. For root-cause

analysis, plating prediction, or lifetime extrapolation, higher-fidelity

electrochemical-thermal-degradation models are more appropriate because they

explicitly represent concentration gradients, overpotentials, transport bottlenecks, and

mechanism-specific aging[4,13]. The key point is not that one model class is universally

superior, but that different time scales and decisions require different levels of

mechanistic detail.

Physics-guided machine learning becomes valuable precisely at this interface. Internal

integration approaches embed physical relations into the architecture or loss function,

as illustrated by physics-informed SOH modeling[18]. External integration approaches

use mechanistic models as priors, feature generators, simulators, or residual backbones,

as seen in digital-twin-assisted degradation diagnosis under fast charging[19] and

mechanistically guided residual learning for lifelong state monitoring[20]. In both cases,

the goal is not to decorate a neural network with physical terminology but to improve

sample efficiency, extrapolation, and state interpretability by constraining learning

within a physically meaningful representation.

A useful way to interpret this hierarchy is through task allocation. Equivalent-circuit

models remain attractive when computational parsimony and real-time execution

dominate, for example during onboard SOC estimation, online filtering, or

control-oriented state tracking. Reduced-order electrochemical models become

valuable when concentration gradients, overpotentials, or plating thresholds must be

represented explicitly but full P2D fidelity is still unaffordable. High-fidelity

electrochemical-thermal-degradation models become necessary when the management
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task itself depends on mechanism attribution, such as understanding how charging

protocols redistribute ageing modes or why a local hotspot appears under a given

cooling topology[4,13,19,38].

This also explains why model simplicity and model usefulness are not the same thing.

A model can be numerically stable but semantically poor if it suppresses the very states

that matter for decision making. Conversely, a high-fidelity model can be scientifically

valuable yet operationally irrelevant if it cannot be synchronized with the available

measurements or cannot be updated online. The key design question is therefore not

whether a model is simple or complex, but whether its state variables are aligned with

the management objective. In battery digital twins, state-space design is therefore a

central scientific act rather than an implementation detail[4,13,25].

Hybrid learning becomes meaningful in this context because it allows the twin to

inherit the state semantics of physical models while using data-driven components to

absorb unresolved heterogeneity, missing physics, or field-induced drift.

Physics-informed neural networks, residual learners, reduced-order surrogates, and

domain-adaptive mappings all belong to this broader strategy. Their value is greatest

when the physical prior remains informative but incomplete, which is precisely the

regime encountered in real battery systems[8,18-21,25,38].

Figure 4 links the physical model hierarchy to hybrid and probabilistic learning in

sequential order. Figure 4a introduces a cross-scale electrochemical-mechanical model

that connects particle-scale strain, electrode-scale deformation, and cell-level

voltage-strain response, providing a mechanistic backbone distinct from the

electrothermal heterogeneity shown in Figure 1e[39]. Figure 4b identifies the chemistry

and usage heterogeneity that any transferable model must accommodate, Figure 4c

shows the short-window feature extraction used for physics-informed SOH estimation,

and Figure 4d gives the PINN architecture that constrains degradation learning[18].

Figure 4e, Figure 4f, and Figure 4g then show training, DNN-swarm structure, and

estimation in a domain-adaptive workflow[23]. Figure 4h, Figure 4i, and Figure 4j move

to impedance-based forecasting, where battery state and future action jointly determine

performance[21,25]. The resulting hierarchy should be read as a mapping between
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physical fidelity, state semantics, and decision relevance, not as a simple ranking of

model complexity.

This suggests an additional design principle: battery digital twins should be built

around state variables that are operationally sufficient rather than merely physically

exhaustive. An exhaustive state description of a lithium-ion cell would be intractable

for most deployment contexts. An operationally sufficient description, by contrast,

preserves the latent variables needed to support the decisions of interest. For health

management, this may be a vector of capacity, resistance, LLI, LAM, and uncertainty.

For safety management, it may be a latent hazard state coupled to internal temperature,

pressure, and escalation likelihood. For fast charging, it may be the admissible action

set conditioned on plating risk and thermal margin. The architecture should therefore be

judged by sufficiency for intervention rather than by formal fidelity alone[4,5,13,28,38].

A second design principle is synchronization. A digital twin that cannot remain

synchronized with real measurements is not a twin in any useful sense. Synchronization

is difficult in batteries because the information content of incoming data is highly

nonuniform across time. A full CC-CV charge may be highly informative; a brief

partial charge may not be. A thermal transient may be diagnostic under one condition

and uninformative under another. Real systems therefore require event-aware updating

rules that weight incoming measurements by their state informativeness, rather than

simply by their recency. This is one reason why cloud-assisted and edge-assisted

battery twins are attractive: they allow asynchronous data aggregation, event-triggered

diagnostics, and model updates at timescales that match the underlying

physics[12,20,25-28,37,38,47].
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Figure 4. Physics-based models, hybrid learning, and uncertainty-aware inference. (a)

Cross-scale electrochemical-mechanical modeling framework linking particle-scale

strain, electrode-scale displacement, and cell-level voltage-strain response for

high-fidelity battery twins[39]; (b) Chemistry and user-dependent degradation

heterogeneity motivating physics-informed learning[18]; (c) Short charging-window

feature extraction for SOH estimation[18]; (d) Physics-informed neural-network

architecture for stable degradation modeling and SOH prognosis[18]; (e) Training

procedure for domain-adaptive SOH estimation[23]; (f) DNN-swarm architecture for

source-target transfer[23]; (g) Estimation procedure without additional degradation

experiments[23]; (h) Impedance-based forecasting framework under variable future

protocols[21]; (i) State-action forecasting evidence showing the joint need for

EIS-derived state and protocol action[21]; (j) Multi-step forecasting performance under

uneven usage[21,25].

Uncertainty-aware inference and decision layers

The third architectural pillar is uncertainty-aware inference. Rather than returning a

single SOH value, the twin should estimate a probability distribution over current states,

degradation modes, and future risk, ideally with calibrated measures of epistemic and

aleatory uncertainty[5]. Impedance-based probabilistic forecasting illustrates the value
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of this view: battery condition is better described as a multidimensional state vector

than a single scalar health index, and predictive uncertainty becomes part of the state

itself when future usage is variable or partially unknown[21].

The fourth pillar is decision and deployment. A useful twin must map estimated states

and uncertainties onto actions such as charging-rate selection, thermal intervention,

power derating, maintenance recommendation, or fleet-level model update[4,5]. This

naturally motivates a cloud-edge-fleet architecture: the vehicle handles real-time

filtering and safety execution, while cloud resources perform heavier health diagnosis,

cross-vehicle learning, drift detection, and personalized model adaptation. Seen this

way, the digital twin is less a single model than a layered decision system built around

observability, mechanism, inference, and control.

In battery systems, uncertainty has at least four operationally distinct origins.

Measurement uncertainty arises from sensor noise, drift, limited resolution, and missing

data. Parametric uncertainty arises because latent electrochemical and degradation

parameters are not directly measured and may drift with age or environment. Structural

uncertainty arises because all models suppress part of the underlying physics. Finally,

deployment uncertainty arises because the operating domain itself shifts across users,

climates, battery types, charging infrastructures, and lifecycle stages. A digital twin that

collapses these sources into a single deterministic estimate may still interpolate well on

familiar data, but it cannot support trustworthy management when conditions

change[5,11,12,25,38].

The practical consequence is that uncertainty must be propagated to the decision layer

rather than reported only at the estimator output. A charging controller should not only

know the inferred plating threshold, but also how uncertain that threshold currently is.

A maintenance decision should not only use the estimated health state, but also the

uncertainty around whether the limiting mechanism is LLI, LAM, impedance rise, or a

pack-level imbalance effect. In this sense, calibration is not an optional reporting metric;

it is part of the physical usefulness of the twin[5,21,27].
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The relation between uncertainty and deployment is particularly strong in battery

applications because many operational choices are inherently asymmetric. A slightly

over-conservative charging limit may cost time; an overconfident charging limit may

trigger plating or self-heating. A slightly conservative fault alarm may cause service

interruption; an overconfident miss may allow hazard escalation. This asymmetry is

why battery digital twins should be regarded as risk-mediating systems. Their purpose

is not to eliminate uncertainty, which is impossible, but to structure it in a form that can

inform action[5,18,23,27].

A third design principle is semantic continuity. Battery models are often built for one

lifecycle phase at a time: formation, first use, ageing, second life, or recycling.

However, deployment increasingly requires continuity across these phases.

Manufacturing genealogy affects initial heterogeneity; operating history affects

second-life value; safety incidents affect recycling logistics; regulatory descriptors

affect what can be audited. A battery twin that fragments across lifecycle stages loses

much of its practical value. This is why ontology, battery passport, and digital-thread

concepts should be understood not as external data-management layers but as part of

the architecture of deployable twin systems[12,16,17,31,32,37].

The same task-matched logic applies to model selection: the appropriate model depends

on which hidden states must be recovered and which decisions must ultimately be

supported. In practice, model hierarchy should therefore be interpreted as a mapping

between physical fidelity, state semantics, and decision relevance rather than as a

simple ladder from low to high complexity.

This view also clarifies the role of machine learning in battery twins. Machine learning

is not most useful when it replaces the mechanistic model entirely, but when it learns

which parts of the state are identifiable under current data conditions, how uncertainty

should be recalibrated after domain shift, and where mechanistic priors systematically

fail. In other words, the strongest digital-twin use cases are not those in which AI

suppresses physics, but those in which AI helps determine when physics, measurement,

and decision constraints are jointly informative enough to act[4,5,26-28,38,44-46].
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For this reason, calibration should be treated as a design objective from the outset

rather than as a post hoc evaluation metric. A twin that is slightly less accurate in mean

estimation but reliably calibrated may be more useful than a sharper but overconfident

alternative, especially in charging and safety applications. This is because

battery-management decisions are almost always asymmetric under uncertainty. The

cost of an unnecessary warning or moderate derating is often much smaller than the

cost of missing a true escalation. The architecture should therefore be built to preserve

not only state semantics but also calibration semantics, so that downstream control

layers can interpret what level of confidence is being reported and act

accordingly[5,21,27,38].

A related requirement is fault tolerance in the architecture itself. Practical twins must

continue to function under partial sensor loss, missing metadata, asynchronous uploads,

or occasional drift in the underlying models. This argues for modular architectures in

which sensing, state estimation, hazard assessment, and decision support can degrade

gracefully rather than fail monolithically. In that respect, the most valuable future twins

may be those that are not only accurate when fully informed, but also robustly useful

when partially informed—a condition that better reflects deployment reality[11,12,28,37,38].

Table 3 organizes the model layer by state variables, strengths, limitations, and best-fit

tasks, emphasizing that model choice in a digital twin is task-matched rather than

universal.

Table 3. Model classes and their deployment roles in battery digital twins.

Model class State variables Advantages Limits
Best-fit

tasks
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Model class State variables Advantages Limits
Best-fit

tasks

Equivalent-circuit

models

SOC;

polarization;

lumped

resistance/capac

itance

Fast;

interpretable

;

control-orien

ted

Weak

mechanism

resolution;

limited

extrapolatio

n for

plating/safet

y

Onboard

filtering;

SOC;

power

limitation

Reduced-order

electrochemical models

Concentration

gradients;

overpotentials;

effective

transport states

Better

mechanism

fidelity at

manageable

cost

Still

requires

calibration

and

simplificatio

n

Fast

charging;

diagnostic

supervision

; adaptive

control

Electrochemical-thermal

-degradation models

Electrode

potentials; heat

generation;

plating

tendency;

degradation

modes

Strong

physical

interpretabili

ty; causal

structure

Heavy

parameteriz

ation;

computation

al burden

Root-cause

analysis;

safety;

cloud

diagnosis

Physics-informed

learning

Learned health

trajectories

constrained by

physics

Improved

sample

efficiency;

state

consistency

Depends on

adequacy of

embedded

physics

SOH/SOP/

SOS under

partial data
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Model class State variables Advantages Limits
Best-fit

tasks

Residual / hybrid

learning

Mechanistic

priors +

data-driven

corrections

Good

deployment

compromise;

adapts to

drift

Requires

stable prior

model and

calibration

loop

Lifelong

monitoring

;

personaliza

tion;

cloud-edge

updates

Probabilistic models

Distributions

over states,

parameters, and

risk

Explicit

uncertainty;

supports

risk-aware

decisions

Calibration

and dataset

realism are

critical

Safety;

charging;

maintenanc

e; decision

support

DIGITAL-TWIN-ENABLED HEALTHMANAGEMENT

One of the clearest consequences of this framework is that health management can no

longer be organized around a single scalar SOH definition. Vehicle-oriented

discussions of SOH emphasize that capacity-based, energy-based, and resistance-based

definitions each capture only part of the future usefulness of a battery[11]. A twin that is

meant to support charging, safety, second-life grading, or warranty decisions therefore

needs a vector-like health representation that can simultaneously encode capacity loss,

power limitation, degradation-mode composition, and risk margins[21].

Practical health management begins with deployable health indicators. Early

machine-learning pipelines demonstrated that carefully engineered features extracted

from partial charge curves can estimate SOH with usable confidence intervals[22]. More

recent domain-knowledge-guided work moves this idea closer to the field by

constructing indicators that remain meaningful under fragmented charge windows and

real driving discharges[14]. This is an important conceptual shift: useful health indicators
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are not simply statistically predictive; they must also remain computable under realistic

operating constraints.

A second shift is from capacity estimation to degradation diagnostics. If multiple

internal pathways can produce similar capacity-loss curves, then maintenance and

charging decisions require more than a scalar estimate. Mechanism-aware studies now

argue that LLI, LAM_NE, and LAM_PE should be treated as explicit diagnostic targets,

not merely as post hoc explanations[5,13]. In this context, information-rich measurements

such as electrochemical impedance can act as compressed fingerprints of hidden

electrochemical processes and support probabilistic forecasting even when detailed

usage history is unavailable[21].

The third shift concerns generalization. Health models trained on single chemistries or

narrow laboratory protocols often fail when transferred to new manufacturers, broader

operating conditions, or field data. Domain-adaptive deep learning has shown that

usable SOH estimation can be obtained without repeating full degradation experiments

for every target battery[23], while inter-cell deep learning has demonstrated improved

lifetime prediction across diverse ageing conditions and even across chemistries[24].

These results suggest that the right question is no longer whether transfer is possible,

but how much mechanistic and statistical structure is needed to make transfer

trustworthy.

Field data are now sufficiently rich to make this transition concrete. Open-source EV

datasets have enabled multimodal SOH estimation from large numbers of vehicles,

exposing both the opportunity and the complexity of pack-level health assessment[12].

At the same time, the historical lesson from early-life prediction is still important:

deliberately designed datasets and informative early-cycle features remain powerful

when paired with physically meaningful targets[25]. For digital twins, the implication is

that cell-level diagnosis, pack-level heterogeneity management, and fleet-level learning

should be treated as a single service continuum rather than as isolated modeling

problems.
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This is also where hybrid digital twins show practical strength. Fast-charging-specific

twins can translate observed aging into mechanism-level interpretations[19], while

mechanistically guided residual learning offers a route to continuous monitoring

throughout life without repeated offline recalibration[20]. Taken together, these

developments point to a health-management architecture in which lightweight onboard

monitoring is periodically corrected by richer cloud-level inference, and both are

anchored to mechanism-aware latent states rather than to a single empirical health

score.

The notion of vector health is useful precisely because it resolves several ambiguities

that have historically been hidden inside scalar SOH. Capacity loss does not distinguish

between loss of lithium inventory and loss of active material. Resistance increase does

not by itself identify whether the limiting process lies in charge transfer, ionic transport,

contact loss, or heterogeneous utilization. Even the same numerical SOH can imply

very different remaining safe charging windows, thermal sensitivities, and second-life

values depending on how that SOH was reached. A digital twin can only support

lifecycle decisions if its health representation preserves some of this mechanism-level

structure[10,13,21,44].

This is why early-cycle information has regained importance. The value of early-cycle

features is not merely that they allow earlier forecasting, but that they can encode

intrinsic tendencies of a cell before heavy ageing obscures them. Recent work on

generative and foundation-model approaches suggests that early signals can be

embedded into richer trajectory models, potentially allowing the twin to update both its

current health estimate and its expected future ageing path as new data arrive[20,25,44-46].

In practice, this would move health management from static diagnosis toward continual

prognosis.

Generalization remains the decisive bottleneck. A model that performs well only on a

single chemistry, protocol, or fleet is not a digital-twin solution but a local regression

model. Real deployment requires transfer across manufacturers, climates, pack

topologies, and charging habits. This is why domain adaptation, inter-cell learning,

cross-condition benchmarking, and data-efficient uncertainty-aware learning are central
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rather than auxiliary topics[14,21,23-25,28,29,40-43]. A mature health twin should not merely

survive domain shift; it should indicate when a new operating regime lies outside the

reliable envelope of its prior experience.

The health-management literature is therefore converging toward a representation in

which observables, latent states, and future trajectories are learned jointly rather than

sequentially. Fragmented-charge capacity, multimodel fusion, degradation-mode

decoupling, early-trajectory prediction, and cloud-assisted health updating all point in

the same direction: battery health should be treated as a structured latent process whose

meaning depends on transferability, uncertainty, and intervention relevance. This

perspective also clarifies why health estimation, prognostics, and second-life grading

should not be developed as isolated subfields, but as connected inference tasks sharing

a common state representation[111-125].

Figure 5 translates this argument into health-management workflows in the order from

observable feature construction to lifelong prognosis. Figure 5a shows multimodal

feature engineering from EV field data, and Figure 5b embeds these features into a

deep-learning SOH-estimation framework[12]. Figure 5c and Figure 5d connect a

deployable power-autocorrelation indicator to capacity loss[14]. Figure 5e addresses

available-capacity estimation under fragmented charging, where complete laboratory

cycles are unavailable[29]. Figure 5f and Figure 5g emphasize that lifetime prediction

must be evaluated across diverse ageing factors and capacity-fade trajectories[24]. Figure

5h extends health inference toward mechanistically guided residual learning for

lifelong SOC/SOH correction[20], whereas Figure 5i illustrates early full-lifecycle

prediction through BatteryGPT[43]. The figure therefore supports a vector-health view

in which observables, latent mechanisms, transfer regime, and uncertainty are jointly

relevant to decisions.

The shift from scalar SOH to vector health also changes how one should think about

interpretability. In much of the battery literature, interpretability is treated as an

attribute of the algorithm. In practice, the more consequential notion is interpretability

of the state representation. A highly transparent model is of limited value if it estimates

a quantity that is not aligned with the maintenance or charging decision. Conversely, a
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moderately complex model may still be useful if it yields a health representation that

can be decomposed into physically meaningful limiting factors. For battery twins,

interpretability therefore begins with what is estimated, not only with how it is

estimated[5,13,21,44].

This has immediate implications for pack management. A battery pack does not fail

gracefully according to the average cell. It is constrained by the least healthy cell, the

hottest region, the most resistive connection, or the most uncertain safety margin. A

twin that estimates only fleet-average or pack-average health may therefore

underestimate operational risk. In contrast, a vector-health formulation can preserve

pack dispersion, worst-cell margin, and uncertainty around both. This is essential when

health outputs feed into balancing, charging derating, warranty assessment, or

second-life grading[11,12,20,25,28].

Another underappreciated issue is that health estimation and prognosis operate on

different evidence regimes. Current-state estimation can rely on short windows and

local indicators; long-horizon prognosis requires assumptions about future operating

conditions. This means that the most credible health twins will usually combine

mechanistic current-state estimation with scenario-conditioned prognosis rather than

extrapolate a single trend line indefinitely. The increasing use of generative sequence

models, foundation models, and multimodal latent representations may improve this

transition, but only if such models remain anchored to physically interpretable targets

and calibrated uncertainty estimates[20,25,44-46,55-57].

Second-life management makes these issues even sharper. A battery entering

repurposing does not arrive with a clean, uniformly sampled health trajectory. It arrives

with missing context, uneven stress history, unknown micro-fault burden, and

heterogeneous cell dispersion. A practical twin for second-life decisions therefore

cannot rely only on nominal SOH labels. It must infer residual capability, uncertainty,

and risk under incomplete information, ideally using representations that remain

meaningful across the transition from first-life to second-life applications[10,28,37,54].
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This is also why cloud assistance is likely to remain central to high-quality health

management. Fleet-scale data provide the diversity needed to learn which features

remain stable across vehicles, climates, and charging infrastructures; onboard systems

provide the immediacy required for real-time adaptation. Neither alone is sufficient.

The most useful health-management architectures are therefore likely to remain hybrid

not only in the model sense, but also in the deployment sense: lightweight local

monitoring, event-triggered uplink, and richer cloud-side inference that can return

updated priors, thresholds, and control suggestions to the edge[11,12,20,28,37,38].

There is also a methodological lesson here for benchmark construction. Health models

should not be compared exclusively at equal levels of target observability. Some

methods assume complete charge curves; some assume only partial windows; some

rely on impedance or pulse data; some infer trajectory from early cycles. A review that

compares only endpoint RMSE without declaring these observability assumptions can

mislead readers about what is actually deployable. In digital twins, the operational

question is whether the assumed evidence stream exists in the intended application and

whether it can be acquired repeatedly without unacceptable cost or

disruption[7,12,14,21,25,28].

Figure 5. Digital-twin-enabled health management beyond scalar SOH. (a) Multimodal

feature engineering from EV field data[12]; (b) Deep-learning SOH-estimation

framework using 2D voltage, 1D sequence, and point-feature domains[12]; (c)
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Power-autocorrelation profiles calculated from discharge data[14]; (d) Relation between

power-autocorrelation loss and capacity loss[14]; (e) Available-capacity degradation

under fragmented charging windows[29]; (f) Diverse ageing-factor coverage for

inter-cell lifetime prediction[24]; (g) Long- and short-term degradation behaviors across

ageing conditions[24]; (h) Mechanistically guided residual-learning pipeline for lifelong

SOC/SOH monitoring[20]; (i) BatteryGPT pipeline linking early-cycle data to

full-lifecycle SOH, knee point, and EOL prediction[43].

SAFETY DIAGNOSIS AND RISK-CONSTRAINED FAST CHARGING

Safety diagnosis and fast-charging control are the most stringent tests of whether a

digital twin is truly decision-ready. Conventional BMS strategies rely heavily on

threshold-based protection using voltage, current, and surface temperature. This is

necessary but increasingly insufficient because the most dangerous transitions—lithium

plating onset, local heat accumulation, gas evolution, or the approach to thermal

runaway—develop internally and can remain weakly visible at the surface until late in

the process[7,26].

Recent sensing studies show how a twin can move beyond this limitation. Differential

pressure monitoring detects plating during fast charging[7], thermal-wave sensing

differentiates degradation pathways in commercial cells[8], ultrasound visualizes plating

evolution within multilayer pouch cells[9], and MHz-band electromagnetics reveals

cycle-by-cycle changes associated with metallic lithium deposition[10]. In parallel,

lab-on-fiber measurements demonstrate that internal temperature and pressure signals

can provide early-warning signatures of thermal runaway before traditional external

indicators become decisive[26]. These results do not eliminate the need for modeling;

instead, they create the observability needed for more informative latent safety states.

This motivates a transition from threshold alarms to state-of-safety estimation. A

safety-oriented twin should infer a time-varying hazard state that integrates thermal,

electrochemical, and mechanical evidence rather than issuing binary warnings only

after thresholds are crossed. Recent state-of-safety formulations move in this direction

by combining multiple observables into a unified early-warning indicator and

quantifying warning lead time under abuse conditions[27]. The practical value of such a
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formulation is that uncertainty can be translated into conservative control before

irreversible failure develops.

In fast charging, this latent-state perspective becomes unavoidable. The fundamental

control problem is not to force the battery through a fixed current profile as quickly as

possible, but to exploit whatever fast-charging freedom remains after the current health

state, temperature field, and risk margin are taken into account. Put differently, the safe

charging envelope is not static. It contracts or expands with age, heterogeneity,

environment, and model confidence. The role of a digital twin is to infer this envelope

online and update it continuously rather than treat it as a fixed engineering

constant[6,9,10,13,19,26,39].

Fast charging should be interpreted within the same framework. Closed-loop protocol

optimization proved that data-driven exploration can identify better charging policies

more efficiently than brute-force experimentation[6]. However, a digital-twin

perspective pushes the objective further: the output should not be a universally optimal

protocol, but a safe and context-specific action set conditioned on present health,

temperature, heterogeneity, and predictive confidence. Digital-twin-assisted

fast-charging studies show that this is feasible because charging actions can be linked

directly to changes in dominant aging modes rather than only to terminal capacity

retention[19].

A useful way to express this distinction is through the difference between protocol

optimization and action-space regulation. Protocol optimization seeks a globally good

charging schedule under assumed conditions. Digital-twin charging seeks the set of

locally admissible actions under current inferred conditions. This shift matters because

a protocol that is safe for a fresh cell at 25 °C may not be safe for an aged cell, a pack

with a strong thermal gradient, or a vehicle after repeated high-rate operation.

Risk-constrained fast charging is therefore inseparable from state estimation,

uncertainty quantification, and pack-level supervision[6-10,19,26,39,82-89].

Fast-charging safety is also inseparable from chemistry. The charging window is not

only determined by current, temperature, and state of charge, but by the interphase
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chemistry that governs charge transfer, lithium transport, gas evolution, and plating

reversibility. This is why recent fast-charging advances increasingly couple control

with electrolyte design, interphase characterization, and electrode-level potential

sensing[7-10,39,68,86-89]. A battery digital twin that ignores this chemistry layer may still

regulate current successfully in the short term, but it will remain blind to why the safe

envelope changes over repeated cycling.

For safety diagnosis more broadly, the most important conceptual shift is from event

detection to state-of-safety estimation. Batteries do not move from 'safe' to 'unsafe' in a

single physical step. They transition through a sequence of latent precursor states

characterized by subtle changes in internal temperature, pressure, stress, gas evolution,

impedance, and local current distribution. A warning framework that only reacts after

voltage collapse or sharp temperature rise has already surrendered much of its

intervention window. A state-of-safety framework instead asks how evidence should be

fused before catastrophic failure is visible at the pack surface[13,18,26,27,35,50-60].

This transition is especially important at pack and fleet scales. The same local cell

event may remain weakly visible in aggregate pack telemetry until it is amplified by

thermal propagation or balancing constraints. Conversely, fleet-level monitoring can

reveal rare-event signatures and owner-specific risk patterns that are invisible in

single-vehicle analysis. A complete safety twin therefore spans cell-level precursors,

pack-level escalation, and fleet-level collaborative learning. Its output is not merely a

warning flag, but a graded hazard state that can support derating, charging

reconfiguration, thermal conditioning, or shutdown[12,18,23,27].

At larger scales, safety intelligence also becomes a distributed learning problem.

Privacy-preserving collaborative fault warning demonstrates that fleet-level safety

models can be trained from heterogeneous charging-station data without centralizing

raw records[28]. Meanwhile, fragmented charge-capacity estimation shows that useful

capacity-related information can still be recovered even when full charge traces are

unavailable[29]. Together, these studies imply that safety and fast-charging twins must

be designed for limited onboard observability, fragmented data access, and privacy

constraints from the outset, not retrofitted to them after laboratory success.
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A second unresolved issue in this section is how safety-relevant information should be

prioritized when multiple sensing modalities are available. The emerging battery-safety

literature increasingly shows that current, voltage, temperature, pressure, gas, strain,

and embedded thermal signals are not interchangeable; rather, they resolve different

precursors at different stages of hazard escalation. This is especially important for pack

applications, where aggregate telemetry can mask local precursor states. Recent work

on safety detection technology, multiphysics warning, smart BMS architectures, and

AI-assisted thermal management suggests that the next generation of safety twins will

be judged not only by early-warning lead time, but also by their ability to map specific

evidence streams onto intervention classes such as derating, reconfiguration, isolation,

or shutdown[126-145].

Figure 6 and Figure 7 distinguish the charging and safety faces of the same latent-state

problem. Figure 6a and Figure 6b illustrate how negative-electrode potential and Ti-O

covalency can expand the materials window for fast charging[44]. Figure 6c, Figure 6d,

Figure 6e, and Figure 6f show pressure-triggered dynamic current regulation and

graphite-anode evidence for suppressing lithium plating[7]. Figure 6g and Figure 6h

show post-plating manipulation through electric-field relaxation[45], while Figure 6i and

Figure 6j connect chemistry-enabled fast charging to CC/CV-stage behavior and

cycling retention[46]. Figure 7 then shifts from charging control to hazard-state

estimation. Figure 7a and Figure 7b define the lab-on-fiber measurement platform,

Figure 7c and Figure 7d show internal temperature/pressure traces and

thermal-runaway event sequence, and Figure 7e links these measurements to

mechanism decoding and derivative-based warning before venting[26]. Figure 7f, Figure

7g, and Figure 7h introduce strain-temperature-voltage evidence, electrode-level

damage, and state-of-safety trajectories[27], while Figure 7i adds heat and mass-output

variability under thermal runaway[47]. Together, Figure 6 and Figure 7 show why fast

charging and safety should be treated as coupled control problems rather than as

separate threshold rules.

From a sensing perspective, the central safety challenge is that many precursors are

local while most deployed signals are aggregate. Internal pressure can rise before
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surface temperature. A local hotspot can form before pack-level temperature appears

abnormal. Lithium plating can begin in a limited region before mean voltage or current

reveals anything unusual. This mismatch is one reason why a purely threshold-based

BMS frequently detects late. It also explains the growing interest in richer detection

modalities such as optical fibers, strain sensing, gas detection, ultrasound, lock-in

thermography, magnetic-field imaging, and operando spectroscopy[26,27,39,50,58-81]. A

digital twin does not replace these modalities; it provides the latent-state framework in

which their signals become collectively interpretable.

Battery safety also unfolds across multiple timescales. Some hazards develop over

months through progressive degradation and fault accumulation. Others, such as

sudden short-circuit-triggered escalation, evolve within seconds or minutes. A mature

digital twin should therefore separate long-horizon hazard conditioning from

short-horizon hazard monitoring. The former depends on degradation state, installed

environment, and operating history; the latter depends on fast-evolving thermal,

mechanical, and electrochemical evidence. Conflating these layers can cause either

false confidence or false alarms. This multi-timescale distinction is especially important

for large battery packs in which ancillary equipment, pack topology, and thermal

management subsystems can influence the final hazard outcome as strongly as the cell

itself[13,35,42,45,50,58].

For fast charging, the analogous distinction is between feasibility and aggressiveness. A

charge action can be electrochemically feasible yet operationally unwise if its

uncertainty margin is too small, if thermal nonuniformity is increasing, or if the pack

contains an outlier cell approaching a plating boundary. Conversely, a conservative

charge action can still be suboptimal if the twin underestimates the available safety

margin because it lacks sufficient observability. The practical task is therefore not

simply to minimize charging time, but to maximize useful charging rate under explicit

uncertainty-aware safety constraints. This is the setting in which digital twins become

more valuable than fixed protocols or purely reactive controls[6-10,19,26,39,82-89].

The broader safety-detection literature reinforces this conclusion. Recent high-level

reviews emphasize that large battery packs introduce a distinct safety regime relative to
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single cells because failure propagation, auxiliary-equipment coupling, and thermal

management complexity become first-order variables. The practical difficulty is that

the signals available to the BMS are often aggregate measurements, whereas the

relevant precursors may arise at the level of a single cell, tab, separator region, or

cooling defect. This mismatch explains why safety detection in packs cannot simply be

extrapolated from cell-level fault detection, and why digital twins are attractive as

integrative layers for reconciling multi-source evidence across scales[13,35,50,58-74].

Recent work also underscores that safety monitoring is expanding beyond

voltage-current-temperature triplets. Mechanical stress and swelling, gas composition,

acoustic signatures, ultrasonic echoes, X-ray or tomography-derived structural

information, optical spectroscopy, and EIS-based thermal or interfacial signatures all

offer orthogonal safety information under different constraints. The scientific challenge

is no longer only sensor invention; it is how to convert heterogeneous signals into a

coherent latent hazard state. This is a quintessential digital-twin problem because it

requires model-based fusion, uncertainty-aware interpretation, and state-dependent

action selection rather than one-to-one threshold mapping[26,27,39,50,63-81].

From this perspective, safety and fast charging become two coupled supervision

problems. Fast charging asks how aggressively one may act under current hidden-state

uncertainty. Safety asks how early a hazard state can be inferred from imperfect

evidence. In both cases, the most relevant outputs are not raw measurements but

decision variables: maximum admissible current, preheating request, fault-severity

class, safety margin, or shutdown trigger. Battery twins matter because they allow these

outputs to be conditioned simultaneously on mechanism, measurement, and uncertainty

rather than on fixed thresholds alone.

Pack propagation deserves particular attention. A large fraction of the safety literature

concerns how single-cell abnormalities trigger local runaway, but practical

electrification increasingly depends on whether such events remain local, propagate to

neighboring cells, or are amplified by module enclosure, gas pathways, and pack

topology. The digital twin therefore needs a state representation that can move across

scales: from cell-level precursors, to module-level coupling, to pack-level escalation
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probability. This cross-scale hazard representation is still underdeveloped, and its

construction remains one of the clearest opportunities for future work[13,18,23,24,35,50-59].

There is a complementary issue on the control side. A warning that a hazard state is

rising does not specify what intervention should be taken. Depending on time scale, the

correct response may be current reduction, thermal conditioning, balancing, charging

interruption, derating, cell isolation, or shutdown. An effective safety twin should

therefore map inferred hazard states to intervention classes, and not only to alarms.

This is another reason why state-of-safety formulations are more useful than threshold

alarms alone: they are inherently closer to the control problem that the BMS must

solve[27,39,50,58].

Figure 6. Fast-charging supervision as risk-constrained control. (a) Materials-level

potential window for balancing fast charging and specific energy[44]; (b) Ti-O

covalency strategy for regulating lithium-insertion potential[44]; (c) Pressure-triggered

self-regulated charging scheme[7]; (d) Dynamic current regulation at 30 °C[7]. (e)

Dynamic current regulation at 0 °C[7]; (f) Graphite-anode optical evidence showing

suppression of lithium plating[7]; (g) Electric-field-relaxation mechanism for

lithium-dendrite manipulation[45]; (h) Degradation response of commercial Gr||LFP

cells under 3 C plating-prone fast charging and different manipulation protocols[45]; (i)
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Capacity retention and CC/CV-stage segmentation under chemistry-enabled fast

charging[46]; (j) Pouch-cell cycling stability under 4 C charging[46].

Figure 7. Safety diagnosis, early warning, and state-of-safety estimation. (a)

Lab-on-fiber experimental platform for internal temperature and pressure monitoring[26].

(b) Measurement logic and functions of the experimental setup[26]. (c) Internal

temperature/pressure traces, surface temperature, voltage, and mass evolution during

thermal runaway[26]. (d) Thermal-runaway event sequence in 18,650 cells[26]. (e)

Mechanistic decoding of thermal runaway and derivative-based early warning before

venting[26]. (f) Strain, temperature, and voltage evolution under abuse[27]. (g)

Negative-electrode morphology and composition after runaway[27]. (h) State-of-safety

quantitative assessment and trajectory[27]. (i) Distribution of heat and mass-output

variability under thermal runaway[47].
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Table 4 aligns health estimation, prognosis, fast-charging supervision, safety diagnosis,

and lifecycle governance by their outputs, dominant uncertainty sources, decision

relevance, and evaluation metrics.

Table 4. Task classes, outputs, uncertainty sources, and decision metrics.

Task
Primary

outputs

Dominant

uncertainty

sources

Decision

relevance

Recommended

metrics

Health

estimation

SOH,

vector health

state,

degradation

modes

Partial

cycles,

temperature

variation,

pack

heterogeneity

Maintenan

ce, warranty,

second life,

charging limits

RMSE/MA

E + calibration +

robustness

Health

prognosis

Future

SOH, knee

point, EOL,

RUL

Future

usage

uncertainty,

model-form

uncertainty

Maintenan

ce planning,

lifecycle value

Trajectory

error, NLL,

prediction-interv

al quality

Fast-chargi

ng supervision

Admissibl

e charging

current, plating

margin,

thermal margin

Latent

plating

threshold,

thermal

nonuniformit

y,

state-estimati

on error

Charging

control,

preheating,

derating

Time-to-tar

get +

safety-margin

violation rate +

calibration
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Task
Primary

outputs

Dominant

uncertainty

sources

Decision

relevance

Recommended

metrics

Safety

diagnosis

State of

safety,

warning lead

time,

escalation

class

Rare

events,

incomplete

observability,

pack

propagation

Alarm,

shutdown,

isolation,

emergency

response

Lead time,

false-alarm rate,

missed-event

rate, robustness

Deployme

nt and

governance

Personali

zed twin

update, battery

passport fields,

lifecycle

traceability

Semanti

c

inconsistency

, missing

metadata,

domain shift

Auditabilit

y, compliance,

repurposing,

recycling

Latency,

interoperability,

reproducibility,

auditability

Deployment Realism, Benchmarking, and Data Governance

The deployment challenge is often underestimated. In practice, a battery digital twin is

not deployed once; it is sustained across sensing, logging, synchronization, update, and

decision layers. Vehicle batteries differ in initial grading, cooling conditions, aging

history, and operational patterns, so a deployable twin must explicitly manage cell

inconsistency, worst-cell limitation, and pack-level thermal heterogeneity[11,12]. This

favors a layered architecture in which the pack is not collapsed into a single lumped

state unless the information loss is acceptable for the intended decision.

Deployment changes the criteria by which a battery digital twin should be judged. In

laboratory studies, the implicit objective is often predictive fidelity under controlled

conditions. In field operation, the objective is usually narrower and more consequential:

maintain safe operation, preserve useful life, and keep the model synchronized with

incomplete, noisy, and partially labeled data. This means that deployability depends not

only on model accuracy, but also on data compression, synchronization cadence,

event-triggered updating, edge-side computation, and the ability to distinguish which

information must remain local and which can be learned at fleet scale[11,12,28,37,38].

https://www.scierxiv.com/


NOT PEER-REVIEWED

DOI: 10.20517/scierxiv202605.0340.v1 https://www.scierxiv.com/46

This in turn reframes the value of cloud-edge-fleet architectures. Their purpose is not

simply to centralize data, but to distribute intelligence by time scale and by decision

type. Local filtering and immediate protection remain naturally onboard. Heavy health

diagnosis, drift detection, personalization, and fleet-level anomaly learning are more

naturally cloud-mediated. The edge layer becomes important whenever synchronization

latency, privacy, or bandwidth constraints make raw data transfer undesirable. The

most useful architecture is therefore not the most centralized one, but the one that

minimizes information loss while respecting the physical urgency of the

decision[12,25-28,37,38,47].

Benchmarking must follow the same realism. Many current datasets and evaluations

still emphasize narrow laboratory cycling, whereas digital twins are meant to operate

across protocol changes, temperature shifts, pack configurations, and field data with

scarce labels[5,12,24]. Benchmark design should therefore separate interpolation from

extrapolation, laboratory from field transfer, cell from pack configuration shift, and

health prediction from safety warning. Without this separation, apparently strong

headline accuracy can hide weak deployment robustness.

Evaluation metrics should also move beyond point-error reporting. Probabilistic battery

reviews argue that calibration-oriented metrics such as negative log-likelihood,

expected calibration error, and sparsification-based measures are necessary whenever

predictions are used to guide control[5]. For safety tasks, warning lead time, false-alarm

rate, and missed-event rate are just as important as classification accuracy[27].

Open-access resources such as the Battery Failure Databank can play an important role

here because they offer a common basis for benchmarking rare but consequential

thermal-runaway behaviors[30].

A second prerequisite for reproducible evaluation is better semantic and regulatory

infrastructure. Vehicle-level health measurement itself is not yet standardized, and

recent work has argued for repeatable onboard procedures for energy- and

capacity-based SOH at the pack level[31]. At the same time, the earlier data-centric

lesson from battery research still holds: broad and diverse datasets become much more
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useful when they are organized around meaningful early descriptors and clearly defined

targets[25]. A robust benchmark therefore needs both shared data and shared

measurement definitions.

These concerns now extend into lifecycle governance. Unified battery data

descriptions[16] and multiscale digital modeling across the full lifecycle[17] provide the

semantic backbone needed to connect manufacturing genealogy, testing history,

operational data, and end-of-life decisions. This is increasingly important under the EU

Battery Regulation, which requires battery passports for EV batteries, light means of

transport batteries, and industrial batteries above 2 kWh from 18 February 2027[32]. In

that context, the digital twin becomes more than an internal engineering asset; it

becomes part of the auditable digital thread that links performance, safety, value

retention, repurposing, and recycling.

Benchmark design deserves separate emphasis because the field is still too tolerant of

accuracy numbers generated under unrealistically narrow conditions. A battery digital

twin should be benchmarked along at least four dimensions: deployment realism,

system scale, task type, and uncertainty quality. Deployment realism asks whether the

data originate from controlled cycling, semi-realistic duty cycles, or genuine field

operation. System scale asks whether the inference problem is at the material/interface,

cell, pack, or fleet level. Task type distinguishes health estimation, degradation

diagnosis, safety warning, and action recommendation. Uncertainty quality asks

whether the model is calibrated, robust, and explicit about domain shift. Without this

four-dimensional benchmark frame, strong headline accuracy can hide weak

operational usefulness[5,12,13,18,21,23-25,27,31,35].

Data governance is not an administrative afterthought to this problem; it is part of the

scientific architecture. Once the digital twin is deployed beyond a single cell test stand,

battery identity, provenance, manufacturing history, beginning-of-life characterization,

field usage, maintenance events, second-life grading, and end-of-life processing all

become causally relevant. Without a semantically unified description of these records,

the twin loses continuity across lifecycle stages. Battery ontology, battery passport, and

lifecycle digital-thread concepts are therefore not simply compliance tools; they are the
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information backbone required to convert a sequence of disconnected models into a

deployable and auditable battery-intelligence system[16,17,31,32,35,74,82,83].

The governance problem also has a scientific dimension. Standardization, pack-level

measurement procedures, and semantic continuity determine which deployment claims

are actually testable across institutions, fleets, and lifecycle stages. A benchmark that

ignores privacy constraints, owner heterogeneity, measurement protocol, or regulatory

fields may still be publishable, but it is not deployable. Recent work on embedded

sensing, gas and strain detection, standardized SOH measurement, smart BMS design,

machine-learning-assisted thermal management, and federated estimation under

privacy constraints reinforces the need to treat deployment realism, auditability, and

semantic interoperability as first-class scientific requirements rather than as

downstream engineering details[146-160].

Figure 8 and Figure 9 close the deployment and benchmarking argument in sequential

order. Figure 8a and Figure 8b show privacy-preserving collaboration for

retired-battery sorting without raw-data exchange[38]. Figure 8c and Figure 8d expose

battery-type heterogeneity across charging-station owners, and Figure 8e shows how a

personalized federated fault-warning architecture handles that heterogeneity[28]. Figure

8f illustrates second-life SOH estimation under random retirement conditions and

deployment without extra SOC conditioning[48]. Figure 8g adds the lifecycle

digital-thread layer that connects battery identity, provenance, health, compliance,

repurposing, and recycling. Figure 9 then shifts to benchmark realism: Figure 9a and

Figure 9b show real-world DC fast-charging capacity distribution and

temperature-dependent charging-profile heterogeneity[49]; Figure 9c and Figure 9d

address standardized pack-level SOH measurement and differential-voltage transfer

from cell to vehicle level[31,50]; Figure 9e and Figure 9f show that evaluation should

include realistic data flow, data-frame heterogeneity, ROC curves, and reconstruction

error rather than point accuracy alone[51]; Figure 9g adds pack-voltage variability under

fixed voltage windows[31]; and Figure 9h summarizes the benchmark matrix and

roadmap for deployable twins. Together, Figure 8 and Figure 9 show that deployment

and benchmarking are not external to the digital-twin problem; they define its

engineering meaning.
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Dataset design is central to this transition. A dataset that is suitable for academic model

comparison is not automatically suitable for battery-twin deployment.

Deployment-oriented datasets must preserve context: battery identity, chemistry, pack

topology, environment, sampling cadence, control history, maintenance events, and the

provenance of labels. Otherwise, two apparently identical voltage traces may

correspond to different lifecycle phases or different risk regimes. This is why field

datasets, battery-failure databases, and real-world charging archives are beginning to

matter as much as classical laboratory cycling datasets in this

literature[12,13,18,21,23,25,28,30,61].

The notion of benchmark realism should therefore be broadened beyond data source.

Realism also concerns the perturbations that the benchmark allows. Does it test

adaptation to temperature shift? To pack scaling? To partial charging? To rare-event

imbalance? To missing labels? To changing decision cost? In battery digital twins, a

benchmark that does not expose the model to these distortions may be scientifically

informative yet operationally misleading. We therefore argue that benchmark design

should distinguish at least four regimes: interpolation within a known laboratory

domain, extrapolation across known but unseen conditions, out-of-domain transfer

across chemistries or configurations, and in-the-wild deployment under fragmented

data and uncertain labels. These regimes should not be collapsed into a single accuracy

number[5,13,23-25,31,35].

Regulation further sharpens these requirements. Battery passports, traceability

mandates, and lifecycle reporting obligations introduce an additional meaning of

correctness: the twin must not only predict well, but also support standardized,

explainable, and auditable decisions. This is particularly relevant for health-based

warranty, second-life valuation, and recycling readiness, where the decision output of

the twin may have commercial and regulatory consequences. A battery-management

framework that is opaque, weakly calibrated, or semantically inconsistent across

lifecycle phases will struggle in such environments even if its cell-level accuracy is

high[12,16,17,31,32,35,37].
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Another practical issue is that large-scale deployment requires explicit coexistence of

model diversity. The same fleet may contain different chemistries, form factors, pack

topologies, software versions, and sensor layouts. A digital-twin architecture that

assumes one model per fleet or one metric per chemistry will quickly become brittle.

More realistic architectures will likely require shared semantic layers, chemistry-aware

priors, modular models, and benchmark suites that declare clearly which forms of

transfer are being attempted. In that sense, interoperability is not only a

software-engineering concern; it is a scientific requirement for any twin that claims

lifecycle usefulness[12,16,17,25,31,32,37].

A final deployment consideration concerns auditability. If the twin is used only for

internal analysis, modest opacity may be tolerable. If it influences warranty decisions,

insurance risk, second-life valuation, charging limits, or safety interventions, then the

rationale for its outputs must be inspectable. This does not mean that every subsystem

must be fully transparent, but it does mean that inputs, assumptions, uncertainty, and

action logic must remain traceable. For battery passports and lifecycle governance, this

traceability is likely to be as important as the numerical output itself. This is one reason

why the future battery twin is better understood as an auditable intelligence layer than

as a single predictive model[12,31,32,35,37,82,83].

Data resources are likely to determine the pace of progress as much as any individual

algorithm. The field now has access to open EV datasets, retired-battery datasets,

battery-failure databases, and increasingly rich lab datasets with impedance, imaging,

and operando sensing. Yet these resources are rarely aligned semantically. Different

datasets define health differently, record metadata unevenly, and expose different slices

of the lifecycle. A major opportunity for the next phase of digital-twin research is

therefore not only more data, but better connected data: field records that can be traced

to manufacturing descriptors, lab diagnostics that can be linked to pack operation, and

failure data that can be interpreted in light of prior degradation history[12,13,25,30,31,35,37,61].

This is also why future benchmark initiatives should not separate data quality from

governance. A benchmark that is impossible to reproduce, impossible to interpret

semantically, or incompatible with lifecycle traceability will not support industrial
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translation even if it produces informative machine-learning leaderboards. Strong

benchmark design in this field therefore requires both scientific and infrastructural

discipline: explicit metadata, declared label generation procedures, unambiguous task

definitions, standardized evaluation scripts, and clarity about whether the benchmark is

laboratory, semi-realistic, or field-based. In our view, these requirements are no longer

optional for high-quality battery-digital-twin research[21,23,25,31,32].

Figure 8. Deployment, privacy-preserving collaboration, and lifecycle digital thread. (a)

Federated retired-battery sorting using distributed data contributors without raw-data

exchange[38]; (b) Privacy-preserving collaboration compared with the conventional

data-island paradigm[38]; (c) Overall battery-type distribution in heterogeneous

charging-station data[28]; (d) Owner-specific battery-type distribution[28]; (e)

Personalized federated fault-warning architecture across charging-station owners[28]; (f)

Generative-learning-assisted retired-battery SOH estimation under random retirement

conditions, including pretreatment, pulse-response generation, and deployment without

additional SOC conditioning[48]; (g) Battery-passport, ontology, and lifecycle

digital-thread layer connecting identity, provenance, performance, compliance,

second-life use, and recycling.
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Figure 9. Benchmarking, standardization, and future directions. (a) Real-world DC

fast-charging capacity distribution across connector power ratings[49]; (b)

Temperature-dependent real-world charging-profile heterogeneity[49]; (c) Vehicle-level

SOH standardization based on scalable and reproducible measurement procedures[31];

(d) Differential-voltage transfer from cell-level diagnostics to pack-level EV

measurement[31,50]; (e) Online fault-diagnosis data flow and field dataset structure under

stochastic operating conditions[51]; (f) ROC and RMSE-based evaluation of fault

detection and prediction accuracy[51]; (g) Pack-voltage variability under fixed voltage

windows, illustrating limits of nonstandardized SOH comparison[31]; (h) Benchmark
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matrix and roadmap for deployable battery twins, spanning deployment realism, system

scale, calibration, robustness, latency, and auditability.

Finally, the maturation of battery digital twins will depend on whether the community

can align scientific rigor with industrial traceability. A high-performing health model is

not sufficient if its labels are not portable across platforms, if its uncertainty is

uncalibrated, or if its outputs cannot be audited at the pack, fleet, or regulatory level.

Conversely, a robust digital thread without mechanism-aware inference will still fail to

deliver actionable intelligence. The next phase of progress therefore lies at the

intersection of electrochemical understanding, reliable data semantics, lifecycle

governance, and computational decision theory. Only by treating these as coupled

requirements, rather than as separate research tracks, can battery digital twins become a

stable technical foundation for fast charging, predictive safety, warranty management,

repurposing, and circular battery value chains.

An equally important open issue concerns the coupling between management decisions

and information acquisition. Most battery studies still assume that sensing is passive

and fixed, but practical digital twins should also decide when to probe the system more

aggressively. A short rest period, a diagnostic pulse, a low-amplitude impedance

measurement, or a temporary charging-rate modulation may all be interpreted as

information-seeking actions, because they improve the observability of hidden states

such as plating tendency, resistance growth, or pack imbalance. In this sense, battery

management is not only an optimization problem over energy and power, but also an

optimization problem over uncertainty reduction. Future twins will likely combine

passive monitoring with selective active interrogation, thereby coupling estimation,

control, and diagnostic experiment design within the same closed-loop framework. This

shift from passive prediction to active state clarification is particularly relevant for

safety-critical operation, where uncertainty itself is often the variable that must be

managed.

A further conceptual challenge is that the twin must remain identifiable under changing

evidence regimes. In early life, electrochemical signatures are information-rich but the

damage state is small; in mid-life, degradation modes become separable but operating
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histories diverge; late in life, pack constraints, thermal asymmetry, and cell dispersion

dominate the practical risk picture. A deployable twin should therefore not be

calibrated once and then only updated numerically. It should adapt its own reliance on

model classes, latent states, and observables as the battery ages. For example, a newly

commissioned pack may benefit from impedance-informed initialization and

formation-aware priors, whereas an aged field pack may rely more on

uncertainty-aware residual learning, abnormality scoring, and conservative control

thresholds. This age-dependent reweighting of evidence is rarely made explicit in

current literature, yet it is essential if digital twins are to remain scientifically

interpretable and operationally useful across the full battery lifecycle.

OUTLOOK: TOWARD TRUSTWORTHY AND AUTONOMOUS BATTERY

TWINS

The preceding sections suggest that progress in battery digital twins will be limited less

by isolated algorithmic accuracy than by whether the field can construct state

representations that are observable, identifiable, calibrated, and useful for intervention.

Three questions should therefore be addressed together: what the twin can see, what

physical state it represents, and how uncertainty is converted into action. Treating

sensing, modeling, control, and governance as separate topics is no longer sufficient for

deployable battery intelligence.

The first priority is active and economical observability. Future twins will not infer

plating, thermal-runaway precursors, degradation-mode evolution, or pack imbalance

reliably from voltage, current, and surface temperature alone. Pressure, strain,

thermal-wave, ultrasound, magnetic, optical-fiber, gas, and impedance measurements

provide complementary information, but each adds cost, packaging constraints,

calibration burden, and reliability risk. The central issue is therefore which sensing

combination maximizes hidden-state identifiability for a specific decision and

deployment context[7-10,15,58-74].

The second priority is state-sufficient multiphysics modeling. A useful twin does not

need to reproduce every microscopic detail of a cell; it must retain the internal variables

needed for the intended decision. Cross-scale electrochemical-mechanical models,
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electrothermal-aging models, mechanistically guided residual learners, and

physics-informed neural networks all contribute to this goal when their state variables

are aligned with management tasks[4,17-21,39]. The open problem is to define, for each

task, which latent coordinates are sufficient: degradation modes for health management,

plating and thermal margins for charging, state of safety for hazard mitigation, and

traceable descriptors for lifecycle governance.

The third priority is calibrated uncertainty under distribution shift. Field operation

changes the evidence regime continuously. Early-life data are information-rich but

weakly degraded, mid-life trajectories are mechanism-separating but user-dependent,

and late-life operation is dominated by pack dispersion, thermal asymmetry, and risk

concentration. A deployable twin should therefore adapt not only its parameters but

also its reliance on model classes, observables, and priors as the battery ages. This

age-dependent reweighting is rarely explicit in current literature, yet it is essential for

maintaining interpretability across the full lifecycle[5,11,12,20,24,43].

The fourth priority is benchmark realism. Battery twins should be tested across distinct

regimes: interpolation within known laboratory distributions, extrapolation across

controlled but unseen operating conditions, transfer across chemistry or configuration,

and in-the-wild operation under fragmented data and uncertain labels. Reporting a

single point-error metric across these regimes is not informative. Evaluation should

include calibration, warning lead time, robustness to missing data, action-safety

violations, latency, and auditability whenever the twin is used for charging, safety,

maintenance, or lifecycle decisions[5,24,27,30,31].

The fifth priority is semantic and regulatory continuity. Battery identity, manufacturing

genealogy, beginning-of-life characterization, field operation, maintenance events,

safety incidents, second-life grading, and recycling decisions are not peripheral

metadata once a twin is deployed beyond the laboratory. They determine whether

health labels are portable, whether uncertainty is interpretable, and whether decisions

can be audited. Battery ontology, battery passports, and lifecycle digital threads

therefore form part of the scientific infrastructure of deployable twins rather than an

external compliance layer[16,17,31,32].
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A final direction is cautious autonomy. Closed-loop optimization and reinforcement

learning can move battery management from monitoring to supervisory action, but

autonomy is credible only when the action policy remains constrained by physical state,

calibrated uncertainty, and traceable decision logic. The objective is not to replace

electrochemical understanding with end-to-end automation. It is to use learning to

determine when measurements, mechanisms, and uncertainty are sufficient for a safe

action, when additional probing is required, and when conservative intervention is

necessary[6,33,34,168].

From this perspective, the long-term value of digital twins lies in reorganizing battery

management around state sufficiency, uncertainty calibration, and lifecycle

accountability. If this reorganization succeeds, apparently separate functions—state

estimation, degradation diagnosis, fast-charging supervision, fault warning, second-life

grading, and regulatory traceability—become different queries to the same evolving

representation of the battery system.

CONCLUSION

This Review argues that lithium-ion battery health management, safety diagnosis, and

fast-charging control should not be treated as independent software functions. They are

different decision faces of the same coupled electrochemical, thermal, mechanical, and

interfacial degradation system. A digital twin that only predicts scalar SOH or

reproduces terminal voltage is therefore insufficient for modern battery management

because it does not preserve the mechanism-to-action link required for safe operation.

A deployable battery digital twin must be physics-grounded, uncertainty-calibrated, and

decision-oriented. It should fuse multimodal observability with task-matched

mechanistic models, infer hidden degradation and hazard states with calibrated

uncertainty, and translate those states into control-relevant quantities such as charging

margins, safety warnings, maintenance priorities, and lifecycle decisions. This is a

stricter requirement than high prediction accuracy under laboratory cycling; it requires

robustness under fragmented field data, pack heterogeneity, privacy constraints, and

evolving evidence regimes.
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The most consequential advances will therefore come from explicit coupling of

observability, mechanism, uncertainty, and action across the battery lifecycle. When

benchmarking, data semantics, and governance mature alongside model development,

the digital twin can move from an attractive concept to an auditable battery-intelligence

layer for safe fast charging, predictive safety, durable operation, repurposing, and

circular battery value management.
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