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ABSTRACT Accurate state-of-health (SOH) estimation is essential for safe, reliable battery management.
Existing data-driven SOH estimation methods frequently exhibit limited operational coverage and lack
calibrated predictive uncertainty under distribution shift. This study presents a physics-informed Gaussian
process regression framework for SOH estimation from electrochemical impedance spectroscopy data.
Equivalent circuit model parameters are extracted through a linear Kramers–Kronig validation and distribu-
tion of relaxation times deconvolution pipeline. These are combined with a Cumulative Stress Index (CSI), a
scalar severity measure formed by integrating multiplicative stress factors over exposure and computable
from operating history alone; it attains R2 = 0.938 on holdout and 0.709 on extrapolation, without any
impedance measurement; its marginal contribution alongside the impedance features is 0.027 percentage
points. A training set of 64 simulated cells is selected using a vertex-anchored maximum-projection space-
filling design and evaluated using Leave-One-Battery-Out cross-validation. The method achieves a holdout
Mean Absolute Percentage Error (MAPE) of 0.169% (R2 = 0.995) across 256 unseen simulated cells and
2.66% MAPE (R2 = 0.752) on a 94-cell extrapolation set beyond the training distribution, where the error
is isolated to the sub-zero temperature tier. Scalar variance recalibration attains 94.3% to 96.1% prediction
interval coverage.

INDEX TERMS Battery state-of-health, electrochemical impedance spectroscopy, Gaussian process regres-
sion, distribution of relaxation times, equivalent circuit model.

I. INTRODUCTION
Accurate real-time estimation of lithium-ion battery state-
of-health (SOH) is critical for safe, optimal operation. SOH
quantifies residual capacity as a fraction of its initial value and
serves as the primary metric for estimating remaining useful
life, defining safe operational limits, and determining end-of-
life (EOL) replacement schedules within battery management
systems (BMS) [1], [2], [3], [4]. Electrochemical impedance
spectroscopy (EIS) non-invasively probes the physicochem-
ical state of a battery cell across a wide frequency range,
resolving overlapping transport processes: electrolyte ohmic
resistance, solid-electrolyte interphase (SEI) film dynamics,
charge-transfer kinetics, and solid-state lithium diffusion. Lin-
ear Kramers–Kronig (LinKK) validation and distribution of

relaxation times (DRT) deconvolution establish which of
these are separably resolved before any circuit model is fit-
ted [5]. Features extracted from the spectrum predict SOH
by capturing the sub-processes that govern capacity fade and
impedance growth [6], [7].

Data-driven SOH estimation from EIS has employed kernel
and neural network regressors, including Gaussian process
regression (GPR) [8]. GPR is advantageous for battery diag-
nostics because it provides closed-form posterior inference,
prediction intervals, feature relevance quantification, and ac-
commodates multi-scale input features through kernel selec-
tion [9], [10]. GPR training requires O(N3) computational
and O(N2) memory complexity with respect to the number of
observations N , limiting practical training-set sizes and posing
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challenges for onboard deployment [11]. Sparse and inducing-
point approximations reduce this cost substantially, with a
85.7% reduction in inference time at comparable accuracy
reported for a stacking-ensemble sparse GPR on fast-charging
non-EIS features [12]. Existing GPR-based EIS approaches
exhibit two recurring limitations: first, training sets frequently
cover sparse regions of the operating space with respect to
temperature, C-rate, depth of discharge (DOD), and state
of charge (SOC) [12], [13]. Second, predictive uncertainty
calibration is rarely validated outside the training distribution
and is typically reported as interval coverage rather than as a
proper scoring rule.

Covering a four-factor operating space to EOL is not
attainable experimentally at reasonable cost, which moti-
vates simulation-based fleet generation. Frameworks coupling
electrochemical, thermal, and mechanical degradation path-
ways exist for this purpose: building on the Doyle–Fuller–
Newman (DFN) formulation [14], the open-source PyBaMM
library jointly captures the dominant degradation mecha-
nisms [15], [16], [17], [18].

The Palmgren–Miner rule provides a precedent for integrat-
ing multi-stressor severity over exposure toward a normalized
failure threshold [19], [20], but does not dictate how distinct
stressors combine into that severity measure. Semi-empirical
aging models conventionally combine Arrhenius temperature
terms, exponential SOC dependencies, and power-law time
progression [21]. Degradation rates derived from Eyring’s law
are instead multiplicative in stress factors [22], while calendar
and cycling aging interactions are non-additive [23], [24]; nei-
ther behavior is captured by the linear weighted sums common
to heuristic severity indices.

This study addresses these limitations through four key
contributions.
� Stress Accumulation: A multiplicative Stress Index (�)

compresses the four operating factors into a scalar sever-
ity measure whose cumulative form (CSI) reaches unity
at EOL. Computable from operating history alone, it
doubles as a standalone SOH predictor (R2 = 0.938
holdout, 0.709 extrapolation) requiring no impedance
measurement.

� Space-Filling Anchor Selection: Vertex-anchored
maximum-projection (MaxPro) selection places training
anchors at the boundary vertices of the operating space
and fills the interior by a projection-aware criterion [25].

� Three-Tier Validation: Leave-one-battery-out (LOBO)
cross-validation on 64 anchors, interpolative testing on
256 unseen cells, and per-axis extrapolation on 94 cells
outside the training distribution, with interval coverage
and negative log predictive density (NLPD) reported at
every tier. The model is fitted to a 1,920-point strati-
fied subsample, bounding training cost and kernel-matrix
memory.

� Kernel Structure: A controlled comparison shows that an
additive impedance/stress kernel preserves the marginal
contribution of the stress covariates, which a joint Auto-
matic Relevance Determination (ARD) kernel reverses,

TABLE 1. Simulation Variables and Operational Ranges

and that the association between per-cell error and dis-
tance to the nearest training anchor, significant under the
joint kernel, is not detectable under the additive one.

The remainder of the paper is organized as follows.
Section II covers the multi-stage data generation pipeline.
Section III presents the GPR framework and feature
engineering. Results and discussion are presented in
Section IV. Section V concludes the paper.

II. DATA GENERATION AND IMPEDANCE
CHARACTERIZATION
A. DESIGN OF EXPERIMENTS AND STRESS INDEX
FORMULATION
Battery aging trajectories are simulated using the
PyBaMM [15] library with a DFN pseudo-two-dimensional
electrochemical model [14] and the parameter set from Chen
et al. [16]. Four primary degradation sub-models from [17] are
enabled alongside a lumped thermal model and a differential
surface form, : (i) EC-reaction-limited SEI growth, (ii) ir-
reversible lithium plating, (iii) Paris–Erdogan crack growth
under a swelling-and-cracking particle mechanics model [18],
[20], and (iv) stress-driven loss of active material (LAM).
Because the degradation parameters are not included in the
standard set by Chen et al., rate constants are selected within
documented plausible ranges to maintain solver stability
(Section V). Only SEI growth and lithium plating drive
significant capacity fade in the realized fleet, with LAM
and cracking channels inactive (Section IV-D). Each cell
undergoes repeated discharge-rest-charge-rest cycling until
its capacity drops to 70% of starting capacity or a preset cycle
limit is reached. EIS is recorded every 20 aging cycles pre-
ceded by a voltage-anchored conditioning step (Section II-B),
from which DRT and equivalent circuit model (ECM) features
are subsequently extracted. EOL is defined at 80% SOH; 409
of the 414 converged cells reach this threshold.

The design spans four operating factors (Table 1) with
physically motivated spacing: logarithmic in C-rate, uniform
in inverse temperature, and linear in DOD and SOC window
position. Rather than sampling SOC directly and rejecting
infeasible points, the cycling window is re-parameterized as
(DOD, p) with

SOCmin = p (100 − DOD), SOCmax = SOCmin + DOD,
(1)

so that p ∈ [0, 1] slides the window between its lowest and
highest admissible positions, ensuring every combination is
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TABLE 2. Stressor Forms and Pre-Calibration Monotonicity Validation

feasible by construction: SOCavg = SOCmax − DOD/2 fol-
lows, spanning 10 to 90%. The admissible span 100 − DOD
contracts as DOD increases and vanishes at DOD = 100%,
where the window is [0, 100]% for every p and the at-
tainable cell count is bounded by the (C,T ) combinations
rather than by design choice; the extrapolation partition is
therefore specified across multiple axes rather than concen-
trated at full depth: three of the designed tiers are realized
(Table 7), the fast-charge tier having failed to converge. Of
446 designed configurations, 414 converged. All 32 failures
occur at C = 3.0 h−1, where the solver reached its minimum
step size under every attempted strategy, a numerical rather
than physical limitation, leaving a realized C-rate range of
0.25 h−1 to 2.0 h−1 [26].

Following the Eyring formulation [22], the four normalized
stressors are combined into a Stress Index �, defined as

� = �0

∏
i∈{T,C,D,S}

ψ
wi

i (2)

�0 is a fitted scale constant (ln�0 = −3.855) calibrated
jointly with the elasticities. Each ψi is a ratio to its reference
value at Cref = 1 h−1, Tref = 25 ◦C, DODref = 50%, SOCref =
50%, so ψi = 1 at the reference condition and ψi > 0 at every
attainable condition; no operating point carries zero damage,
and anchoring to a reference rather than to design extremes
renders � comparable across designs and cell formats. Al-
ternative power-law stressor forms such as (C/Cmax)β are
subsumed into the estimated weights wi, which absorb any
implicit exponent. The temperature term is the cold branch of
an Arrhenius factor, with kB = 8.617 × 10−5 eVK−1 and T
in kelvin, reflecting the plating-limited regime of this cycling-
dominated design. The other three are linear ratios:

ψT = exp

[
Ea,plat

kB

(
1

T
− 1

Tref

)]
, ψC = C

Cref
,

ψD = DOD

DODref
, ψS = SOCavg

SOCref
, (3)

with Ea,plat = 0.35 eV.
The activation energy is not identifiable from lifetime cali-

bration: it enters ln� through the product wT Ea,plat (0.0414),
so the fitted temperature elasticity scales inversely with any
assumed Ea,plat. The nominal value is adopted and the cali-
brated model is invariant to this choice. Each functional form
is validated before any parameter is estimated, using matched-
condition groups of cells sharing three operating factors while
the fourth varies. Table 2 reports the group-median Spearman
correlation between stressor and lifetime and the number of

groups in which the relation is strictly monotone. DOD is
validated in the cycle domain rather than the time domain: its
median within-group correlation with cycles to EOL is −1.00
with 19 of 24 groups strictly decreasing, whereas against time
to EOL it weakens to −0.50 with 9 of 24 strictly monotone.
The difference follows from cycle duration, deeper cycles take
proportionately longer (corr(DOD, cycle duration) = +0.43;
median 4680 s at DOD ≤ 30% against 9207 s above 70%), so
a per-cycle mechanical stressor is partly offset by the reduced
cycle count per hour.

Low temperature raises polarization and promotes lithium
deposition during charge [27], [28], [32]. Across the simu-
lation range −10 ◦C to 45 ◦C the relation is monotone in
48 of 60 matched-condition groups (Table 2), with no con-
sistent interior minimum, so only the cold, plating-limited
regime of the Arrhenius dependence is resolved. The oppos-
ing thermally activated regime, SEI growth and electrolyte
decomposition, does not become rate-controlling within this
range and is therefore not identified (Section IV-D). The ψS

groups show lifetime spreads of up to 7.4× at fixed C-rate,
temperature, and DOD, consistent with SEI and deposit-layer
growth accelerating at high SOC, where the lithiated graphite
sits at low potential versus Li/Li+ and reductive electrolyte
decomposition is favored [33], [34]. The non-monotonic SOC
dependence of calendar aging [30] lies outside this regime.

B. EIS ACQUISITION AND DRT-INFORMED CIRCUIT FITTING
Spectra are computed at 50 logarithmically spaced frequen-
cies from 0.01 Hz to 10 kHz. The conditioning step charges a
copy of the aged cell state at C/3 to the upper cut-off voltage
and rests it for 30 minutes before the sweep, ensuring the
aging trajectory of the original cell is unperturbed. Anchor-
ing the measurement to a fixed voltage, rather than to the
coulomb-counted top of each cell’s partial-DOD window, is
what couples the impedance to capacity. Under fixed-voltage
anchoring the within-cell correlation between low-frequency
impedance and capacity has median |r| = 0.93 with consis-
tent sign across all 414 cells, whereas under coulomb-counted
anchoring the electrode surface state is nearly age-invariant
and the correlation sign varies between cells. The governing
mechanism is the stoichiometry-window shift: at fixed termi-
nal voltage, loss of lithium inventory displaces the electrode
operating window, changing surface stoichiometry and hence
exchange-current density and solid-state diffusivity monoton-
ically with age [35], [36].

Prior to feature extraction, each spectrum is validated via
the LinKK test [37], fitting a generalized Voigt circuit to the
discrete empirical spectrum:

ZVoigt(ω) = R0 +
M∑

m=1

Rm

1 + jωτm
. (4)

Simulated spectra are LinKK-compliant by construction; sat-
isfying causality, linearity, and time invariance. The test serves
as a numerical verification confirming solver convergence
at a well-defined state. On experimental spectra, it screens
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for drift, non-linearity, and instrument artifacts. Maintaining
an identical admission criterion across both datasets pre-
serves a common feature-extraction pipeline and establishes
a necessary precondition for transfer comparisons. Model
order is fixed at M = 50, equal to number of measured fre-
quencies, with relaxation times τm logarithmically spaced
over [ω−1

max, ω
−1
min]. Coefficients are obtained from a modulus-

weighted, non-negative bounded linear least-squares solution
regularized by a Tikhonov penalty λ = 10−3; overfitting is
controlled by the penalty and bounds rather than by order
selection [37].

Validated spectra were deconvolved into a continuous DRT,
γ (τ ) [38], [39]:

Z (ω) = R∞ +
∫ ∞

0

γ (τ )

1 + jωτ
dτ + ZW(ω) (5)

The diffusion term is a finite-length (transmissive) Warburg
element:

ZW(ω) = Rd
tanh

√
jωτd√

jωτd
(6)

which saturates to Rd as ω → 0 and reduces to the semi-
infinite form Aw( jω)−0.5 at high frequency, with Aw =
Rd/

√
τd. The derived feature Aw is reported alongside the fit-

ted parameters Rd and τd. The equivalent circuit below adopts
the semi-infinite form: the finite-length saturation is carried by
the DRT-fitted Rd and τd, which enter the feature set directly,
and Aw links the two representations.

DRT peak coordinates initialize a modified Randles ECM
[40], [41]:

ZECM(ω) = jωL + Rs + Aw( jω)−0.5

+ Rsei

1 + ( jω)nseiRseiQsei
+ Rct

1 + ( jω)nctRctQct
(7)

The parameter vector θ is estimated by complex nonlinear
least-squares minimization of a relative-error objective [41]

J (θ) =
F∑

k=1

|Zmeas(ωk ) − ZECM(ωk, θ)|2
|Zmeas(ωk )|2 , (8)

with two modifications: (i) imaginary residuals are weighted
five times the real residuals, a deliberate departure from equal
weighting motivated by the kinetic and diffusion arcs being
resolved in the imaginary component while the real compo-
nent is dominated by series resistance; (ii) a regularization
term anchors the fitted branch time constants to the DRT peak
positions, stabilizing the decomposition where the SEI and
charge-transfer arcs overlap.

The anchor strength is set by a sweep over a fixed 40-cell
subsample stratified on temperature and C-rate. Anchoring
raises the mean fit residual from 2.04% to 2.11% and low-
ers the maximum residual on that subsample from 4.85% to
2.54%, consistent with the fleet-wide maximum of 2.55%. It is
retained on that basis, since worst-case fit quality determines

clearance through the admission gates. Spectra are admitted
if the ECM fit error does not exceed 5% and the polarization
resistance evaluated at 1 Hz, Re Z (ω1) − Rs, agrees with the
fitted component sum to within 25%; under this branch as-
signment the maximum fit error is 2.55% and no spectrum
fails the fit-error gate.

The remaining fitting parameters are set by preliminary in-
spection rather than by a formal selection criterion; Tikhonov
regularization level, residual weighting, and constant phase
element (CPE) exponent bounds (Section V). The peak-
prominence threshold, which determines the number of re-
solved relaxations, is selected from the sweep detailed below.

Kinetic branches are assigned by frequency window rather
than by time-constant rank: the charge-transfer relaxation
occupies 1 Hz to 30 Hz and the SEI relaxation 30 Hz to
300 Hz In a 40-cell survey of 6,667 spectra, no cell crossed
the 30 Hz boundary over its lifetime. Spectral content above
300 Hz, which accounts for less than 2.5% of total re-
sistance, is merged into a combined contact-resistance and
high-frequency artifact term. Rank assignment is well defined
only at a fixed branch count and can arbitrarily assign different
labels to the same physical process across cycles; window
assignment removes that ambiguity.

The number of resolved relaxations depends on the DRT
peak-prominence threshold: 46.1% of spectra resolve two
peaks at a prominence of 0.10 relative to maximum, 96.8%
at 0.05, and 100% at the operating value of 0.025, which
lies on the stable plateau of that parameter sweep. The two
CPE exponents are constrained to [0.55, 0.98] and are effec-
tively governed by this boundary condition: nct reaches the
upper bound (0.98) across all fits, consistent with the near-
ideal double-layer capacitance implemented in the simulation
model, where the bound prevents convergence to the limiting
case n = 1; while nsei reaches the lower bound on 71.1% of
fits. These are disclosed as fit-configuration constraints, and
neither exponent enters the feature set. The diffusion time
constant τd terminates at its 0.159-s floor on 11.7% of fits,
and its pinned fraction is a censoring caveat on that feature
rather than grounds for exclusion.

Prior to feature extraction, 1,277 cycles across two cells are
removed: late in life (beyond the 80% SOH threshold), the
solver emitted zero-duration samples with terminal voltage
pinned at the lower cut-off that pass all schema, monotonicity,
and completeness checks but yield unbounded values un-
der logarithmic transformation of rate features. The retained
dataset comprises 414 cells and 73,422 per-cycle observa-
tions.

Fig. 1 illustrates the measurement-to-feature chain on a
single cell across life: measured spectra with their ECM
reconstructions at SOH 100, 90, and 80%, and the correspond-
ing relaxation-time distributions with the SEI (30–300 Hz)
and charge-transfer (1–30 Hz) assignment windows marked.
The kinetic arc contracts monotonically as the cell fades,
a falling impedance–SOH relationship specific to this sim-
ulation configuration (Section IV-D), and the two kinetic
relaxations remain resolvably separated at every age.
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FIGURE 1. (a) Nyquist impedance (markers, LinKK-screened) and ECM
reconstructions (lines) for cell C2_T15.0_D30_S65 at 100, 90, and 80%
SOH (cycles 1, 721, and 1,701). (b) Corresponding DRT; shaded bands
denote the SEI (30 Hz to 300 Hz) and charge-transfer (1 Hz to 30 Hz)
assignment windows described in Section II-B.

III. GAUSSIAN PROCESS REGRESSION FRAMEWORK
A. FEATURE ENGINEERING AND INPUT SPACE
CONSTRUCTION
The input feature space integrates localized ECM parame-
ters with macroscale operational variables. Characteristic time
constants are evaluated as:

τsei = (RseiQsei )
1/nsei , τct = (RctQct)

1/nct . (9)

The diffusion time constant τd is the finite-length War-
burg parameter of Section II-B and is not CPE-derived.
Natural-logarithmic transformations are applied to features
whose coefficient of variation (COV) exceeds 30%; features
with COV below 0.01 are excluded. Drift features 	 ln X =
ln(X/X1), referenced to each cell’s first-cycle value X1, iso-
late degradation-driven trajectories from condition-dependent
operational offsets; being per-cell log ratios, they are dimen-
sionless and scale-independent. All features are standardized
on the training distribution within each model fit.

Feature candidates are screened by a multi-criteria au-
dit evaluating within-cell, between-cell, and pooled COV,
distributional skewness, and within-cell versus pooled cor-
relations with capacity. Within-cell and pooled correlations
are evaluated separately because a feature may correlate
with capacity across the fleet while carrying no aging signal
within any individual cell. In such cases, the pooled statistic
reflects between-cell dispersion rather than physical degrada-
tion. Fourteen features are retained:

(i) six kinetic and diffusion levels (Rsei, τsei, Rct, τct, Rd,
τd);

(ii) their six logarithmic drifts (	 ln Rct,	 ln Rsei,	 ln τct,
	 ln τsei, 	 ln Rd, 	 ln τd); and

(iii) the two stress covariates (CSI and ln(dCSI/dN )).
Seven candidates are excluded: the spectrum-derived and

ECM-fitted series resistances, which show no physical vari-
ation; the CPE exponents nsei and nct and the inductance L,
which are constant or bound-determined (Section II-B); and
two polarization-resistance composites, which algebraically
duplicate retained features (|ρ| ≥ 0.993). The raw kinetic
levels are retained here because the identifiable branch de-
composition assigns each relaxation to a consistent physical
process at every cycle; under the previous, non-identifiable de-
composition (Section II-B) only the drift features were usable.

Series resistance is a primary aging indicator in experimen-
tal cells [29]. As the high-frequency intercept, Rs represents
the electrolyte, current-collector, and contact contributions,
none of which evolve under the degradation mechanisms en-
abled here: its within-cell COV is below 10−4 and its EOL to
beginning-of-life ratio is 1.000. This exclusion is therefore a
property of this model configuration rather than a claim about
cell physics.

B. STRESS ACCUMULATION AND CALIBRATION
� of Section II-A depends only on operating conditions; cu-
mulative exposure enters through a power-law time term:

CSI(t ) = � t p,
d CSI

dN
= � pt p−1 dt

dN
(10)

where t is cumulative elapsed time and dt/dN the duration of
the current cycle. Identical operating conditions yield iden-
tical �; longer exposure yields larger CSI. Within a cell,
variation in dCSI/dN arises from two mechanisms: the sub-
linear time term t p−1, which decays with exposure, and the
cycle duration, which shortens as capacity fades and the cell
reaches its voltage cut-offs more rapidly. The increment there-
fore declines over life.

Remark 1: The exponent p is not identifiable from lifetime
calibration. Because the calibration condition is linear in p, the
exponent vector of (2) calibrated at time exponent p, denoted
w(p), satisfies w(p) = pw(1) exactly, so CSI(p) = CSI(1)p

is a monotone power transform and both the fitted SOH–
CSI relation and the leave-one-out lifetime error (13.0%) are
invariant for p ∈ [0.4, 1.0]. The calibration constrains only
the product p B, where B is the exponent of the SOH–CSI
relation fitted during this calibration; because both quantities
derive from the same capacity trajectory, this product is not
an independent measurement of the fade kinetics. The value
p = 0.5 is adopted because it yields B = 0.957, so that CSI
is approximately proportional to capacity loss and retains the
Palmgren–Miner interpretation of a consumed-life fraction
reaching unity at failure [19], [42]; it is a modeling convention
within the identifiable family, not a claim about fade kinetics.

As a calibration check: calibrated on the 64 training cells
and evaluated on all 409 cells reaching the 80% threshold,
cumulative damage at EOL has mean 0.999 and COV 11.0%,
with every cell within [0.5, 2]. Residual correlations of EOL
damage with operating factors and log lifetime are 0.280
and 0.218, respectively. Regressed on CSI alone, the index
accounts for 81% of SOH variance across the fleet.

C. MODEL ARCHITECTURE AND COVARIANCE DESIGN
GPR serves as the SOH surrogate model owing to its
non-parametric flexibility and closed-form predictive uncer-
tainty [9]. The Matérn 5/2 kernel is deployed rather than
the squared-exponential (RBF) kernel, as the C∞ smoothness
of the latter is a poor prior for aging trajectories containing
mechanism-driven regime changes.

Impedance and stress features differ in scale and in their
characteristic length scales; a single joint ARD kernel allows
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one group to absorb the available amplitude. An additive
structure is therefore adopted:

k(x, x′) = σ 2
1 k(5/2)

Mat (xECM, x′
ECM; �)

+ σ 2
2 kRQ(xCSI, x′

CSI; �s, α) + σ 2
n δi j (11)

where the first term operates on the twelve impedance features
with independent length scales via ARD, and the second on
the two stress covariates. Hyperparameters are estimated by
maximizing the log marginal likelihood (LML) with three
restarts. Length scales are bounded to [10−3, 102] and ampli-
tudes to [10−3, 103] on standardized inputs. The GPR is fitted
to a stratified subsample of 30 per-cycle observations per cell,
giving 1,920 training points across the 64 anchor cells; the full
12,965 training rows are retained for LOBO evaluation and for
the variance recalibration of Section IV-B.

The additive separation is consequential rather than conven-
tional. Refitting the identical inputs, features, zero mean func-
tion, seed, and bounds with a single joint Matérn 5/2 ARD
kernel over all fourteen inputs degrades holdout MAPE from
0.169% to 0.950%, LOBO MAPE from 0.242% to 1.417%,
and calibrated holdout NLPD from −0.825 to +0.808. Kernel
structure is the only difference: with a single feature block
present the two configurations are the same model, and their
single-block ablation configurations agree to three decimals
(Table 5); they diverge only when both blocks are present.
The fitted amplitudes locate the mechanism; the additive
model separates them by more than five orders of magnitude
(1.0 × 103 on the impedance block against 1.9 × 10−3 on
the stress block), suppressing the smooth, near-deterministic
stress surface within the covariance, whereas a single joint
amplitude cannot express that ratio. Both configurations ter-
minate at the same amplitude ceiling (103), so the comparison
is not confounded by differing headroom; the additive ratio is
therefore a lower bound on the block separation rather than
a point estimate of it. The joint fit additionally loses ARD
stability across the relevance-threshold sweep and develops a
significant association between per-cell LOBO error and dis-
tance to the nearest anchor (Spearman ρ = 0.351, p = 0.004,
against ρ = 0.129, p = 0.31 under the additive kernel).

A zero mean function is adopted: the GPR posterior is
anchored at the standardized-target mean, and all structure is
carried by the covariance. Candidate physics mean functions
were screened on the training partition (Section IV-A); the
best single term, 	 ln τct, improves the LML by 5.87 nats,
clearing the 3.78-nat Bayesian information criterion (BIC)
penalty, but degrades LOBO error ( 0.257% against 0.242%),
and under the selection rule of highest marginal likelihood
subject to no cross-validation degradation, no candidate is
admitted. With the corrected branch decomposition the kinetic
levels collectively carry the degradation trend, and an explicit
trend prior is no longer required.

IV. RESULTS AND DISCUSSION
Throughout this evaluation, an observation denotes a single
EIS spectrum reduced to its ECM parameter vector, as the

regression operates on fitted parameters rather than raw fre-
quency points. The 414 cell trajectories (73,422 observations;
Section II-B) are partitioned into three non-overlapping eval-
uation sets.

a) Training Anchor Set (Ncells = 64, 12,965 observations):
Selected via 24 vertex anchors plus greedy MaxPro (max-
imum projection) infill in the coded parameter space [25]:
maximin-type criteria fill only the full-dimensional space and
project poorly onto subspaces, which matters when few fac-
tors are active. Model validation is conducted via LOBO-CV,
decoupling hyperparameter selection from individual cell bi-
ases.

b) Holdout Test Set (Ncells = 256, 48,066 observations):
Withheld from all feature engineering, kernel configuration,
and hyperparameter optimization.

c) Extrapolation Test Set (Ncells = 94, 12,391 observa-
tions): Conditions at the extreme boundary of the design
space outside the training distribution across three tiers: deep
DOD (≥ 90%), low temperature (−10 ◦C), and SOC-window
edges, testing whether physics-informed features generalize
to conditions that induce qualitatively distinct degradation
dynamics [43]. The fast-charge tier at C = 3.0 h−1 did not
converge and extrapolation to elevated C-rate is therefore not
claimed.

Point-prediction accuracy is quantified by cycle-weighted
pooled MAPE, RMSE and R2 in their standard forms; uncer-
tainty calibration by empirical 95% prediction interval (PI)
coverage, and NLPD (lower is better):

PI95 = 1

N

N∑
i=1

1
[
yi ∈ [

ŷi ± 1.96σ̂i
]]

(12)

NLPD = 1

N

N∑
i=1

[
1
2 ln(2πσ̂ 2

i ) + (ŷi − yi )2

2σ̂ 2
i

]
(13)

LinKK screening rejects no spectrum: the maximum rel-
ative residual across all 73,422 spectra is 0.484% (mean
0.258%); admission is governed by the equivalent-circuit
gates of Section II-B, which no post-correction fit fails. The
decomposition is identifiable at every cycle: the two kinetic
relaxations are separated by at least 0.905 decades across all
73,422 spectra, no fit collapses the branches onto a common
time constant, and no adjacent-cycle change in the kinetic drift
features exceeds 0.502, under a quarter of the 2.08 in 	 ln τ
that interchanging the branches would imply. Identifiability is
the stronger criterion: a degenerate decomposition can satisfy
a residual tolerance while assigning the branches arbitrarily
between cycles.

A. FEATURE RELEVANCE AND MEAN FUNCTION SELECTION
Feature relevance is quantified by leave-one-feature-out
(LOFO) refitting: the model is refitted without each feature in
turn and the change in pooled held-out error recorded. Refit-
ting rather than perturbing a fixed model allows the remaining
features to absorb the loss, so the reported change measures
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TABLE 3. Leave-One-Feature-Out Relevance: Change in Pooled MAPE
When Each Feature is Removed and the Model Refitted on the Training
Subsample. Positive Values Indicate the Feature is Contributing.

what a feature contributes that no other feature supplies. The
procedure is deterministic: one refit per feature, no repeats.

No single feature is individually necessary (Table 3):
the largest LOFO effect is 0.030 percentage points (τd)
against a holdout baseline of 0.169%, and three drift features
carry small negative values, indicating that their removal is
marginally beneficial. Relevance is nonetheless ordered by
block. The six ECM level features occupy the first five po-
sitions and the seventh, summing to 0.110 percentage points;
the six scale-free drift features occupy the last six, summing
to −0.009 percentage points; the two stress covariates fall be-
tween them at ranks six and eight. This ordering is consistent
with the identifiable branch decomposition of Section II-B,
in which each relaxation is assigned to a consistent physical
process at every cycle, and the drifts add largely redundant
information. The contrast with the block ablation of Table 5
is the substantive result: removing any one feature costs at
most 0.030 percentage points, whereas removing the stress
block costs 0.027 percentage points and the impedance block
1.945 percentage points. Predictive relevance is more apparent
at the block level rather than at individual features, which pro-
vides empirical motivation for modeling the impedance and
stress groups as separate covariance components. An additive
covariance structure is adopted in Section III-C.

ARD is not used to rank features, because its per-feature
amplitude allocation is not identifiable in this configuration:
across near-equivalent fits the stress block receives between
0.02% and 99.93% of the total amplitude. Because ARD and
LOFO quantify different aspects of relevance, their rankings
are not expected to coincide. Where the two measures can be
compared they agree only in part; ARD and LOFO both rank
τd first, but ARD places the stress covariates second and third
where LOFO places them sixth and eighth. The ARD-retained
feature set is nonetheless stable, invariant across threshold
multipliers 2.0–5.0 (nine features at every threshold: the six
levels and the stress covariates plus 	 ln Rsei), and a single
feature, 	 ln τd, terminates at the length-scale upper bound

TABLE 4. Mean-Function Selection. LML Screening on the Training
Partition; LOBO-CV and a Held-Out high-CSI Extrapolation Guard for the
Finalists. The Guard is Evaluated Without Variance Recalibration and Ranks
Candidates Only.

TABLE 5. Feature Block Ablation Under the Zero Mean Function. The Final
Row is a Sensitivity Refit Differing From the Frozen Model in Kernel
Structure Alone.

and is pruned by ARD at all thresholds. It is reported on that
basis alone.

Mean-function candidates were screened by LML on the
training partition over the feature pool: eleven single-term
candidates and pairwise additions to the stage-1 leader, with
LOBO-CV for the finalists (Table 4). Selection follows a
fixed rule: highest LML, an additional coefficient admitted
only where the gain exceeds the 3.78-nat ( 1

2 ln 1,920, the
GPR training size) BIC penalty, and no LOBO-CV degrada-
tion. Only 	 ln τct clears the LML gate (	LML = +5.87);
no pairwise addition clears the penalty. Carried to cross-
validation, however, it degrades LOBO error from 0.242%
to 0.257%, and the zero mean is therefore retained. On the
held-out high-CSI extrapolation guard the rejected candidate
is in fact slightly stronger (0.204% against 0.281%); the ob-
served out-of-distribution cost of the zero mean on this split
is 0.08 percentage points, with near-identical minimum pre-
dicted SOH (67.7 against 67.5%); the selection rests on the
cross-validation criterion.

The relative contribution of each feature block is isolated in
Table 5 under the frozen zero-mean configuration. The stress
covariates alone attain 2.114% holdout MAPE (R2 = 0.938,
extrapolation R2 = 0.709) from operating history alone, while
the impedance features alone attain 0.196% (R2 = 0.993).
Given the full impedance set, the marginal contribution of
the stress block is +0.027 percentage points on holdout (
0.196% → 0.169%) and +0.017 under extrapolation: a high
standalone R2 with a small marginal gain indicates redun-
dancy with the impedance features where those are available,
not absence of information. That gain is contingent on the
additive structure: the same two covariates added to the same
twelve impedance features under a joint kernel cost 0.754 per-
centage points rather than gaining 0.027. Where a dense
frequency sweep is unavailable, the stress block alone remains
a usable predictor.

138 VOLUME 1, 2026



IEEE Systems, Man, 
and Cybernetics Letters

TABLE 6. Performance Summary (Cycle-Weighted Pooled)

B. PREDICTIVE ACCURACY AND UNCERTAINTY
CALIBRATION
Table 6 reports point accuracy and prediction-interval perfor-
mance across all evaluation partitions. Per-cell error within the
holdout set shows no significant association with distance to
the nearest training anchor (Spearman ρ = −0.037, p = 0.56;
LOBO: ρ = 0.129, p = 0.31), indicating that error is asso-
ciated with crossing the domain boundary rather than with
distance decay inside it.

Raw 95% prediction intervals are substantially narrower
than nominal, attaining 63.3% pooled coverage on the
holdout set; per cell, the median raw coverage is 62.8% with
interquartile range [48.6, 75.9] across the 256 holdout cells, so
the under-coverage is systematic rather than driven by a few
cells. A single scalar variance-inflation factor of 2.887—the
scalar matching nominal coverage of out-of-sample LOBO
z-scores on the training cells only, applied unchanged to
every tier—restores coverage to 95.0% (LOBO), 94.3%
(holdout), and 96.1% (extrapolation), and reduces holdout
NLPD from 1.517 to −0.825 (Table 6). A single global factor
is an empirical adequacy finding of this fleet, not a structural
guarantee under covariate shift. Negative calibrated NLPD
reflects average predictive densities above unity, as expected
for sub-percent residuals on a percentage-scale target. Its ade-
quacy across partitions can be read from the scale each would
require on its own residuals: 3.025 on the holdout set, 2.019 on
the SOC-window edge, 3.612 on the deep-DOD tier and 2.592
on the extrapolation set as a whole. The single value of 2.887
lies within this range and holds coverage between 91.0% and
97.7% on all in-hull and moderate-shift partitions. Removing
one training anchor at a time and re-estimating gives a range
of 2.724 to 3.016; a bootstrap over the 64 training cells gives
a mean of 2.916 with a 95% interval of [2.405, 3.547], so
the factor is reasonably robust to deletion of any individual
cell while uncertainty in the estimated tail quantile remains
non-negligible. The sub-zero tier is the exception and
requires a factor below unity (0.249), its raw intervals being
already wider than nominal coverage demands. The observed
pattern is consistent with two structural contributors: the
homoscedastic noise assumption limits variance adaptation
within the training hull, while the distance-dependent prior
variance increases uncertainty far outside the training domain.
A single global scalar corrects the first and does not provide
uniform calibration across all regimes; input-dependent noise

TABLE 7. Extrapolation Performance by Tier: Cycle-Weighted MAPE and
Raw Prediction Intervals. Per-Cell R2 on the Cold Tier Ranges From −0.40
to −0.02; Tier-Pooled R2 is Reported Only for the Aggregate.

or a heteroscedastic likelihood would be required to address
both, and is left to future work.

The aggregate extrapolation MAPE (2.66%) is attributable
entirely to one tier (Table 7). The SOC-window-edge and
deep-DOD (≥ 90%) tiers perform at in-distribution accu-
racy 0.121% and 0.233% cycle-weighted MAPE, and the 64
non-cold extrapolation cells pool to 0.169%, identical to the
holdout figure. The cold tier (−10 ◦C) reaches 10.28% with
negative per-cell R2 throughout: this is the one extrapola-
tion direction in which the dominant degradation mechanism
changes rather than intensifies, as lithium plating becomes
rate-limiting below 0 ◦C [27], a regime absent from the train-
ing data, whose lowest temperature anchor is 0 ◦C. Raw
interval coverage on that tier is 100% for every cell, so the
model reports elevated uncertainty rather than issuing confi-
dent incorrect predictions. This behavior suggests a practical
use for the predictive variance beyond interval reporting: raw
coverage reaches 100% on that tier and the required infla-
tion factor falls below unity, so the variance widens sharply
on entering a regime whose governing mechanism is absent
from training. The increased predictive variance is consistent
with the model responding to this novel regime, although that
response has not been validated as a formal novelty detector.

Fig. 2 shows representative holdout SOH trajectories. Hold-
out cells with at least 50 observations are ordered by MAPE,
and the best, median, and 90th percentile are selected. The
panel is reproducible rather than curated; the 90th percentile
is used instead of the maximum, which is a single patho-
logical cell (2.27% against a fleet median of 0.087%). The
best and median cells (C0.5_T5.0_D80_S95, 0.019%;
C0.25_T15.0_D20_S80, 0.083%) track the trajectory
to within the marker width. The 90th-percentile cell
(C0.7_T35.0_D70_S77.5, 0.360%) exhibits one isolated
excursion at which the posterior variance rises sharply, co-
inciding with an adjacent-cycle jump in the diffusion-branch
features (Section II-B).

C. TRANSFER TO MEASURED CELLS
The framework was applied to 2,590 impedance spectra from
twelve commercial LiCoO2/graphite cells cycled at 25, 35,
and 45 ◦C [13], separating transferability of the EIS feature-
extraction pipeline from that of the learned impedance–SOH
mapping.

The feature-extraction pipeline transfers. LinKK screen-
ing rejects no spectrum (maximum relative residual 0.812%);

VOLUME 1, 2026 139



KUNTAMBILA AND CHEN: PHYSICS-INFORMED GAUSSIAN PROCESS REGRESSION FOR BATTERY HEALTH ESTIMATION UNDER DISTRIBUTION SHIFT

FIGURE 2. GPR posterior mean and 95% prediction intervals (raw and calibrated) against simulated SOH for 3 representative holdout cells selected by a
fixed rule (best, median, 90th percentile of per-cell MAPE; n ≥ 50). SOH is defined against each cell’s first-cycle discharge capacity (SOHv2). Prediction
intervals are narrower than the marker size on well-predicted cycles and are visible only where the posterior variance rises; raw intervals under-cover
(Table 6) and the calibrated band applies the global factor 2.887.

TABLE 8. Transfer to Twelve Commercial cells [13]. The First Three
Configurations Use No Measured Supervision; the Last Two are Refitted on
Six Cells and Evaluated on the Remaining Six.

equivalent-circuit fits have a mean error of 1.69% and a max-
imum of 3.85%; and both kinetic branches are detected in all
spectra at prominence thresholds of 0.025 and 0.05, and in
95.5% at 0.10. Of the 2,590 spectra, 23 (0.89%) are excluded
for a non-finite kinetic branch fit, leaving 2,567 evaluation
samples.

The learned mapping does not transfer. Nine of fourteen
features lie outside their simulated training ranges, several by
two orders of magnitude. The frozen model yields 16.44%
MAPE (R2 = −0.176), below the experimental sample-mean
predictor (Table 8). Restricting the model to scale-free drift
or impedance features does not recover accuracy, indicating
that the failure is not attributable to feature availability. The
dominant discrepancy is a sign reversal in charge-transfer
time-constant drift: 	 ln τct spans [−0.62, 0] across the 414
simulated cells but [−2.03, +2.17] in the measured cells.
Because SEI film resistance is absent from the linearized
impedance and mechanical degradation channels are inactive
in the simulation (Section IV-D), the stoichiometry-window
shift is the primary active impedance–aging mechanism and
exhibits the opposite trend at the voltage-anchored mea-
surement state. Refitting the same architecture on six cells
improves performance to 7.73% MAPE (R2 = 0.694) on the
remaining six, showing that the measured features contain
predictive signal when the mapping is re-estimated for the
target fleet. Prediction intervals achieve 100% coverage for
the frozen model, with increased predictive variance outside
the training domain.

This twelve-cell, single-chemistry dataset does not es-
tablish general transferability. The results indicate that the
primary limitation is a mismatch between the degradation
mechanisms represented in the simulator and those expressed
in measured impedance. Determining which mechanisms
must be added to the simulated impedance to obtain trans-
ferable SOH mappings requires a dedicated study.

D. LIMITATIONS
Four scope constraints bound the generalizability of these
results. First, all training data derive from a single
NMC/graphite DFN parameterization [16]; the optimized ker-
nel hyperparameters reflect that system’s kinetics. Validation
across chemistries, form factors, and electrolyte formulations
is a prerequisite for deployment in a physical BMS. Sec-
ond, simulation fidelity constrains transfer: SEI film resistance
does not enter the linearized impedance; the LAM and crack-
ing channels are inactive (fleet maxima below 4 × 10−7 % of
capacity), a consequence of the particle-cracking rate constant
lying toward the low end of its documented range (Section V);
and the C = 3.0 h−1 tier is numerically intractable under
the present solver (Section II-A). At higher charging rates
lithium plating is expected to become increasingly important
relative to the secondary channels represented here [27]; be-
cause the coupled degradation model does not converge at
C = 3.0 h−1, that regime is not characterized quantitatively.
Extending the framework to it would require a rate-dependent
C-rate stressor rather than the linear ratio calibrated here,
and a plating-related impedance contribution absent from the
current feature set; the additive kernel structure itself would
not require modification. Because the mechanical channel is
inactive, the estimated DOD elasticity (wD = 0.122) and the
impedance aging signature are expected to understate their
active-cracking counterparts. These constraints determine the
sign and magnitude of the simulated impedance–capacity-
fade relationship; the solver limit further restricts the realized
C-rate range to 0.25 h−1 to 2.0 h−1. The simulated spectra are
additionally free of instrumentation artifacts, inductive tails,
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and stochastic baseline noise; the scale-free drift features are
the components most exposed to these, being adjacent-cycle
differences that amplify measurement noise simulated trajec-
tories do not contain. Both constraints bear on the transfer
behavior reported in Section IV-C. Third, the stress index
accumulates without stressor-sequence memory, precluding
knee-point acceleration attributed to LAM and cracking; be-
cause the mechanical channel is inactive in this fleet, no
knee-point behavior is present in the training data for the in-
dex to have captured. Cumulative exposure is undifferentiated
elapsed time, each cycle contributing its full duration, rest
intervals included, at a single Stress Index, so cycling and cal-
endar contributions are not separable and the C-rate elasticity
absorbs both, with the rest fraction of a cycle co-varying with
C-rate and drifting as capacity fades; its temperature term is
calibrated only in the cycling-dominated regime (0–45 ◦C);
and residual correlations of EOL damage with operating
factors (0.280) and log lifetime (0.218) indicate incomplete
stress-index coverage. Fourth, prediction intervals require the
post-hoc variance inflation of Section IV-B (factor 2.887) to
attain near-nominal coverage [44].

V. CONCLUSION
This study presents a physics-informed GPR framework
for the probabilistic estimation of lithium-ion battery SOH.
The framework integrates interspersed cyclic aging with EIS
measurements. Impedance spectra are processed through a se-
quential LinKK and DRT validation pipeline to extract ECM
parameters, which are combined with the CSI encoding oper-
ating history. On 256 unseen simulated cells the framework
achieves 0.169% MAPE (R2 = 0.995); on 94 cells outside
the training distribution the error is 2.66% (R2 = 0.752),
attributable entirely to the cold tier, with the remaining ex-
trapolation tiers pooling to the holdout figure. A single scalar
variance recalibration attains 94.3 to 96.1% coverage on the
primary partitions and reduces holdout NLPD from 1.517 to
−0.825.

Kernel structure is consequential in this configuration:
an additive impedance/stress covariance preserves a positive
marginal contribution from the stress covariates, which a joint
ARD kernel reverses, and the dependence of per-cell error on
distance to the nearest training anchor, significant under the
joint kernel, is not detectable under the additive one. CSI is
largely redundant in distribution, yet predicts SOH standalone
at R2 = 0.938 on the holdout partition without any impedance
measurement.

DATA AND CODE AVAILABILITY
The simulation configuration, the frozen model and cali-
bration artifacts, the equivalent-circuit and Gaussian-process
fitting code, and the complete parameter record (including all
fitting thresholds, kernel bounds, and detection settings, each
tagged with the basis on which it is set) are available from the
corresponding author on reasonable request. The measured
dataset is publicly available from [13].
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