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 A B S T R A C T

Accurate assessment of lithium-ion battery ageing is complicated by cell-to-cell variability, heterogeneous 
cycling protocols, and limited transferability of data-driven predictors. This study develops a continuous 
ageing-trajectory framework in which coordinate-based multilayer perceptron (MLP) and sinusoidal repre-
sentation network (SIREN) models represent state-of-health and voltage–capacity trajectories as differentiable 
functions of normalized trajectory coordinates. The framework combines continuous reconstruction, derivative-
based knee descriptors, equivalent-full-cycle (EFC) harmonization, protocol-held-out early-life prediction, 
perturbation analysis, and conformal uncertainty quantification. Early-life prediction was evaluated in four 
protocol-held-out folds, repeated for three random seeds, using the first 𝑁 ∈ {5,10,20} available degradation 
observations rather than assuming that one observation represented one physical cycle. The pooled association 
between robust consensus knee location and the first crossing of the 80% SOH threshold was strong (𝑛 = 172, 
Spearman 𝜌S = 0.834, 95% bootstrap CI [0.738,0.907], Holm-adjusted 𝑝 = 3.36 × 10−45). Raw adapted cINR 
predictions exhibited substantial architecture- and window-dependent bias. A leakage-safe bias-corrected MLP-
protocol blend achieved MAEs of 113.57, 107.79, and 112.82 EFC for 𝑁 = 5, 10, and 20, respectively, 
compared with 116.66, 115.57, and 125.02 EFC for the protocol-median baseline. These numerical reductions 
were not statistically significant after multiplicity correction, although the blend significantly improved over 
raw MLP cINR predictions for 𝑁 = 5 and 𝑁 = 10. Fold-external conformal intervals at the nominal 90% 
level attained empirical coverages of 90.3%, 91.0%, and 95.5%, but remained wide, reflecting substantial 
inter-cell uncertainty. Knee detection was comparatively stable under missing observations but sensitive to 
aggressive downsampling and measurement noise. The results support continuous trajectory representations 
as useful differentiable descriptors and components of calibrated hybrid predictors, but do not establish a 
uniform predictive advantage over a strong protocol-informed baseline.
1. Introduction

The rapid deployment of lithium-ion batteries in electric vehicles, 
stationary storage and consumer electronics has intensified the need 
for reliable and interpretable ageing models [1,2]. Despite extensive 
research, predicting battery degradation remains challenging due to the 
interplay of multiple mechanisms, including loss of cyclable lithium, 
impedance growth and thermal effects, which evolve nonlinearly over 
time [3,4]. Accurate estimation of state of health (SOH) and remaining 
useful life (RUL) is therefore essential for safe operation and lifecycle 
optimization [5].

Existing approaches to battery ageing modelling can be broadly di-
vided into physics-based and data-driven methods [6–9]. Physics-based 
models, such as equivalent circuit and electrochemical models, provide 
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physical interpretability but are often limited by parameter identifia-
bility and computational complexity [10,11]. Data-driven methods, in-
cluding machine learning and deep learning models, offer flexibility but 
typically rely on discretized time series or hand-crafted features, which 
limits transferability across datasets and operating conditions [12–16].

A persistent limitation of battery-prognostics studies is not the 
absence of accurate model families, but the lack of a common repre-
sentation and validation protocol that permits degradation trajectories 
collected under different sampling densities and stress conditions to be 
compared without treating every recorded observation as an equivalent 
physical cycle. Feature-based models compress each trajectory into 
a fixed set of hand-crafted statistics, sequence models learn directly 
from discretized histories, Gaussian-process models provide continuous 
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probabilistic interpolation, and physics-informed models introduce ex-
plicit electrochemical or dynamical constraints. These approaches are 
valuable but differ substantially in their sampling requirements, com-
putational assumptions, and ability to provide stable derivative-based 
descriptors [2,17,18]. 

The present study does not claim architectural novelty for the MLP 
or SIREN networks themselves. Its methodological contribution is the 
integration of five elements within one leakage-controlled framework: 
differentiable coordinate-based trajectory representations; EFC-based 
interpretation of heterogeneous observation indices; curvature- and 
change-point-based knee extraction; protocol-held-out early-life predic-
tion repeated across folds and seeds; and explicit sensitivity, censoring, 
statistical-significance, and conformal-coverage analyses. In contrast 
to a purely feature-based pipeline, the continuous representation per-
mits the trajectory and its derivatives to be evaluated at arbitrary 
coordinates. In contrast to a physics-informed neural network, it does 
not require specification of a particular electrochemical differential 
equation.

Throughout this study, ‘‘interpretable’’ refers to the outputs de-
rived from the continuous representation-including slope, curvature, 
plateau extent, knee location, and EFC-based lifetime-rather than to 
full transparency of the neural-network parameters. These descriptors 
have a direct geometrical or degradation-related meaning, whereas the 
learned network weights and latent coordinates are not interpreted 
individually.

The study therefore evaluates whether continuous trajectory repre-
sentations can support consistent ageing analysis across heterogeneous 
sources and whether cINR-derived information adds predictive value 
beyond strong protocol-informed baselines. The contribution is assessed 
conservatively: numerical improvement is distinguished from statisti-
cally supported improvement, and robustness is evaluated explicitly 
rather than inferred from performance on clean data.

This study progresses SDG 7 (Affordable and Clean Energy) and 
SDG 9 (Industry, Innovation and Infrastructure) by improving lithium-
ion battery health prediction and lifetime assessment, enabling more 
reliable, efficient, and sustainable energy storage systems through in-
terpretable, transferable battery ageing analytics [19,20].

The main contributions of this study are fourfold. First, we es-
tablish a common coordinate-continuous representation for analysing 
heterogeneous battery-ageing trajectories on an EFC scale. Second, 
we extract geometrically interpretable descriptors, including slope, 
curvature, plateau extent, and consensus knee location, and explicitly 
evaluate their sensitivity to missing observations, noise, and reduced 
sampling resolution. Third, we assess, rather than assume, whether 
cINR-derived information provides incremental prognostic value be-
yond a strong protocol-informed baseline under protocol-held-out vali-
dation. Fourth, we integrate trajectory reconstruction, lifetime analysis, 
leakage-safe post-processing, paired statistical comparisons, and con-
formal uncertainty quantification within one auditable framework. The 
contribution therefore lies in the unified evaluation and interpretation 
protocol rather than in claiming that a particular neural architecture 
universally outperforms conventional battery-prognostics models.

2. Materials and methods

2.1. Implicit Neural Representations

Implicit Neural Representations constitute a class of continuous, 
coordinate-based neural functions that have recently emerged as a 
powerful alternative to classical interpolation and regression mod-
els [21–25]. Instead of predicting over a discrete grid or relying on 
predefined basis expansions, an INR directly parameterizes an unknown 
signal, such as a voltage curve, ageing trajectory, or multidimensional 
electrochemical response, as a differentiable function 
𝑔 ∶ R𝑑 → R𝑐 , 𝜃 ∈ R𝑝 (1)
𝜃

2 
where the input coordinate 𝐱 ∈ R𝑑 encodes the model domain
(e.g., time, current, temperature, cycle index, or auxiliary metadata), 
and the output 𝐲 ∈ R𝑐 corresponds to the reconstructed electrochemical 
response (voltage, derivative dV/dQ, capacity-normalized features, or 
latent space parameters). The function 𝑔𝜃 is implemented as a multi-
layer perceptron whose trainable parameters 𝜃 implicitly encode the 
full continuous signal [26].

In the analyses reported here, a fixed input dimensionality was used 
within each representation task. For capacity-ageing trajectories, the 
principal coordinate was the normalized EFC or source trajectory co-
ordinate, and the response was normalized SOH. For voltage–capacity 
reconstruction, the coordinate was normalized discharged capacity and 
the response was voltage. Dataset-specific metadata such as protocol 
group, charge rate, discharge rate, and depth of discharge were retained 
for grouping, fold construction, or conditional priors; missing metadata 
were not replaced by additional variable-dimensional neural inputs. 
Consequently, the same coordinate-to-response mapping was applied 
within a task even when the source datasets differed in the amount of 
available auxiliary information.

To further formalize the continuous representation, we consider 
the INR model as a function approximator trained by minimizing a 
data-fitting objective over observed electrochemical measurements: 

(𝜃) =
𝑁
∑

𝑖=1

‖

‖

𝑔𝜃(𝐱𝑖) − 𝑦𝑖‖‖
2 , (2)

where {(𝐱𝑖, 𝑦𝑖)}𝑁𝑖=1 denotes the set of coordinate–response pairs obtained 
from battery cycling data. This formulation allows the model to learn 
a continuous mapping from the input domain (e.g., capacity or cycle 
index) to the measured signal (e.g., voltage or normalized capacity).

A key advantage of this representation is that differential operators 
can be applied directly to the learned function. For example, the first 
and second derivatives with respect to capacity 𝑄, 
𝜕𝑉
𝜕𝑄

, 𝜕2𝑉
𝜕𝑄2 , (3)

can be computed analytically via automatic differentiation. The first 
derivative d𝑉 ∕d𝑄 provides a differential-voltage descriptor, whereas 
incremental-capacity analysis is based on the inverse derivative d𝑄∕d𝑉 . 
Together with the second derivative, these quantities can be used to 
identify changes in local slope, curvature, and inflection behaviour 
along the voltage–capacity trajectory.

Unlike grid-based interpolants, polynomial expansions, or kernel 
regressors, INRs operate in continuous coordinate space and do not 
require predefined sampling locations. Their capacity to represent high-
frequency and nonlinear behaviour depends not on the discretization, 
but on the network architecture (e.g., sinusoidal activations in SIREN 
networks or random Fourier feature mappings). This makes them well 
suited for electrochemical systems, where voltage curves exhibit sharp 
transitions (plateau boundaries, phase-change regions, knee points) and 
strongly nonlinear ageing dynamics. INRs support dense evaluation at 
arbitrary coordinates and direct computation of first- and second-order 
derivatives through automatic differentiation. These properties facil-
itate reconstruction, interpolation, and extraction of trajectory-shape 
descriptors without applying finite differences directly to irregularly 
sampled measurements. In the present study, however, the learned 
network weights and latent coordinates are not interpreted as uniquely 
identifiable electrochemical parameters or as direct fingerprints of 
specific degradation mechanisms. Similarly, cross-dataset invariance is 
treated as an empirical question evaluated through held-out protocols 
and perturbation experiments rather than as an inherent property of 
coordinate-based learning. From a scientific machine learning perspec-
tive, INRs complement physics-informed neural networks and neural 
ODEs by providing flexible, continuous surrogates for strongly nonlin-
ear electrochemical dynamics, while remaining agnostic to a specific 
partial differential equation model [18].
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While the INR model is data-driven, partial physical consistency is 
ensured through the structure of the training data and the choice of 
target variables. Physical consistency was treated differently for recon-
struction and lifetime extrapolation. The general voltage–capacity and 
trajectory-reconstruction INRs were not subject to a hard monotonicity 
constraint and could therefore reproduce short-term capacity-recovery 
effects or measurement fluctuations.

For early-life lifetime extrapolation, the dedicated prognostic de-
coder represented SOH as a latent-dependent intercept minus the in-
tegral of a strictly positive degradation-rate field. At each quadrature 
point, the normalized ageing coordinate was concatenated with the 
cell-specific latent vector. The unconstrained rate-network output was 
transformed using sof tplus(⋅) + 10−6 and subsequently integrated using 
trapezoidal quadrature during training and cumulative trapezoidal inte-
gration during dense trajectory generation. Consequently, the decoded 
SOH trajectory was non-increasing with respect to the ageing coordi-
nate by construction. This monotonicity constraint was applied only to 
the prognostic branch.

Predicted EOL was additionally constrained not to precede the last 
observed landmark, ÊOL ≥ 𝑎𝑁 , thereby preventing negative predicted 
RUL. This output constraint was separate from the monotone trajectory 
construction.

The extracted trajectory descriptors, including slope, curvature and 
plateau extent, have a direct geometrical interpretation and may be 
associated with changes in degradation behaviour. Such changes can be 
influenced by processes including impedance growth, loss of active ma-
terial, loss of cyclable lithium, and transport limitations. The descrip-
tors are nevertheless phenomenological and are not treated as uniquely 
identifiable signatures of individual electrochemical mechanisms.

From a functional perspective, the INR representation can be in-
terpreted as a neural field that approximates an underlying smooth 
degradation manifold. Assuming sufficient regularity, the learned func-
tion 𝑔𝜃 belongs to a Sobolev space 𝑊 𝑘,2, which guarantees the existence 
of weak derivatives up to order 𝑘. This functional interpretation permits 
weak or automatic derivatives to be defined for the learned representa-
tion, but it does not guarantee their numerical stability under measure-
ment noise or sparse sampling. Because second-order derivatives can 
amplify local perturbations, the stability of curvature- and knee-related 
descriptors was evaluated explicitly in the sensitivity experiments.

The Sobolev-space interpretation is relevant operationally because 
knee and curvature descriptors depend on first- and second-order 
derivatives. A differentiable surrogate permits these quantities to be 
evaluated on a dense coordinate grid without applying finite differences 
directly to irregular raw samples. This does not guarantee immunity to 
noise; derivative stability was therefore assessed empirically through 
the perturbation experiments reported in Section 7.4.

3. State-of-health and remaining-useful-life models

The early-life task was formulated as prediction of cell EOL in 
equivalent full cycles. The primary EOL coordinate was estimated by 
linear interpolation between the last observation at or above the oper-
ational SOH threshold and the first observation below that threshold. 
Let (𝑎𝑗−1, 𝑠𝑗−1) denote the last observation satisfying 𝑠𝑗−1 ≥ 0.80 and 
(𝑎𝑗 , 𝑠𝑗 ) the first observation satisfying 𝑠𝑗 < 0.80. The interpolated EOL 
coordinate was defined as 

EOL0.80 = 𝑎𝑗−1 +
0.80 − 𝑠𝑗−1
𝑠𝑗 − 𝑠𝑗−1

(

𝑎𝑗 − 𝑎𝑗−1
)

. (4)

No interpolation beyond the two observations bracketing the 80% SOH 
threshold was performed.

For a cell observed up to landmark 𝑎𝑁 , remaining useful life was 
defined as 
RUL𝑁 = EOL0.80 − 𝑎𝑁 . (5)

The input window comprised the first 𝑁 ∈ {5,10,20} available degra-
dation observations. A cell–window pair was retained in the prospective 
3 
prediction benchmark only when the operational threshold had not 
been crossed within the input prefix: 
𝑎𝑁 < EOL0.80, SOH(𝑎𝑗 ) ≥ 0.80, 𝑗 = 1,… , 𝑁. (6)

Pairs for which the 80% SOH threshold had already been reached 
within the first 𝑁 observations were excluded before prediction, bias 
correction, blending, statistical comparison, and conformal calibra-
tion. The term ‘‘observation’’ is used deliberately because one source 
observation did not represent the same amount of electrochemical 
throughput across datasets.

Cell–window pairs for which the 80% SOH threshold had already 
been crossed within the input prefix were excluded before model 
fitting, baseline construction, bias estimation, blending, statistical com-
parison, and conformal calibration. Consequently, the target always 
corresponded to a future EOL coordinate relative to the last avail-
able input observation. The observation-window definition was not 
interpreted as a common physical ageing landmark across datasets. In 
particular, 𝑁 = 5, 10, or 20 specifies the amount of source information 
made available to the model, but not an equal number of physical cycles 
or an equal fraction of cell lifetime. For this reason, the EFC coordinate 
of the last input observation, 𝑎𝑁 , was retained for every prediction, and 
its distribution was reported separately by validation domain and ob-
servation window. Cross-window comparisons were interpreted jointly 
with differences in both cohort composition and the physical EFC extent 
of the available prefix.

Two related INR uses were distinguished. First, reconstruction INRs 
represented an observed trajectory as a continuous coordinate-to-
response function and supplied slope, curvature, area, and knee-related 
descriptors. Second, the conditional prognostic INR (cINR) used a 
decoder trained on source cells and an adapted cell-level latent code 
to extrapolate the SOH trajectory beyond the observed prefix. For a 
held-out cell, decoder weights were frozen and only the cell-specific 
representation was adapted using its first 𝑁 observations. The evalua-
tion target and all later observations of that cell remained unavailable 
during adaptation.

The principal neural architectures were a three-hidden-layer MLP 
and a SIREN. Both decoders used three hidden layers of width 64 and an 
eight-dimensional cell-specific latent representation. The SIREN used 
sinusoidal activations with 𝜔0 = 15. Final decoder training used 1800 
optimization steps and a batch size of 128. Models were trained in 
four protocol-held-out folds and repeated for seeds 2026, 2027, and 
2028. For each architecture, window, and fold, model fitting, protocol 
priors, adaptation parameters, bias estimates, and combination weights 
were derived without using the held-out fold. Mean aggregation across 
the three seeds was used as the primary summary, while median 
aggregation was retained as a sensitivity analysis.

The decoder parameters were optimized for 1800 steps using Adam 
with a learning rate of 2 × 10−4, a batch size of 128, and no explicit 
weight-decay term. During adaptation to a held-out cell, all decoder 
parameters remained frozen and only the cell-specific latent represen-
tation was optimized. For the MLP decoder, latent adaptation used 300 
optimization steps, a learning rate of 2 × 10−3, a latent-prior weight 
of 0.02, and three independent restarts. The seed-dependent SIREN 
adaptation settings are reported in Table  2, whereas the complete pre-
defined candidate space used for source-domain configuration selection 
is reported in Table  1. For both architectures, the restart yielding the 
lowest adaptation objective was retained.

A protocol-median predictor was used as a strong reference because 
protocol group contains substantial information about expected life-
time. For each outer-test cell, the protocol-median EOL estimate was 
calculated exclusively from outer-training cells assigned to the same 
predefined protocol category. No EOL value from the corresponding 
outer-test fold contributed to the protocol median. When the outer-
training partition contained no cell from the required protocol category, 
the median EOL of the complete outer-training partition was used as the 
prespecified fallback. The protocol categories and fallback rule were 
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Table 1
Source-domain hyperparameter search space for held-out-cell latent adaptation. Candidate configurations were evaluated using 
source-domain or inner-fold information only; held-out target-cell EOL values were not used for selection. ‘‘Selected’’ indicates 
that the candidate was retained in at least one final source-only selection run.
 Architecture Candidate Prior weight Steps Learning rate Restarts Selected 
 MLP A1 0.300 100 0.0030 2 No  
 MLP A2 0.200 150 0.0030 3 Yes  
 MLP A3 0.100 250 0.0020 3 No  
 MLP A4 0.050 300 0.0020 3 No  
 MLP A5 0.020 300 0.0020 3 Yes  
 SIREN A1 0.300 100 0.0030 2 Yes  
 SIREN A2 0.200 150 0.0030 3 No  
 SIREN A3 0.100 250 0.0020 3 No  
 SIREN A4 0.050 300 0.0020 3 Yes  
 SIREN A5 0.020 300 0.0020 3 Yes  
fixed before evaluation. Let 𝐸cINR denote the seed-aggregated cINR 
prediction, ̂𝑏−𝑓  the prediction bias estimated using only training folds 
other than outer fold 𝑓 , and 𝐸prot the corresponding protocol-median 
prediction. The leakage-safe hybrid prediction was
𝐸cINR = 𝐸cINR − 𝑏̂−𝑓 , (7)

𝐸hyb = 𝑤−𝑓𝐸cINR + (1 −𝑤−𝑓 )𝐸prot , 0 ≤ 𝑤−𝑓 ≤ 1, (8)

where 𝑤−𝑓  was selected using only the outer-training units. Final 
predictions were constrained by 𝐸hyb ≥ 𝑎𝑁 , which prevented negative 
predicted RUL.

3.1. Data splitting and evaluation protocol

Units, rather than individual observations, formed the independent 
evaluation entities. Protocol groups were partitioned into four outer 
folds so that all observations from a held-out cell and its evaluation 
protocol remained outside model fitting and post-processing. Each 
configuration was repeated for three fixed seeds. The resulting outer-
fold predictions were retained at cell level and used to calculate MAE, 
median absolute error, RMSE, bias, negative-RUL frequency, paired 
significance tests, and conformal calibration.

The primary inferential family comprised six predefined cell-level 
comparisons. The mean-aggregated hybrid cINR–MLP predictor was 
compared with ProtocolMedianEOL and with the raw cINR–MLP pre-
dictor separately at each of the three observation windows, 𝑁 = 5, 10, 
and 20. Comparisons were based on paired absolute EOL errors for cells 
available to both methods.

Two-sided Wilcoxon signed-rank and Monte Carlo sign-flip tests 
were calculated for each comparison. For the sign-flip test, the null 
distribution of the mean paired difference in absolute error was ap-
proximated using 100,000 random sign assignments with a fixed re-
producibility seed. The six raw Wilcoxon 𝑝-values were adjusted jointly 
using the Holm procedure. Independently, the six raw sign-flip 𝑝-values 
were adjusted across the same predefined six-comparison family. Tests 
involving other architectures, aggregation rules, perturbation condi-
tions, or post-processing variants were not included in this primary 
multiplicity family.

Bootstrap confidence intervals for correlation estimates were cal-
culated using 10,000 cell-level resamples. For domain-specific Spear-
man correlations based on fewer than ten cells, statistical significance 
was evaluated using an exact two-sided permutation test rather than 
the large-sample asymptotic approximation. For the NASA-randomized 
scope, all 5! = 120 permutations of the EOL ranks relative to the 
observed knee-location ranks were enumerated. The exact two-sided 
𝑝-value was defined as the proportion of permutations yielding an 
absolute Spearman correlation at least as large as the observed value. 
The resulting raw 𝑝-value was included together with the pooled and 
ISU–ILCC correlation 𝑝-values in the three-scope Holm adjustment.

Full-trajectory knee descriptors were not included in the strict early-
life predictors; only information available within the first 𝑁 observa-
tions was permitted.
4 
3.2. Implementation details and training setup

The final cINR experiments used four protocol-held-out folds, three 
fixed random seeds, and observation windows 𝑁 ∈ {5,10,20}. Hy-
perparameter and latent-adaptation configurations were selected using 
source-domain validation data only. No held-out-cell EOL values were 
used for decoder fitting, configuration selection, latent adaptation, bias 
correction, seed aggregation, protocol blending, or conformal calibra-
tion. Continuous coordinates were normalized within the correspond-
ing training representation, whereas all reported lifetime predictions 
and errors were transformed back to EFC.

MLPs are parametric universal function approximators and were 
used here as continuous neural-field parameterizations. Local-linear 
extrapolation and ProtocolMedianEOL constituted the principal struc-
turally different reference methods. Random Forest was used only in 
the exploratory feature-attribution analysis, whereas Fourier-feature, 
RBF, spline, and related models were evaluated separately in the con-
tinuous reconstruction benchmark.

The finite source-domain search space used for held-out-cell la-
tent adaptation is reported in Table  1. Candidate configurations were 
evaluated without access to held-out target-cell EOL values.

3.3. Exploratory Random-Forest attribution

Tree-based models have been applied to battery SOH estimation 
because they can represent nonlinear feature interactions while retain-
ing comparatively straightforward feature-attribution mechanisms [12–
14]. SHAP-based interpretation has also been used to quantify the 
contribution of measured battery-health indicators to data-driven SOH 
estimates [27]. An auxiliary retrospective attribution analysis was con-
ducted using 21 leakage-safe descriptors calculated from the first 𝑁 =
5 available degradation observations. Variables containing EOL, RUL, 
knee, censoring, analysis-time, identifiers, or other full-trajectory in-
formation were excluded from the predictor set. Missing descriptor 
values were imputed using medians calculated from the corresponding 
training fold.

A Random-Forest regressor with 500 trees, square-root feature sam-
pling, and a minimum leaf size of two was evaluated using five-fold 
out-of-fold prediction. TreeSHAP values were calculated only for cells 
held out from the corresponding model-fitting fold and were aggregated 
as mean absolute SHAP contributions expressed in EFC.

The descriptor table contained 244 cells with five available ob-
servations. Seven of these cells had already reached the operational 
80% SOH threshold within the five-observation prefix and therefore did 
not satisfy the prospective eligibility criterion used in the strict early-
life benchmark. The Random-Forest analysis is consequently treated as 
a retrospective descriptor-attribution analysis and is not included in 
the prospective protocol-held-out performance comparison reported in 
Table  4.

No reliable protocol or validation-domain grouping variable was 
retained in the merged descriptor table. Consequently, the Random-
Forest analysis used internal K-fold validation and was not interpreted 
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Table 2
Implemented architecture, decoder-training, held-out-cell adaptation, and trajectory-generation settings for the prognostic cINR 
models. All configuration choices were made without access to held-out-cell EOL values.
 Component Implemented setting  
 MLP decoder Three hidden layers, width 64 per layer, and an eight-dimensional cell-specific latent 

vector.
 

 SIREN decoder Three hidden layers, width 64 per layer, and an eight-dimensional cell-specific latent 
vector; sinusoidal activations with 𝜔0 = 15.

 

 Decoder optimization Adam optimizer; learning rate 2 × 10−4; 1800 optimization steps; batch size 128; no 
explicit weight-decay term.

 

 Coordinate conditioning Normalized ageing coordinate concatenated with the cell-specific latent vector.  
 Monotone prognostic output Latent-dependent intercept minus the trapezoidal integral of the positive 

degradation-rate field sof tplus(𝑟) + 10−6.
 

 Numerical integration 16 quadrature points during decoder training and 32 quadrature points during 
prediction.

 

 MLP held-out-cell adaptation 300 optimization steps; learning rate 2 × 10−3; latent-prior weight 0.02; three 
independent restarts for seeds 2026, 2027, and 2028.

 

 SIREN held-out-cell adaptation For seeds 2026 and 2028: 100 optimization steps, learning rate 3 × 10−3, latent-prior 
weight 0.30, and two restarts. For seed 2027: 300 optimization steps, learning rate 
2 × 10−3, latent-prior weight 0.05, and three restarts.

 

 Adaptation selection Decoder parameters remained frozen and only the cell-specific latent vector was 
optimized. The restart with the lowest adaptation objective was retained.

 

 Dense trajectory query 5000-point coordinate grid with an extrapolation-extension factor of 1.25.  
 EOL output constraint The predicted EOL coordinate was constrained by ÊOL ≥ 𝑎𝑁 , preventing negative 

predicted RUL.
 

 Seed aggregation Arithmetic mean across the three seeds as the primary aggregation; median 
aggregation as a sensitivity analysis.

 

 Repetition and validation Four protocol-held-out folds; seeds 2026, 2027, and 2028; observation windows 
𝑁 ∈ {5,10,20}.

 

as a cross-domain or cross-protocol experiment. For the same reason, 
no Random-Forest train–test transfer heatmap was constructed.

4. Uncertainty quantification

MC dropout has been interpreted as an approximate Bayesian ap-
proach to estimating model uncertainty, whereas predictive uncer-
tainty may contain distinct epistemic and aleatoric components [28,
29]. Uncertainty-aware RUL prediction and post-hoc regression cali-
bration have also been investigated as mechanisms for improving the 
reliability of predictive risk reporting [30,31]. Uncertainty was evalu-
ated using two complementary procedures: MC-dropout as a diagnostic 
of stochastic model dispersion and fold-external conformal intervals 
as the principal empirical calibration method. These procedures ad-
dress different questions. MC-dropout quantifies variability induced 
by stochastic network realizations, whereas conformal calibration uses 
held-out residuals to quantify empirical prediction uncertainty.

4.1. MC-dropout diagnostic

The MC-dropout analysis was an auxiliary retrospective diagnostic 
of stochastic prediction dispersion. It used the same 21 leakage-safe 
descriptors calculated from the first 𝑁 = 5 available degradation 
observations for the full 244-cell descriptor cohort. Seven of these cells 
had already reached the operational 80% SOH threshold within the 
input prefix. The MC-dropout results are therefore not part of the strict 
prospective early-life benchmark, which retained 237 cells at 𝑁 = 5.

A multilayer perceptron with hidden widths of 64, 64, and 32 
units and a dropout probability of 0.10 was evaluated using internal 
four-fold out-of-fold prediction. Missing features were imputed using 
training-fold medians and standardized using training-fold statistics. 
The analysis was repeated for seeds 2026, 2027, and 2028. For each 
trained model and held-out cell, 200 stochastic forward passes were 
performed with dropout active, yielding 600 stochastic predictions per 
cell across the three seeds.
5 
The resulting dispersion estimates characterize the behaviour of 
the auxiliary descriptor model on the retrospective 244-cell cohort. 
They were not used as prediction intervals for the prospective cINR 
benchmark or for its fold-external conformal calibration. 

𝑦(𝐱) = 1
𝑀

𝑀
∑

𝑚=1
𝑓𝜃𝑚 (𝐱), 𝜎2MC(𝐱) =

1
𝑀 − 1

𝑀
∑

𝑚=1

[

𝑓𝜃𝑚 (𝐱) − 𝑦(𝐱)
]2

. (9)

The association between MC-dropout standard deviation and abso-
lute prediction error was evaluated using Spearman rank correlation. 
Gaussian mean ± 1.645SD and mean ± 1.960SD bands were examined 
only as diagnostics of stochastic dispersion. They were not treated as 
calibrated prediction intervals.

4.2. Fold-external conformal intervals

Fold-external conformal intervals were constructed from absolute 
residuals obtained without using the corresponding outer test fold. For 
nominal miscoverage 𝛼, the interval was 

𝐶𝛼(𝐱) =
[

max
(

𝑎𝑁 , 𝐸(𝐱) − 𝑞1−𝛼
)

, 𝐸(𝐱) + 𝑞1−𝛼
]

, (10)

where 𝑞1−𝛼 is the finite-sample conformal quantile of the fold-external 
calibration residuals. For a calibration set containing 𝑚 absolute resid-
uals 𝑟1,… , 𝑟𝑚, the finite-sample quantile was defined as the 

𝑘𝛼 = ⌈(𝑚 + 1)(1 − 𝛼)⌉ (11)

order statistic of the sorted residuals, with 𝑘𝛼 truncated to 𝑚 when 
necessary. Coverage uncertainty was summarized using exact binomial 
95% confidence intervals calculated from the number of covered outer-
test targets and the corresponding evaluation sample size. Empirical 
coverage and median interval width were evaluated for nominal 90% 
and 95% levels.

These intervals quantify empirical residual uncertainty within the 
present protocol-held-out study design. They should not be interpreted 
as external-validation guarantees for new chemistries, fleets, or battery-
management systems.
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4.3. Reliability analysis

To place the INR-based SOH and RUL predictions into a reliability-
engineering context, we performed a classical lifetime analysis of 
the empirical EOL distribution on the EFC scale. For each valida-
tion domain, the lifetime coordinate 𝑡 denotes equivalent full cycles 
rather than the source observation index. We estimated the empir-
ical Kaplan–Meier survival function 𝑆(𝑡) and fitted descriptive two-
parameter Weibull and lognormal lifetime models commonly used for 
lithium-ion batteries [32,33]. Related battery-RUL studies have also 
formulated lifetime prediction using Weibull accelerated-failure-time 
regression and deep survival models [34,35]. The Weibull model, 

𝑆Weibull(𝑡) = exp
[

−
( 𝑡
𝜆

)𝑘
]

, (12)

with shape 𝑘 and scale 𝜆, is widely employed to characterize wear-out 
and defect-dominated failure modes, while the lognormal distribution 
is often adequate when the degradation process can be modelled as a 
multiplicative accumulation of random effects [32,36].

The corresponding hazard function, which characterizes the instan-
taneous failure rate, is given by 

ℎ(𝑡) =
𝑓 (𝑡)
𝑆(𝑡)

= 𝑘
𝜆

( 𝑡
𝜆

)𝑘−1
. (13)

For 𝑘 > 1, the hazard rate increases with time, indicating a wear-
out failure regime consistent with cumulative degradation processes in 
lithium-ion cells.

Weibull, lognormal, and Kaplan–Meier models were fitted sepa-
rately for each validation domain and for the pooled sample. The 
primary 80% SOH analysis contained 271 observed events and no 
right-censored cells: 12 CALCE cells, 251 ISU-ILCC cells, and eight 
NASA-randomized cells. Fitting was performed by maximum likelihood 
using the lifelines implementation.

For the Weibull distribution, the reported parameters were the 
shape 𝑘 and scale 𝜆. For the lognormal distribution, the location 𝜇, 
logarithmic scale 𝜎, and equivalent natural-scale parameter exp(𝜇) were 
retained. Model fit was summarized using Akaike’s information cri-
terion (AIC). AIC values were compared only between distributions 
fitted to the same analysis scope. Because the validation domains 
represented heterogeneous protocols and cell populations, pooled pa-
rameters were interpreted descriptively rather than as estimates of a 
universal battery-lifetime distribution.

4.4. Cross-domain lifetime comparison

Cross-domain differences in observed EOL0.80 were evaluated on the 
EFC scale. A classical one-way ANOVA was reported as a conventional 
parametric comparison. Because the domain sample sizes were strongly 
unbalanced, homogeneity of variance was evaluated using the median-
centred Brown–Forsythe test. Welch one-way ANOVA was treated as 
the primary parametric test when variances were heterogeneous. The 
Kruskal–Wallis test provided a rank-based non-parametric comparison.

Omnibus effect sizes were reported as 𝜂2 and 𝜔2 for the classical 
ANOVA decomposition and 𝜀2 for the Kruskal–Wallis test. Pairwise 
domain comparisons used Welch two-sample tests and Mann–Whitney 
tests. Multiplicity across the three pairwise comparisons was controlled 
using the Holm procedure.

Pairwise magnitude was quantified using Cohen’s 𝑑, bias-corrected 
Hedges’ 𝑔, and Cliff’s 𝛿, signed as the first domain minus the second 
domain. Ninety-five-percent confidence intervals for Cohen’s 𝑑 and 
Cliff’s 𝛿 were calculated using 5000 independent cell-level bootstrap 
resamples. The analyses describe differences between heterogeneous 
laboratory populations and do not identify a causal effect of dataset 
membership.
6 
5. Input data

The study is based on a set of complementary, publicly available 
databases on lithium-ion cell ageing and material properties [37]; see 
Table  3. Time-series data from charge–discharge cycles comes primarily 
from the NASA Li-ion Battery Aging Datasets [38], recorded at the 
NASA Ames PCoE forecasting facility, where cylindrical Li-ion cells 
were operated in three profiles (charge, discharge, EIS) at various 
temperatures and current loads until their defined EOL. This data 
was supplemented with CALCE battery data (University of Maryland), 
including continuous and partial cycles, storage tests, dynamic driv-
ing profiles, open-circuit voltage and impedance measurements for 
cells of various formats (cylindrical, prismatic, pouch) and chemistries 
(including LCO, LFP, NMC), allowing for the study of degradation 
under various operating conditions [39]. The third dataset is the ISU-
ILCC Battery Aging Dataset [40,41], which contains long-term tests 
of 251 18650 cells designed to analyse the effect of three load fac-
tors, charge rate, discharge rate, and depth of discharge, on capacity 
loss. Additionally, the database ‘‘A database of battery materials auto-
generated using ChemDataExtractor’’ (figshare 11888115) was used for 
an auxiliary materials-level analysis. It contains more than 290,000 
literature-mined experimental records describing relationships between 
electrode-material composition and properties such as specific capacity, 
voltage, conductivity, Coulombic efficiency, and energy [42].

The ChemDataExtractor battery-materials database was used ex-
clusively for an auxiliary materials-level analysis. Records describing 
gravimetric capacity or voltage were retained when they could be 
assigned unambiguously to one of five major cathode-material fami-
lies: LCO, LFP, NMC, NCA, or LMO. Gravimetric-capacity values re-
ported in mAhg−1 or the numerically equivalent Ah kg−1 were har-
monized to mAhg−1. Voltage values were expressed in volts. Records 
with unresolved units, values outside the accepted physical ranges, 
explicit correctness warnings, or ambiguous material assignments were 
excluded.

Because individual publications frequently reported multiple mea-
surements, the primary descriptive analysis was balanced at the pub-
lication level. A median value was first calculated within each DOI–
material-family–property combination, and the resulting DOI-level ob-
servations were subsequently used to calculate material-family medians 
and interquartile ranges. The ChemDataExtractor records were not 
linked to individual CALCE, NASA, or ISU–ILCC cells and were not used 
for SOH, knee, EOL, RUL, or model-training analyses.

Additional public datasets focused on rapid SOH assessment and 
second-life grading (e.g., Warwick rapid SOH dataset [43]) are not used 
in this work but represent promising candidates for future cross-dataset 
validation.

6. Preprocessing and feature extraction

Raw experiments were reduced to ordered degradation observations 
containing capacity, SOH, the source ageing coordinate, and the avail-
able operating metadata. Duplicate source coordinates were aggregated 
using the median for numerical variables. State of health was defined 
as 

SOH𝑗 =
𝑄𝑗

𝑄0
, (14)

where 𝑄0 denotes the initial reference capacity used for the correspond-
ing cell.

The primary end-of-life coordinate was defined as the linearly in-
terpolated first crossing of the operational SOH = 0.80 threshold. Let 
(𝑎𝑗−1, 𝑠𝑗−1) denote the last observation satisfying 𝑠𝑗−1 ≥ 0.80 and (𝑎𝑗 , 𝑠𝑗 )
the first subsequent observation satisfying 𝑠𝑗 < 0.80. The primary EOL 
coordinate was calculated as 

EOL0.80 = 𝑎𝑗−1 +
0.80 − 𝑠𝑗−1 (

𝑎𝑗 − 𝑎𝑗−1
)

. (15)

𝑠𝑗 − 𝑠𝑗−1
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Table 3
Overview of the public datasets used in this study. The table summarizes the source, order-of-magnitude data volume and the 
role of each dataset in the proposed analysis.
 Dataset Brief description  
 NASA Li-ion Battery Aging [38] Source: NASA Prognostics Center of Excellence (NASA Open Data). 

Cylindrical 18650 Li-ion cells cycled under several charge/discharge profiles and 
ambient temperatures until EOL (80% of initial capacity). High-frequency time series 
of voltage, current, temperature and time; per-cycle discharge capacity. Used for 
unified SOH/RUL definition, knee-point analysis and INR-based curve reconstruction.

 

 CALCE battery data [39] Source: CALCE, University of Maryland. 
Mixed cell formats (cylindrical, prismatic, pouch) and chemistries (LCO, LFP, NMC). 
Contains continuous and partial cycling, storage (calendar-ageing) tests, dynamic 
driving profiles, open-circuit voltage, and impedance measurements. Typical data 
volume: dozens of cells with up to (103) cycles per campaign. Used for EFC 
lifetime auditing, voltage–capacity reconstruction, knee and reliability analyses, and 
descriptive cross-domain lifetime comparison.

 

 ISU-ILCC battery aging 
(22582234) [40,41]

Source: Iowa State University DataShare (ISU-ILCC Battery Aging Dataset). 
A total of 251 cylindrical NMC/graphite 18650 cells subjected to long-term cycling 
with systematic variation of charge rate, discharge rate, and depth of discharge. The 
number and physical spacing of the available degradation observations depended on 
the experimental protocol and preprocessing stage. The dataset was used for 
protocol-held-out early-life EOL prediction, exploratory descriptor analysis, 
knee-point analysis, and reliability modelling.

 

 ChemDataExtractor materials DB 
(11888115) [42]

Source: Huang & Cole, Sci. Data 7, 260 (2020); figshare 11888115. 
Automatically mined database of battery materials properties built from the scientific 
literature using ChemDataExtractor. Includes 292313 records and 214617 unique 
composition–property relations for 17354 distinct compounds (capacity, voltage, 
conductivity, Coulombic efficiency, energy). Used to provide materials-level context 
for the time-series datasets and to compare capacity and voltage distributions across 
chemistries.

 

Interpolation was restricted to the interval bounded by the two obser-
vations bracketing the threshold; no extrapolation beyond this interval 
was performed. The first observed measurement below SOH = 0.80 was 
retained only for the sampling-resolution sensitivity audit and was not 
used as the primary EOL coordinate.

Cross-source lifetime reporting used equivalent full cycles (EFC), 
derived from the source throughput coordinate normalized by the 
corresponding reference capacity. The analysis did not assume that 
the fifth, tenth, or twentieth recorded observation represented exactly 
5, 10, or 20 physical charge–discharge cycles. Accordingly, early-life 
windows were defined as the first 𝑁 available degradation observa-
tions. When an explicit source-provided physical-cycle mapping was 
unavailable, no physical cycle count was inferred retrospectively.

Cells without an observed pair of measurements bracketing the 
selected SOH threshold were treated as right censored at their last avail-
able EFC coordinate. Regression metrics were calculated only for cells 
with an observed EOL, whereas Kaplan–Meier, Weibull, and lognormal 
lifetime analyses retained the censoring indicator. At the primary 80% 
SOH threshold, EOL was observed for all 12 CALCE cells, all 251 ISU–
ILCC cells, and all eight NASA-randomized cells included in the EFC 
audit. At the more stringent 75% SOH threshold, two ISU–ILCC cells 
remained right censored.

To characterize the shape of the voltage–capacity trajectory we 
extract additional cycle-level descriptors inspired by earlier work on 
physics-informed features for data-driven ageing models [44–46].
These include the initial ohmic voltage drop 𝛥𝑉IR, the slope of the end-
of-discharge region, plateau length in capacity coordinates, curvature 
of the mid-discharge regime and the energy throughput 

𝐸𝑘 = ∫

𝑡end𝑘

𝑡start𝑘

𝑉 (𝑡) 𝐼(𝑡) d𝑡. (16)

In addition to scalar descriptors, the continuous formulation enables 
defining shape-related quantities directly in functional form. For in-
stance, the curvature of the capacity trajectory 𝑄(𝑘) with respect to 
cycle index 𝑘 can be expressed as 

𝜅(𝑘) =
𝑄′′(𝑘)

(

′ 2)3∕2
, (17)
1 + (𝑄 (𝑘))

7 
which captures deviations from linear degradation. High curvature 
values are typically associated with the onset of accelerated ageing, 
including the transition to the knee region.

In addition, temporal statistics such as mean current and mean 
temperature per cycle are computed, yielding a compact feature vector 
that summarizes both operating conditions and degradation signatures. 
The resulting per-cycle table constitutes a unified representation across 
all public datasets considered, despite differences in protocol, operat-
ing window and sampling frequency. This harmonized preprocessing 
enables joint analysis of capacity fade, knee-onset behaviour and relia-
bility across heterogeneous sources, without imposing any task-specific 
parametric model at this stage. Our choice of cycle-level descriptors is 
aligned with recent work on health-indicator based SOH/RUL models, 
where a moderate number of physically interpretable features extracted 
from voltage and current profiles is preferred over raw time-series 
inputs [44,45,47].

While advanced sequence models such as LSTM and Transformer 
architectures have demonstrated strong performance in battery prog-
nostics, they typically require large homogeneous datasets and do not 
provide explicit continuous representations of degradation trajectories.

In contrast, the proposed INR-based framework emphasizes robust-
ness under heterogeneous conditions and interpretability of trajectory-
level features, which are critical for engineering applications.

6.1. Consensus knee detection

Knee points in battery capacity-fade trajectories are commonly in-
terpreted as transitions from an approximately gradual degradation 
regime to accelerated ageing. Previous studies have investigated algo-
rithmic knee detection, the interpretation of battery-ageing knees, and 
knee-aware trajectory prediction under different operating conditions 
[48–51].

Consensus knee location was estimated independently of the strict 
early-life prediction task. The detector combined a curvature-based cri-
terion with a two-segment piecewise-linear criterion. Both components 
were applied to the complete available SOH-EFC trajectory, and the 
median of the valid estimates was returned as the consensus knee.
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The consensus knee location defined here was used consistently 
in the knee–EOL association, knee-descriptor summaries, and knee-
sensitivity analyses. Knee descriptors were not used as covariates in 
the Kaplan–Meier, Weibull, or lognormal reliability models, which were 
based exclusively on the EOL coordinate and the corresponding event 
or censoring indicator.

6.2. Association between knee location and EOL

Algorithm 1 Consensus knee detection from an SOH-EFC trajectory
Require: Ordered EFC coordinates {𝑎𝑗 } and SOH observations {𝑠𝑗 }
Ensure: Consensus knee estimate 𝑎knee
1: Smooth the trajectory using a Savitzky–Golay filter with window length 9 and polynomial order 3
2: Use a centred three-point median smoother when the trajectory is too short for the Savitzky–Golay 

window
3: Normalize the available coordinate range to 𝑢𝑗 ∈ [0,1]
4: Compute 𝑠′(𝑢), 𝑠′′(𝑢) and

𝜅(𝑢) =
|𝑠′′(𝑢)|

(

1 + [𝑠′(𝑢)]2
)3∕2

5: Restrict curvature search to 0.10 ≤ 𝑢 ≤ 0.95
6: Set the curvature threshold to the 90th percentile of 𝜅 within the search interval
7: Select the earliest point satisfying both the curvature threshold and a slope not greater than the median 

search-interval slope
8: Independently fit all admissible two-segment linear models with at least four points per segment
9: Accept the piecewise knee only when the two-segment fit reduces SSE by at least 5% and the post-knee 

slope is lower by more than 10−4
10: Return the median of the valid curvature and piecewise-linear knee estimates

6.3. Exploratory early-life descriptor embedding

Exploratory unsupervised analysis was performed using descriptors 
calculated from the first 𝑁 = 5 available degradation observations. 
Cells with a complete useable descriptor vector were retained, yielding 
244 cells. Seven of these cells had already crossed the operational 80% 
SOH threshold within the five-observation prefix. The embedding and 
clustering analyses are therefore retrospective descriptions of the five-
observation descriptor space and are not part of the strict prospective 
early-life prediction benchmark.

Numeric descriptors with more than 40% missing values, near-
zero variance, identifier fields, and variables containing EOL, RUL, 
knee, censoring, analysis-time, or other full-trajectory information were 
excluded. The remaining 21 descriptors were median-imputed and 
standardized using the full exploratory sample. K-means solutions with 
𝑘 ∈ {2,3,4,5,6} were compared using the silhouette score. Clustering 
was conducted in the complete standardized descriptor space, with 
random seed 2026, and not in the two-dimensional embeddings. PCA 
and t-SNE were used only for visualization. The t-SNE projection used 
PCA initialization, perplexity 30, automatic learning-rate selection, and 
1500 optimization iterations.

Algorithm 2 Continuous battery ageing analysis pipeline
Require: Raw battery datasets containing time-series measurements {𝐼(𝑡), 𝑉 (𝑡), 𝑇 (𝑡)}
Ensure: Lifetime statistics, degradation descriptors, and early-life prediction outputs
1: Harmonize heterogeneous datasets into a cycle-resolved representation
2: Segment charge–discharge records into individual cycles
3: Compute per-cycle capacity 𝑄𝑘 , state of health SOH𝑘 , and energy 𝐸𝑘
4: Construct continuous voltage–capacity and capacity-cycle representations using INR models
5: Extract trajectory-level descriptors such as slope, curvature, plateau length and knee-related features
6: Estimate EOL and knee-cycle statistics from full trajectories
7: Perform reliability analysis using Kaplan–Meier, Weibull and lognormal models
8: Train early-life predictors using the first 𝑁 ∈ {5,10,20} available degradation observations
9: Construct fold-external conformal intervals for the strict prospective early-life predictor
10: Conduct retrospective MC-dropout and out-of-fold Random-Forest diagnostics on the 244-cell descriptor 

cohort
11: Conduct retrospective PCA, t-SNE, and K-means analysis of the five-observation descriptor space

A compact overview of the full computational pipeline is provided 
in Fig.  1. The diagram highlights the integration of continuous rep-
resentations with reliability analysis and predictive modelling under 
heterogeneous conditions.

Due to filtering steps, missing measurements and the merging of 
trajectory-level descriptors (e.g., knee point) with EOL statistics, the 
8 
Fig. 1. Workflow of the proposed battery ageing analysis framework. Hetero-
geneous datasets are transformed into continuous trajectory representations, 
enabling feature extraction, knee/EOL analysis, reliability modelling and early-
life prediction with uncertainty quantification.

effective number of cells varies slightly between analyses. These differ-
ences do not affect the overall conclusions.

The effective sample size differed across analyses because each task 
required a distinct combination of available early-life observations, ob-
served EOL, complete descriptor values, or a valid consensus knee. The 
primary EFC lifetime audit included 271 cells, the exploratory early-life 
descriptor analysis included 244 cells, and the knee-EOL association 
included 172 cells. In the strict early-life prediction benchmark, the 
sample size decreased from 237 cells at 𝑁 = 5 to 167 at 𝑁 = 10 and 44 
at 𝑁 = 20 because progressively longer complete observation prefixes 
were required.

7. Results

7.1. Early-life prediction performance

All reported results are obtained under a harmonized evaluation 
protocol, ensuring consistent comparison across heterogeneous datasets 
and avoiding data leakage between early-life prediction and full-
trajectory analysis. Table  4 summarizes the early-life RUL prediction 
performance for all evaluated models and input windows. Prospective 
landmark eligibility was verified before calculation of the prediction 
metrics. In the ISU–ILCC cohort, 244, 232, and 120 cells contained at 
least 5, 10, and 20 available degradation observations, respectively. 
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Table 4
Protocol-held-out early-life EOL prediction at the 80% SOH threshold. Errors are reported in EFC. Neural results 
use mean aggregation across three seeds. ‘‘Hybrid’’ denotes leakage-safe outer-fold bias correction and blending 
with ProtocolMedianEOL.
 𝑁 observations Model 𝑛 MAE Median AE RMSE Bias

 5 ProtocolMedianEOL 237 116.656 94.275 149.391 −4.124 
 5 LocalLinear 234 189.590 – 255.313 −76.088 
 5 Raw cINR-MLP 237 319.192 – 390.880 −316.174 
 5 Raw cINR-SIREN 237 133.929 – 176.179 −12.724 
 5 Hybrid cINR-MLP 237 113.571 90.730 148.635 −15.471 
 5 Hybrid cINR-SIREN 237 116.003 94.268 148.848 −4.825 
 10 ProtocolMedianEOL 167 115.572 – 153.998 −1.972 
 10 LocalLinear 166 123.571 – 180.162 77.673 
 10 Raw cINR-MLP 167 176.582 – 246.899 −168.987 
 10 Raw cINR-SIREN 167 150.964 – 211.363 51.562 
 10 Hybrid cINR-MLP 167 107.786 76.911 147.528 −25.557 
 10 Hybrid cINR-SIREN 167 114.237 84.689 154.591 11.275 
 20 ProtocolMedianEOL 44 125.021 – 167.425 15.727 
 20 LocalLinear 43 212.301 – 258.091 200.031 
 20 Raw cINR-MLP 44 130.574 – 167.797 −90.149 
 20 Raw cINR-SIREN 44 196.850 – 324.186 23.786 
 20 Hybrid cINR-MLP 44 112.823 84.637 149.007 −4.659 
 20 Hybrid cINR-SIREN 44 134.685 79.997 194.005 30.831 
After requiring the final input landmark to precede the interpolated 
80% SOH crossing, 237 cells were retained for 𝑁 = 5, 167 for 𝑁 = 10, 
and 44 for 𝑁 = 20. Thus, 7 cells at 𝑁 = 5, 65 at 𝑁 = 10, and 76 at 𝑁 =
20 were excluded because the operational EOL threshold had already 
been reached within the corresponding input prefix. The retained 
proportions were therefore 97.1%, 72.0%, and 36.7%, respectively. All 
prediction results in Table  4 were calculated exclusively from cells that 
remained at risk at the corresponding landmark.

Table  4 shows that the raw cINR predictors did not exhibit uniform 
superiority. The raw cINR-MLP model strongly underestimated EOL, 
with mean biases of −316.17, −168.99, and −90.15 EFC at 𝑁 = 5, 10, 
and 20, respectively. The raw cINR-SIREN predictor was less biased at 
𝑁 = 5, but its error and bias varied substantially across observation 
windows.

Leakage-safe outer-fold bias correction and protocol blending re-
duced the cINR-MLP MAE from 319.19 to 113.57 EFC at 𝑁 = 5, from 
176.58 to 107.79 EFC at 𝑁 = 10, and from 130.57 to 112.82 EFC at 
𝑁 = 20. These changes correspond to absolute reductions of 205.62, 
68.80, and 17.75 EFC, or relative reductions of 64.4%, 39.0%, and 
13.6%, respectively.

Compared with ProtocolMedianEOL, the hybrid cINR–MLP reduced 
MAE by 3.09, 7.79, and 12.20 EFC for 𝑁 = 5, 10, and 20, re-
spectively. These numerical differences are interpreted together with 
the paired tests reported below and are not treated as evidence of 
model superiority. All hybrid predictions satisfied the non-negative RUL 
constraint.

The stored outer-fold postprocessing parameters show that the cINR 
component retained a non-zero contribution after bias correction and 
protocol blending. Median 𝑤−𝑓  values were 0.100, 0.295, and 0.560 
for 𝑁 = 5, 10, and 20, respectively. These weights quantify the contri-
bution of the bias-corrected neural estimate and should be interpreted 
together with the paired comparisons, which did not establish superior-
ity over ProtocolMedianEOL. At 𝑁 = 20, the bias-corrected cINR–MLP 
prediction alone achieved a lower MAE than the final protocol-blended 
hybrid (109.37 versus 112.82 EFC). Thus, although protocol blending 
improved the raw neural prediction and remained better than the 
protocol-median reference, it was not uniformly beneficial after bias 
correction. This result further supports interpreting the blending stage 
as a calibration mechanism rather than as a guaranteed source of 
additional accuracy.

Table  6 separates numerical MAE differences from statistically sup-
ported paired improvements. After correction across the six predefined 
comparisons, the hybrid cINR–MLP predictor improved over the raw 
cINR–MLP predictor according to both paired tests at 𝑁 = 5 and 
9 
𝑁 = 10, but not at 𝑁 = 20. None of the three comparisons with 
ProtocolMedianEOL was supported by both adjusted tests. The hybrid 
is therefore interpreted as a leakage-safe calibration of the raw neu-
ral extrapolation and as numerically complementary to, rather than 
uniformly superior to, the protocol-informed reference.

Fig.  2 illustrates the distinction between raw neural extrapolation 
and calibrated hybrid prediction. The raw MLP showed substantial un-
derestimation for 𝑁 = 5 and 𝑁 = 10, whereas leakage-safe calibration 
reduced its MAE to a level close to or numerically below ProtocolMedi-
anEOL. The lowest observed MAE was 107.79 EFC for the hybrid MLP 
at 𝑁 = 10. Nevertheless, the paired differences between the hybrid 
MLP and ProtocolMedianEOL were not statistically significant after 
multiplicity correction; the figure should therefore be interpreted as 
evidence of numerical complementarity rather than model superiority.

7.1.1. Matched-cohort and seed-aggregation sensitivity analyses
To separate the effect of observation-window length from the pro-

gressive change in cohort composition, an additional matched-cohort 
analysis retained only cells with valid prospectively eligible predictions 
at all three landmarks, 𝑁 = 5, 10, and 20. This procedure yielded a 
common evaluation cohort of 𝑛 = 44 cells. Consequently, differences 
reported in Table  7 reflect changes in the amount of early trajectory 
information available for the same cells rather than differences caused 
by the exclusion of shorter-lived or incompletely observed cells.

Table  7 shows the performance obtained when all observation win-
dows were evaluated on the same 44 cells. The hybrid cINR–MLP MAE 
decreased from 201.929 EFC at 𝑁 = 5 to 195.728 EFC at 𝑁 = 10 and 
112.823 EFC at 𝑁 = 20. The corresponding ProtocolMedianEOL errors 
were 185.598, 182.684, and 125.021 EFC, respectively. The hybrid 
predictor therefore had a higher MAE than ProtocolMedianEOL within 
the matched cohort at 𝑁 = 5 and 𝑁 = 10, but a lower MAE by 
12.198 EFC at 𝑁 = 20. The bias-corrected cINR–MLP estimate alone 
attained the lowest 𝑁 = 20 MAE, 109.373 EFC. These results should 
be distinguished from the primary-window benchmark in Table  4, for 
which the eligible cohort decreased from 237 to 167 and 44 cells as the 
observation window increased.

The paired window comparisons in Table  8 directly evaluated 
whether additional observations reduced prediction error for the same 
cells. For the hybrid cINR–MLP predictor, the change in MAE from 
𝑁 = 5 to 𝑁 = 10 was −6.200 EFC, whereas the changes from 
𝑁 = 10 to 𝑁 = 20 and from 𝑁 = 5 to 𝑁 = 20 were −82.906 
and −89.106 EFC, respectively. After Holm correction, statistically 
supported improvements were observed for the comparisons between 
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Table 5
Outer-fold contribution and prediction error of the mean-aggregated cINR–MLP hybrid. The fold weight 𝑤−𝑓  multiplies the bias-corrected cINR 
prediction; IQR denotes the interquartile range across outer folds. Errors are expressed in EFC. A dash indicates that a corrected-only aggregate 
was not retained in the source table.
 𝑁 𝑛 Folds Median 𝑤−𝑓  [IQR] Corrected cINR MAE Hybrid MAE Protocol MAE Raw cINR MAE 
 5 237 4 0.100 [0.075–0.105] 180.00 113.57 116.66 319.19  
 10 167 4 0.295 [0.255–0.323] 136.17 107.79 115.57 176.58  
 20 44 4 0.560 [0.470–0.603] 109.37 112.82 125.02 130.57  
Table 6
Predefined paired comparisons of the mean-aggregated hybrid cINR–MLP predictor. 𝛥MAE is the hybrid MAE minus the reference MAE, so 
negative values favour the hybrid. The six Wilcoxon 𝑝-values were adjusted jointly using the Holm procedure, and the six Monte Carlo sign-flip 
𝑝-values were adjusted separately across the same predefined family.
 𝑁 Model 1 Model 2 𝑛paired 𝛥MAE Wilcoxon 𝑝raw Wilcoxon 𝑝Holm Sign-flip 𝑝Holm 
 5 Hybrid cINR–MLP ProtocolMedianEOL 237 −3.084 0.1303 0.2606 0.6114  
 5 Hybrid cINR–MLP Raw cINR–MLP 237 −205.621 <0.001 <0.001 <0.001  
 10 Hybrid cINR–MLP ProtocolMedianEOL 167 −7.787 0.0463 0.1852 0.5003  
 10 Hybrid cINR–MLP Raw cINR–MLP 167 −68.796 <0.001 <0.001 <0.001  
 20 Hybrid cINR–MLP ProtocolMedianEOL 44 −12.198 0.2162 0.2606 0.6114  
 20 Hybrid cINR–MLP Raw cINR–MLP 44 −17.751 0.0623 0.1868 0.5003  
Fig. 2. Protocol-held-out early-life EOL prediction performance. Panel (a) compares the protocol-median predictor, local-linear extrapolation, and raw cINR 
predictors. Panel (b) compares the leakage-safe hybrid cINR predictors with ProtocolMedianEOL. Errors are reported in EFC, and lower MAE indicates better 
performance.
Table 7
Matched-cohort early-life EOL prediction performance. Only cells with valid prospectively eligible predictions at all three 
observation windows were retained. Errors are expressed in EFC.
 𝑁 Model 𝑛 MAE Median AE RMSE Bias

 5 ProtocolMedianEOL 44 185.598 152.840 232.300 −71.837 
 5 Raw cINR–MLP 44 626.784 621.293 659.994 −621.224 
 5 Bias-corrected cINR–MLP 44 381.739 372.528 426.147 −360.618 
 5 Hybrid cINR–MLP 44 201.929 160.779 247.168 −136.227 
 10 ProtocolMedianEOL 44 182.684 150.160 229.025 −76.417 
 10 Raw cINR–MLP 44 385.216 386.318 422.409 −383.461 
 10 Bias-corrected cINR–MLP 44 285.217 277.990 328.325 −276.337 
 10 Hybrid cINR–MLP 44 195.728 168.833 239.762 −155.615 
 20 ProtocolMedianEOL 44 125.021 79.997 167.425 15.727 
 20 Raw cINR–MLP 44 130.574 108.425 167.797 −90.149 
 20 Bias-corrected cINR–MLP 44 109.373 84.369 144.614 −19.096 
 20 Hybrid cINR–MLP 44 112.823 84.637 149.007 −4.659 
𝑁 = 5 and 𝑁 = 20 and between 𝑁 = 10 and 𝑁 = 20. No statistically 
supported improvement was found between 𝑁 = 5 and 𝑁 = 10.

The ProtocolMedianEOL reference exhibited a similar window-
dependent pattern. The reduction observed at 𝑁 = 20 should therefore 
not be attributed uniquely to the cINR component.

The sensitivity analysis Table  9 compared arithmetic-mean and 
median aggregation across the three random seeds. Mean aggregation 
yielded hybrid cINR–MLP MAEs of 113.571, 107.786, and 112.823 EFC 
for 𝑁 = 5, 𝑁 = 10, and 𝑁 = 20, respectively, whereas median aggre-
gation yielded 114.003, 110.777, and 111.081 EFC. The corresponding 
median-minus-mean differences were 0.431, 2.992, and −1.741 EFC. 
These differences were small, indicating that the principal conclusions 
10 
were robust to the choice of seed-aggregation rule. Arithmetic-mean 
aggregation was retained for the primary results because it was spec-
ified as the main aggregation procedure before the final comparative 
analysis.

Fig.  3 shows that the principal weakness of the raw cINR-MLP pre-
dictor was systematic EOL underestimation. Its mean bias was −316.17, 
−168.99, and −90.15 EFC for 𝑁 = 5, 10, and 20, respectively. 
Leakage-safe correction and protocol blending reduced the correspond-
ing MLP biases to −15.47, −25.56, and −4.66 EFC. The SIREN bias was 
smaller at 𝑁 = 5 but changed direction across observation windows, 
illustrating that raw cINR extrapolation was both architecture- and 
window-dependent. 
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Table 8
Paired comparison of observation windows in the matched cohort. 𝛥MAE is the MAE at 𝑁2 minus the MAE at 𝑁1; negative values 
favour the longer observation window. Holm correction was applied across the three window comparisons separately for each 
model.
 Model 𝑁1 𝑁2 𝑛 𝛥MAE Wilcoxon 𝑝Holm Sign-flip 𝑝Holm
 ProtocolMedianEOL 5 10 44 −2.913 0.230 0.414  
 ProtocolMedianEOL 5 20 44 −60.577 0.001 <0.001  
 ProtocolMedianEOL 10 20 44 −57.663 0.002 <0.001  
 Raw cINR–MLP 5 10 44 −241.568 <0.001 <0.001  
 Raw cINR–MLP 5 20 44 −496.211 <0.001 <0.001  
 Raw cINR–MLP 10 20 44 −254.642 <0.001 <0.001  
 Bias-corrected cINR–MLP 5 10 44 −96.522 <0.001 <0.001  
 Bias-corrected cINR–MLP 5 20 44 −272.365 <0.001 <0.001  
 Bias-corrected cINR–MLP 10 20 44 −175.843 <0.001 <0.001  
 Hybrid cINR–MLP 5 10 44 −6.200 0.428 0.383  
 Hybrid cINR–MLP 5 20 44 −89.106 <0.001 <0.001  
 Hybrid cINR–MLP 10 20 44 −82.906 0.001 <0.001  
Table 9
Sensitivity of the bias-corrected cINR–MLP protocol blend to aggregation across the three random seeds. 𝛥MAE is median-aggregated MAE minus mean-aggregated 
MAE. Errors are expressed in EFC.
 𝑁 𝑛 Mean-aggregated MAE Median-aggregated MAE 𝛥MAE Mean-aggregated RMSE Median-aggregated RMSE Mean-aggregated bias Median-aggregated bias 
 5 237 113.571 114.003 0.431 148.635 149.390 −15.471 −15.315  
 10 167 107.786 110.777 2.992 147.528 150.211 −25.557 −23.374  
 20 44 112.823 111.081 −1.741 149.007 148.643 −4.659 −11.789  
Fig. 3. Prediction bias for the protocol-informed baseline, raw cINR predic-
tors, and leakage-safe hybrid predictors at 𝑁 = 5, 10, and 20 available 
degradation observations. Negative values indicate systematic EOL underes-
timation, whereas positive values indicate overestimation.

Table 10
Fold-external conformal performance of the mean-aggregated hybrid cINR-
MLP predictor. Exact binomial 95% confidence intervals are reported for 
empirical coverage. Interval widths are expressed in EFC.
 𝑁 𝑛 Nominal Covered Empirical 95% CI Median width 
 5 237 0.90 214/237 0.903 [0.858, 0.937] 506.23  
 5 237 0.95 229/237 0.966 [0.935, 0.985] 642.92  
 10 167 0.90 152/167 0.910 [0.856, 0.949] 488.84  
 10 167 0.95 162/167 0.970 [0.932, 0.990] 580.92  
 20 44 0.90 42/44 0.955 [0.845, 0.994] 488.43  
 20 44 0.95 43/44 0.977 [0.880, 0.999] 605.20  

7.2. Conformal uncertainty of early-life prediction

As summarized in Table Table  10, empirical coverage was close 
to or above the nominal level for all observation windows. However, 
the confidence intervals were wide for 𝑁 = 20 because only 44 
cells remained prospectively eligible. In particular, the 95% confidence 
interval for nominal 90% coverage extended from 0.845 to 0.994. 
Moreover, median interval widths remained between approximately 
488 and 643 EFC. The conformal results therefore support empiri-
cal calibration within the present cohort but also reveal substantial 
uncertainty in cell-specific lifetime prediction.

As summarized in Table Table  12, observed EOL differed signifi-
cantly between the three validation domains. The Brown–Forsythe test 
indicated heterogeneous variances (𝐹 (2268) = 8.58, 𝑝 = 2.45 × 10−4); 
11 
therefore, Welch ANOVA and the Kruskal–Wallis test were treated as 
the primary inferential analyses. Both tests identified a significant do-
main effect (𝐹Welch(2,19.94) = 167.02, 𝑝 = 3.52 × 10−13; 𝐻(2) = 41.57, 
𝑝 = 9.42 × 10−10). The corresponding effect-size estimates (𝜂2 = 0.137, 
𝜔2 = 0.131, and 𝜀2 = 0.148) indicate substantial between-domain 
lifetime heterogeneity.

Pairwise analyses reported in Table Table  13 confirmed large differ-
ences in observed lifetime between all three validation domains. CALCE 
cells had substantially lower EOL than ISU-ILCC cells (Cohen’s 𝑑 =
−1.717, 95% CI
[−1.921,−1.525]; Hedges’ 𝑔 = −1.713; Cliff’s 𝛿 = −0.934, 95% CI 
[−0.973,−0.886]). The corresponding Welch and Mann–Whitney com-
parisons remained significant after Holm adjustment (𝑝Holm = 2.30 ×
10−20 and 1.43 × 10−7, respectively).

CALCE cells also had lower EOL than NASA-randomized cells (𝑑 =
−2.433, 95% CI [−5.111,−1.575]; 𝑔 = −2.330; 𝛿 = −0.938, 95% 
CI [−1.000,−0.771]). Although this contrast was large, its Cohen’s 𝑑
confidence interval was comparatively wide because the comparison in-
volved only 12 CALCE and eight NASA-randomized cells. Both adjusted 
tests nevertheless remained significant (Welch 𝑝Holm = 2.37 × 10−4; 
Mann–Whitney 𝑝Holm = 1.86 × 10−4).

ISU-ILCC cells had higher EOL than NASA-randomized cells (𝑑 =
1.077, 95% CI [0.843,1.300]; 𝑔 = 1.074; 𝛿 = 0.743, 95% CI
[0.569,0.871]). This difference also remained significant after Holm 
adjustment (Welch 𝑝Holm = 1.32 × 10−6; Mann–Whitney 𝑝Holm = 1.86 ×
10−4).

The consistency between standardized mean differences, rank-based 
effect sizes, and adjusted hypothesis tests demonstrates pronounced 
cross-domain lifetime heterogeneity. These effects describe differences 
between heterogeneous laboratory populations and should not be in-
terpreted as causal effects of dataset membership.

As summarized in Table Table  11, the fitted Weibull shape param-
eter exceeded one in every validation domain, correspond. The esti-
mated shape was 1.813 for CALCE, 2.144 for ISU-ILCC, and 3.627 for 
NASA randomized. The NASA estimate should be interpreted cautiously 
because it was based on only eight cells.

AIC comparisons favoured the Weibull distribution for the pooled 
sample and the ISU-ILCC domain. The Weibull and lognormal fits were 
nearly indistinguishable for CALCE, whereas the lognormal model had 
a slightly lower AIC for NASA randomized. Because the validation 
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Table 11
Observed EOL summaries and fitted Weibull and lognormal lifetime parameters on the EFC scale. AIC values are comparable only between models fitted to the 
same scope. No cells were right censored at the primary 80% SOH threshold. The pooled fit is descriptive because the validation domains represent heterogeneous 
lifetime populations.
 Scope 𝑛 Mean SD Median KM median 𝑘 𝜆 Weibull AIC 𝜇 𝜎 exp(𝜇) Lognormal AIC
 Pooled 271 607.21 323.40 555.04 555.04 1.925 682.15 3882.92 6.216 0.721 500.50 3964.88 
 CALCE 12 116.13 71.13 98.34 91.75 1.813 131.14 136.49 4.582 0.622 97.73 136.62 
 ISU-ILCC 251 640.20 311.42 575.82 575.82 2.144 721.19 3582.26 6.310 0.629 550.13 3651.66 
 NASA randomized 8 308.85 90.49 296.88 298.74 3.627 341.11 98.28 5.699 0.254 298.68 95.94 
Table 12
Omnibus comparison of observed EOL between validation domains on the EFC scale. Because the Brown–Forsythe test indicated 
heterogeneous variances, Welch ANOVA and the Kruskal–Wallis test were treated as the primary inferential analyses. 
 Test Statistic 𝑑𝑓1 𝑑𝑓2 𝑝 Effect size  
 Classical one-way ANOVA 21.339 2 268.00 2.51 × 10−9 𝜂2 = 0.137; 𝜔2 = 0.131 
 Welch one-way ANOVA 167.017 2 19.94 3.52 × 10−13 –  
 Kruskal–Wallis 41.566 2 – 9.42 × 10−10 𝜀2 = 0.148  
 Brown–Forsythe 8.579 2 268.00 2.45 × 10−4 –  
Table 13
Pairwise comparisons of observed EOL on the EFC scale. Cohen’s 𝑑, bias-corrected Hedges’ 𝑔, and Cliff’s 𝛿 are signed as the first domain minus the second domain. 
Confidence intervals were obtained using 5000 cell-level bootstrap resamples. The reported 𝑝-values were adjusted across the three pairwise comparisons using 
the Holm procedure.
 Comparison 𝑛𝐴 𝑛𝐵 Cohen’s 𝑑 [95% CI] Hedges’ 𝑔 Cliff’s 𝛿 [95% CI] Welch 𝑝Holm Mann–Whitney 𝑝Holm 
 CALCE vs. ISU-ILCC 12 251 −1.717 [−1.921, −1.525] −1.713 −0.934 [−0.973, −0.886] 2.30 × 10−20 1.43 × 10−7  
 CALCE vs. NASA randomized 12 8 −2.433 [−5.111, −1.575] −2.330 −0.938 [−1.000, −0.771] 2.37 × 10−4 1.86 × 10−4  
 ISU-ILCC vs. NASA randomized 251 8 1.077 [0.843, 1.300] 1.074 0.743 [0.569, 0.871] 1.32 × 10−6 1.86 × 10−4  
Fig. 4. Fold-external conformal performance of the mean-aggregated hybrid cINR-MLP predictor: (a) empirical coverage relative to the nominal 90% and 95% 
levels, and (b) median prediction-interval width expressed in EFC.
domains differed strongly in sample size and lifetime range, pooled pa-
rameters were treated as descriptive summaries rather than as evidence 
of a universal battery-lifetime distribution.

As shown in Fig.  4, empirical coverage was close to or above the 
corresponding nominal level for every observation window. This cali-
bration was obtained with broad intervals: median widths ranged from 
approximately 488 to 643 EFC. The intervals therefore quantify sub-
stantial cell-specific lifetime uncertainty and should not be interpreted 
as high-precision early-life forecasts.

The same number of available degradation observations represented 
markedly different amounts of electrochemical throughput across val-
idation domains. For example, among cells that remained at risk at 
𝑁 = 20, the median final-input coordinate was 19.69 EFC for CALCE, 
817.01 EFC for ISU–ILCC, and 300.26 EFC for NASA randomized. 
Therefore, 𝑁 defines the amount of source information supplied to 
the model but not a common physical ageing stage. Prediction errors 
were consequently reported in EFC, and cross-window comparisons 
were interpreted jointly with changes in landmark position and cohort 
composition.

The large domain-dependent differences in Table  14 explain why 
the terms ‘‘first 5 cycles’’ or ‘‘first 20 cycles’’ are physically misleading 
12 
for the harmonized analysis. All revised predictive statements therefore 
refer to the first 𝑁 available degradation observations and report errors 
on the EFC scale.

Fig.  5 confirms that the observation index is not a physically compa-
rable cycle coordinate across the evaluated domains. Consequently, all 
early-life windows are defined by the number of available observations, 
whereas prediction errors and lifetime landmarks are reported in EFC.

7.3. Sensitivity of early-life predictions

Sensitivity analysis included two- and four-fold downsampling, con-
tiguous and random missing observations, and additive SOH noise. 
The effect was architecture- and window-dependent. For example, the 
SIREN MAE at 𝑁 = 5 changed from 133.93 EFC under clean input 
to 140.63 EFC at noise standard deviation 0.01, whereas four-fold 
downsampling yielded 122.75 EFC. At 𝑁 = 20, SIREN degraded 
from 196.85 EFC under clean input to 229.01 EFC under four-fold 
downsampling and to 216.21 EFC under 20% random missingness.

Some perturbations numerically reduced the MAE of the raw MLP 
model. This should not be interpreted as a beneficial effect of data 
corruption: the clean MLP predictions exhibited substantial systematic 
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Table 14
Median EFC coordinate of the final input observation among cells that remained above the 80% SOH threshold at the 
corresponding landmark. Numbers in parentheses indicate the number of prospectively eligible cells.
The effect of threshold-crossing interpolation differed substantially between validation domains because of their different 
observation densities. For CALCE, the median interpolated EOL was 98.340 EFC, compared with 98.352 EFC for the first 
observed point below 80% SOH; the median displacement was only 0.066 EFC. For ISU–ILCC, the corresponding values were 
575.821 and 603.226 EFC, with a median displacement of 25.492 EFC. For NASA randomized, the median interpolated and 
first-below-threshold coordinates were 296.877 and 309.501 EFC, respectively, giving a median displacement of 10.028 EFC. 
The median widths of the observed threshold-crossing brackets were 0.788, 46.962, and 24.559 EFC for CALCE, ISU–ILCC, and 
NASA randomized, respectively. These differences demonstrate that using the first observed point below the threshold would 
systematically delay EOL, particularly in the more sparsely sampled domains.
 Validation domain 𝑁 = 5 𝑁 = 10 𝑁 = 20  
 CALCE 4.998 (12) 9.942 (12) 19.687 (12)  
 ISU-ILCC 178.343 (237) 426.104 (167) 817.011 (44) 
 NASA randomized 83.755 (8) 154.324 (8) 300.258 (3)  
Fig. 5. Median EFC coordinate represented by the first 5, 10, and 20 available 
degradation observations in the CALCE, ISU-ILCC, and NASA-randomized 
domains. The logarithmic vertical scale highlights the substantial differences 
in electrochemical throughput represented by the same number of source 
observations.

underestimation, and perturbations could partially offset that bias. 
ProtocolMedianEOL was unchanged under input perturbations because 
it did not use the perturbed cell prefix; its invariance is therefore 
constructional and not evidence of empirical noise robustness.

End-of-life distributions and survival functions were recalculated 
directly on the EFC scale. At the primary 80% SOH threshold, median 
observed EOL was 98.34 EFC for CALCE, 575.82 EFC for ISU-ILCC, 
and 296.88 EFC for the NASA-randomized subset. These differences 
demonstrate that the source observation index cannot be interpreted 
as a common physical cycle count.

Fig.  6 shows substantial lifetime heterogeneity between the eval-
uated domains. Because all cells included in the primary 80% EOL 
audit reached the threshold, censoring had limited influence on the 
corresponding survival curves. The survival formulation remains rele-
vant for alternative SOH thresholds and for future operational datasets 
containing incomplete lifetime records.

For the knee-EOL association analysis, a cell was included when 
an observed EOL0.80 value and a valid consensus knee returned by 
both the implemented detection and stability filters were available. 
Knee location was not constrained to precede EOL0.80, because the 
80% SOH crossing represents an operational end-of-life threshold rather 
than the end of the recorded experimental trajectory. Applying these 
criteria yielded 172 cells, comprising 167 ISU-ILCC cells and five 
NASA-randomized cells (see Table  15).

The pooled association was strong (𝜌S = 0.834, 95% bootstrap CI 
[0.738,0.907]) and remained highly significant after Holm correction. 
The ISU–ILCC result was similar to the pooled estimate (𝑛 = 167, 
𝜌 = 0.828).
S

13 
Table 15
Association between robust consensus knee location and the first crossing of 
the 80% SOH threshold on the EFC scale. The pooled confidence interval was 
calculated using 10,000 cell-level bootstrap resamples. Large-sample Spearman 
inference was used for the pooled and ISU-ILCC scopes, whereas the NASA-
randomized 𝑝-value was calculated using an exact two-sided permutation test 
over all 5! = 120 rank permutations. The three resulting raw 𝑝-values were 
adjusted jointly using the Holm procedure.
 Scope 𝑛 Spearman 𝜌S 𝑝Holm  
 Pooled 172 0.834 3.36 × 10−45 
 ISU-ILCC 167 0.828 5.28 × 10−43 
 NASA randomized 5 0.900 8.33 × 10−2  

The NASA-randomized estimate was numerically high (𝑛 = 5, 
𝜌S = 0.900), but the exact two-sided permutation test was not sta-
tistically significant after Holm correction (𝑝Holm = 0.0833). Because 
the estimate was based on only five cells, it is reported as a de-
scriptive domain-specific result. The principal inference is therefore 
supported by the pooled and ISU–ILCC analyses rather than by the 
small NASA-randomized subset.

These results establish a strong full-trajectory association between 
knee position and the operational EOL threshold, but do not by them-
selves demonstrate prospective early-life prediction.

Fig.  7 shows that cells with a later robust consensus knee generally 
reached the 80% SOH threshold at a later EFC coordinate. Across 172 
cells, the pooled Spearman correlation was 𝜌S = 0.834, with a 95% 
bootstrap confidence interval of [0.738,0.907] and a Holm-adjusted 
𝑝-value of 3.36 × 10−45. The association was similarly strong in the 
ISU–ILCC cohort (𝑛 = 167, 𝜌S = 0.828).

The NASA-randomized result was based on only five cells (𝜌S =
0.900) and was not statistically significant under exact permutation 
inference (𝑝Holm = 0.0833); it should therefore be interpreted descrip-
tively.

For 23 of the 172 cells, the robust consensus knee occurred at 
or after the first 80% SOH crossing. This was possible because the 
experimental trajectory continued after the operational EOL threshold 
had been reached. Consequently, the observed relationship represents 
a full-trajectory geometrical association and does not establish that 
the detected knee necessarily provides prospective advance warning of 
EOL.

7.3.1. Sensitivity analyses of the knee-EOL association
After excluding the 23 cells for which the detected knee occurred 

at or after operational EOL, the remaining 𝑛 = 149 cells yielded 
a Spearman correlation of 𝜌S = 0.820 with a 95% bootstrap CI 
of [0.714,0.903]. The partial rank correlation controlling for valida-
tion domain and maximum recorded EFC was 𝜌partial = 0.687 (𝑝 =
7.01 × 10−22). When knee detection was repeated using trajectories 
truncated at the first 80% SOH crossing, a valid knee was obtained 
for 157 cells and its association with EOL was 𝜌 = 0.501 (95% 
S
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Fig. 6. End-of-life distribution and survival analysis on the EFC scale: (a) empirical distribution of observed EOL; (b) descriptive Weibull and lognormal fits; (c) 
pooled Kaplan–Meier survival function; and (d) domain-specific Kaplan–Meier survival functions. Parametric fits are included as descriptive lifetime summaries 
and do not imply that one universal lifetime distribution governs all evaluated chemistries and operating protocols.
Fig. 7. Association between robust consensus knee location and the first 
crossing of the 80% SOH end-of-life threshold on the EFC scale. Knee locations 
were estimated from the available full trajectories and were not constrained 
to precede the 80% SOH crossing. The dashed regression line is included only 
as a visual guide. Statistical inference is based on Spearman rank correlation 
and 10,000 cell-level bootstrap resamples (𝑛 = 172, 𝜌S = 0.834, 95% CI 
[0.738,0.907], Holm-adjusted 𝑝 = 3.36 × 10−45).

CI [0.356,0.635]). These analyses distinguish a genuine pre-threshold 
association from correlation induced primarily by the extent of the 
recorded post-threshold trajectory.

The corresponding cell-level relationships are shown in Figs.  A.9
and A.10.

Fig.  8 provides a trajectory-level view of the quantities summarized 
by the population knee-EOL analysis. The two component detectors 
need not return identical locations; their median was used as the 
consensus estimate when both were valid. The example also illustrates 
14 
Fig. 8. Representative continuous SOH-EFC trajectory from the ISU–ILCC 
validation domain. Observed degradation measurements are shown together 
with a continuous shape-preserving visual representation, the curvature-based 
and piecewise-linear knee estimates, their consensus location, and the linearly 
interpolated first crossing of the 80% SOH threshold. The shape-preserving 
curve is included as a visual guide; knee locations were calculated using 
the consensus detector described in Algorithm 1. The example illustrates the 
geometrical quantities used in the full-trajectory knee analysis and is not a 
prospective early-life prediction.

that the detected knee may occur close to or after the operational 80% 
SOH threshold when measurements continue beyond that threshold.

Among the 172 cells included in the full-trajectory knee-EOL analy-
sis, 23 cells (13.4%) had a robust consensus knee located at or after the 
first crossing of the SOH = 0.80 threshold. Restricting the descriptive 
sample to cells for which the detected knee preceded operational EOL 
retained 149 cells (86.6%). Thus, a pre-EOL knee was observed for 
the majority of the analysed cells, but the presence of 23 late or post-
threshold knees confirms that the strong pooled association should not 
be interpreted as a universally prospective warning signal.



A. Pregowska and S. Marynowicz Energy Conversion and Management 369 (2026) 122086 
Table 16
Sensitivity analyses of the association between consensus knee location and interpolated EOL at the 80% SOH threshold. Bootstrap 
confidence intervals used 10,000 cell-level resamples. The partial rank result controls for validation domain and maximum 
recorded EFC.
 Analysis 𝑛 Spearman 𝜌S 95% CI 𝑝  
 Full available trajectories 172 0.834 [0.738, 0.907] 1.12 × 10−45 
 Knee preceding operational EOL 149 0.820 [0.714, 0.903] 1.81 × 10−37 
 Partial rank: domain and maximum recorded EFC 149 0.687 – 7.01 × 10−22 
 Trajectories truncated at first 80% SOH crossing 157 0.501 [0.356, 0.635] 2.34 × 10−11 
Fig. 9. Sensitivity of robust consensus knee estimation to missing observations, reduced sampling resolution, and additive SOH noise: (a) valid knee-detection 
rate and (b) median absolute displacement of the estimated knee relative to the clean-data result.
7.4. Knee-point sensitivity

Knee robustness depended strongly on the perturbation type. In the 
pooled analysis, removing one contiguous 20% block of observations 
retained a knee estimate in 98.8% of evaluations and produced a 
median absolute shift of only 0.31 EFC. Random removal of 20% of 
observations similarly retained detection in 98.8% of evaluations, with 
a median absolute shift of 7.62 EFC. In contrast, two-fold downsam-
pling reduced the detection rate to 87.2% and produced a median 
shift of 40.91 EFC, while four-fold downsampling reduced detection 
to 33.1% and increased the median shift to 115.59 EFC. Adding SOH 
noise with standard deviation 0.005 retained numerical knee detection 
in all evaluations, but the median absolute shift was 81.37 EFC. These 
findings show that the detector is comparatively tolerant of missing 
observations but not invariant to severe loss of sampling resolution or 
derivative-amplifying noise.

Fig.  9 separates two aspects of robustness: whether the algorithm 
returns a valid knee and whether the returned knee remains close to its 
clean-data position. Additive SOH noise retained a numerical detection 
in all evaluations but produced a large median displacement. Four-
fold downsampling reduced both detection frequency and positional 
stability. A high detection rate should therefore not be interpreted as 
evidence of an accurate knee estimate.

7.5. Continuous trajectory reconstruction

Fig.  10 shows only small numerical differences between the eval-
uated reconstruction models. The neural models obtained validation 
RMSE values of approximately 0.064–0.065, while the spline baseline 
obtained an RMSE of approximately 0.067. The result indicates that 
the normalized capacity trajectories are sufficiently smooth to be rep-
resented by several continuous model families. It does not establish a 
statistically significant advantage of a particular INR architecture.

7.5.1. Sparse voltage–capacity reconstruction audit
An additional per-curve sparse voltage–capacity reconstruction

benchmark was conducted on 46 cleaned CALCE single-discharge tra-
jectories. Every model was fitted to the same trajectory-specific training 
points and evaluated using an identical fixed set of clean held-out 
points. Table  17 reports the distribution of trajectory-level RMSE 
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Fig. 10. Validation reconstruction RMSE across the evaluated continuous 
reconstruction models. Fourier-feature, SIREN, MLP, and RBF networks are 
coordinate-based neural representations, whereas the spline is included as a 
conventional continuous baseline.

Table 17
Held-out reconstruction error for the cleaned single-discharge CALCE voltage–
capacity benchmark. Errors are reported in volts and summarize trajectory-
level RMSE values.
 Model 𝑛 curves Median RMSE IQR Mean RMSE 
 PCHIP 46 0.000427 0.000220–0.001199 0.004811  
 SmoothingSpline 46 0.001929 0.001648–0.003816 0.008706  
 GaussianProcess 46 0.003116 0.001138–0.008340 0.007567  
 SIREN 46 0.021822 0.017246–0.026585 0.026126  
 FourierMLP 46 0.037881 0.025667–0.047897 0.040931  
 MLP 46 0.048287 0.033634–0.073467 0.053680  

values. PCHIP achieved the lowest median held-out error, and paired 
Wilcoxon comparisons against PCHIP remained significant for every 
alternative model after Holm correction. These results indicate that 
densely sampled single-discharge curves are particularly favourable to 
shape-preserving interpolation. The benchmark is restricted to within-
curve reconstruction and does not constitute evidence of cross-cell 
transfer, cross-domain generalization, or lifetime-prediction superiority 
of any neural representation.
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(a) Representative curve 1.

  
(b) Representative curve 2.

 

 
(c) Aggregate held-out RMSE.

 

Fig. 11. Sparse voltage–capacity reconstruction for cleaned CALCE single-
discharge curves. Panels (a) and (b) show trajectory-specific training points, 
identical clean held-out points, and continuous model fits. Panel (c) summa-
rizes median held-out RMSE with the interquartile range across the retained 
curves. This is a per-curve reconstruction benchmark, not a cross-cell or cross-
domain lifetime-prediction experiment.

Fig.  11 complements the aggregate reconstruction comparison with 
direct curve-level evidence. The shape-preserving baseline tracked 
densely sampled discharge curves most accurately, whereas neural 
models exhibited larger interpolation errors. This result motivates 
conservative interpretation of continuous neural representations: differ-
entiability and flexible parameterization do not imply superiority over 
classical interpolants for every trajectory type.

7.6. Exploratory Random-Forest attribution and retrospective MC-dropout 
diagnostic

On the retrospective 244-cell descriptor cohort, the exploratory 
out-of-fold Random-Forest attribution identified the initial-segment 
slope and power-law fit RMSE as the two leading descriptors, with 
mean absolute SHAP contributions of 21.31 and 21.28 EFC, respec-
tively. The next largest contributions were obtained for mean curvature 
(15.14 EFC), end-segment slope (14.96 EFC), minimum early SOH 
(14.88 EFC), and linear-fit RMSE (14.37 EFC).

The ranking indicates that the exploratory Random Forest relied on 
complementary summaries of early trajectory direction, curvature, SOH 
level, and fit quality. Because several descriptors were correlated func-
tions of the same five-observation prefix, SHAP contributions should 
not be interpreted as independent or causal effects. Seven cells had 
already reached the operational EOL threshold within the input prefix; 
consequently, this attribution analysis is retrospective and is not part of 
the strict prospective benchmark based on 237 cells. The analysis used 
internal K-fold validation and does not demonstrate cross-domain or 
cross-protocol transferability. The complete SHAP summary is shown 
in Fig.  A.5, while the leading numerical attributions are reported in 
Table  A.1).

As summarized in Table Table  18, on the retrospective 244-cell 
descriptor cohort, the internal MC-dropout diagnostic yielded an RMSE 
of 243.65 EFC and an MAE of 182.82 EFC. Stochastic prediction disper-
sion was weakly associated with absolute error (Spearman 𝜌S = 0.166, 
𝑝 = 0.0093), indicating that cells with greater stochastic dispersion 
tended to be somewhat more difficult for the auxiliary model to predict.

The median MC-dropout standard deviation was only 51.02 EFC, 
and the nominal Gaussian 90% and 95% bands covered only 32.8% 
and 39.8% of the held-out targets. MC-dropout therefore substantially 
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Table 18
Retrospective internal four-fold MC-dropout diagnostic on the 244-cell five-
observation descriptor cohort. Seven cells had already reached the operational 
80% SOH threshold within the input prefix; therefore, this analysis is not part 
of the strict prospective early-life benchmark. Coverage was calculated using 
Gaussian mean ± 𝑧SD bands and is reported only as a diagnostic of stochastic 
model dispersion; these bands are not conformal prediction intervals.
 𝑛 RMSE MAE Median SD 𝜌SD,|error| 90% coverage 95% coverage 
 244 243.65 182.82 51.02 0.166 0.328 0.398  

underestimated total prediction uncertainty. Because this diagnostic 
used the retrospective 244-cell cohort, it was not used as an uncertainty 
estimate for the strict prospective cINR benchmark. Fold-external con-
formal intervals constructed for the prospectively eligible cINR cohorts 
remained the principal uncertainty representation. The corresponding 
out-of-fold diagnostic is presented in Fig.  A.6.

7.7. Exploratory materials-level context

After quality control and material-family classification, the Chem-
DataExtractor analysis retained 28,815 specific-capacity and voltage 
records. Balancing repeated measurements at the publication level 
yielded 10,420 DOI-material-family-property summaries.

The median reported gravimetric capacities were 145.75 mAhg−1

for LCO, 145.00 mAhg−1 for LFP, 171.40 mAhg−1 for NMC,
183.00 mAhg−1 for NCA, and 128.00 mAhg−1 for LMO. The corre-
sponding median voltage values were 4.00, 3.45, 4.30, 3.915, and 
4.00 V, respectively.

Substantial within-family dispersion remained, reflecting differ-
ences in composition, synthesis, electrode formulation, voltage win-
dow, current rate, and experimental reporting across the source lit-
erature. These results provide materials-level context only and should 
not be interpreted as direct estimates of practical cell capacity, state 
of health, or lifetime. The NCA voltage result should be interpreted 
particularly cautiously because it was based on only 44 DOI-level 
summaries.

The auxiliary ChemDataExtractor analysis was conducted at the 
literature-derived materials level and was not linked to individual 
CALCE, NASA, or ISU–ILCC cells. Repeated records from the same 
publication, material family, and property were aggregated before 
comparison so that publications containing long extracted series did 
not dominate the summaries. The resulting DOI-balanced distribu-
tions were characterized descriptively using medians and interquartile 
ranges.

Because a single publication could contribute records to more than 
one material family, and because synthesis, electrode formulation, 
current rate, voltage window, test protocol, and reporting conventions 
were not harmonized across the source literature, the between-family 
differences were not interpreted as independent causal contrasts. Ac-
cordingly, Table  19 provides materials-property context rather than 
evidence about cell SOH, knee position, EOL, or RUL (see Figs.  12 and
13).

8. Discussion

The revised results provide a more qualified assessment of con-
tinuous battery-ageing representations than the original analysis. The 
strongest positive result concerns the geometrical relationship between 
robust consensus knee location and the first crossing of the 80% SOH 
threshold. Across 172 cells, the pooled Spearman correlation was 𝜌S =
0.834, with a 95% bootstrap confidence interval of [0.738,0.907] and 
a Holm-adjusted 𝑝-value of 3.36 × 10−45. This supports knee location 
as an informative full-trajectory degradation descriptor. The domain-
specific NASA-randomized estimate was numerically high (𝜌S = 0.900) 
but was based on only five cells and was not statistically significant 
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Table 19
DOI-balanced descriptive statistics for specific capacity and voltage records extracted from the ChemDataExtractor battery-
materials database. Values from repeated records within the same publication, material family, and property were first aggregated 
by their median. The database is literature-mined and the results provide materials-level context rather than cell-level lifetime 
measurements.
 Material family 𝑛DOI,𝑄 Median capacity [IQR] (mAh g−1) 𝑛DOI,𝑉 Median voltage [IQR] (V) 
 LCO 1272 145.75 [134.00–188.50] 1210 4.000 [3.600–4.200]  
 LFP 2122 145.00 [124.56–163.45] 1575 3.450 [3.350–3.717]  
 NMC 632 171.40 [147.60–200.00] 568 4.300 [3.700–4.500]  
 NCA 94 183.00 [167.00–200.00] 44 3.915 [3.587–4.300]  
 LMO 1281 128.00 [107.00–190.00] 1622 4.000 [3.500–4.400]  
Fig. 12. DOI-balanced distributions of literature-reported gravimetric capacity 
for the five analysed cathode-material families. One median observation was 
retained for each DOI-material-family combination. The distributions provide 
materials-level context and are not cell-lifetime measurements.

under exact two-sided permutation inference (𝑝Holm = 0.0833). It 
was therefore treated as a descriptive result and was not used as 
independent statistical confirmation of the pooled association.

The result does not imply that the detected knee always precedes 
the operational EOL threshold. For 23 cells, the robust consensus knee 
occurred at or after the first 80% SOH crossing because measurements 
continued beyond that threshold. Knee position should therefore not 
be interpreted automatically as an early-warning event. The dedicated 
sensitivity analyses in Table  16 further separated the full-trajectory 
association from the effects of post-threshold trajectory extent. They 
examined the subset in which knee preceded EOL, controlled for valida-
tion domain and maximum recorded EFC, and repeated knee detection 
after truncating trajectories at the interpolated 80% SOH crossing. 
These analyses strengthen the geometrical interpretation of the associ-
ation while still not converting it into prospective evidence of advance 
warning. Moreover, the perturbation analysis showed that derivative-
based knee estimates were not uniformly stable: missing observations 
were comparatively well tolerated, whereas aggressive downsampling 
and additive noise produced substantial EFC shifts. Continuous dif-
ferentiability facilitates knee extraction but does not eliminate the 
numerical sensitivity of second-order descriptors.

The early-life prediction results distinguish representational value 
from predictive superiority. Raw cINR predictions were strongly depen-
dent on architecture, seed, and observation window. Leakage-safe bias 
correction and protocol blending markedly improved the raw neural 
estimates and removed negative RUL predictions. The recovered outer-
fold weights reported in Table  5 demonstrate that the bias-corrected 
cINR estimate retained a non-zero contribution to the final hybrid 
rather than being discarded completely in favour of the protocol prior 
(see Fig.  A.8). Nevertheless, the paired comparisons in Table  6 did not 
establish a statistically supported advantage over ProtocolMedianEOL 
after multiplicity correction. The best primary result was obtained by 
the MLP hybrid at 𝑁 = 10, with an MAE of 107.79 EFC, but its 7.79 EFC 
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numerical improvement over ProtocolMedianEOL was not statistically 
significant. Accordingly, the evidence supports cINR as a potentially 
complementary component of a protocol-informed predictor, not as a 
uniformly superior standalone prognostic model.

The matched-cohort analysis further clarified the interpretation of 
the observation-window results. In the primary benchmark, increasing 
𝑁 changed both the amount of available trajectory information and 
the composition of the eligible cohort. Restricting the comparison 
to the same 𝑛 = 44 cells removed the latter source of variation. 
Within this common cohort, the hybrid cINR-MLP MAE decreased from 
201.929 EFC at 𝑁 = 5 to 195.728 EFC at 𝑁 = 10 and 112.823 EFC 
at 𝑁 = 20. The paired comparisons did not identify a statistically 
supported improvement between 𝑁 = 5 and 𝑁 = 10, but both the 
𝑁 = 5 versus 𝑁 = 20 and the 𝑁 = 10 versus 𝑁 = 20 comparisons 
favoured the longer observation window after Holm correction. Thus, 
access to the 𝑁 = 20 prefix was associated with lower prediction 
error for the same cells, whereas the first increase from five to ten 
observations did not provide a statistically supported improvement.

The ProtocolMedianEOL reference exhibited a similar reduction in 
matched-cohort MAE, from 185.598 and 182.684 EFC at 𝑁 = 5 and 
𝑁 = 10, respectively, to 125.021 EFC at 𝑁 = 20. The matched-cohort 
improvement should therefore not be attributed uniquely to the cINR 
component. Window-specific cohort construction, model calibration, 
and the physical EFC extent represented by each landmark also remain 
relevant to the interpretation.

The seed-aggregation sensitivity analysis showed that replacing 
arithmetic-mean aggregation with median aggregation changed hybrid 
MAE by 0.431, 2.992, and −1.741 EFC for 𝑁 = 5, 10, and 20, 
respectively. These changes were small relative to the overall prediction 
errors, indicating that the principal early-life conclusions were robust to 
the choice of seed-aggregation rule. Arithmetic-mean aggregation was 
retained as the prespecified primary summary.

The continuous formulation occupies a different methodological 
position from recent Transformer, recurrent, Gaussian-process, and 
physics-informed approaches. Transformer and recurrent models can 
exploit long temporal contexts and large homogeneous datasets,
whereas Gaussian processes provide an explicit probabilistic function 
model and physics-informed networks can impose governing equa-
tions or conservation constraints [2,17,18,52]. The present framework 
instead prioritizes coordinate-continuous reconstruction, direct deriva-
tive extraction, and a common perturbation and EFC audit. Because 
the datasets, targets, validation splits, and lifetime units differ across 
published studies, the current results should not be interpreted as a 
numerical head-to-head superiority claim over those model families. 
Transferable long-term ageing-trajectory prediction incorporating in-
ternal resistance and capacity-regeneration information has also been 
investigated, illustrating the importance of explicitly accounting for 
cross-condition trajectory variability [53].

The curvature and plateau descriptors also admit a cautious elec-
trochemical interpretation. Changes in voltage-curve slope or plateau 
extent may reflect altered electrode phase behaviour, loss of active 
material, impedance growth, or loss of cyclable lithium [46,54]. Ac-
celerated capacity curvature can indicate that one or more degra-
dation processes have entered a nonlinear regime. These descriptors 
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Fig. 13. DOI-balanced distributions of literature-reported voltage for the five analysed cathode-material families. Differences reflect both material chemistry and 
heterogeneous experimental and reporting conditions across the source literature.
are nevertheless phenomenological: a specific curvature peak cannot 
be uniquely assigned to a single electrochemical mechanism with-
out complementary measurements such as differential voltage anal-
ysis, impedance spectroscopy, reference-electrode measurements, or 
post-mortem characterization.

The protocol-median results demonstrate that operating conditions 
contain substantial prior information about lifetime. Consequently, 
model comparisons that omit a protocol-informed baseline may over-
state the incremental value of cell-specific neural adaptation. The cur-
rent study addresses this issue by reporting raw cINR, protocol-only, 
and leakage-safe hybrid predictions separately and by testing paired 
errors rather than relying solely on ranking by mean MAE.

The auxiliary attribution and uncertainty diagnostics clarify two 
additional aspects of the early-life analysis. First, the Random-Forest 
SHAP ranking emphasized initial slope, curvature, SOH level, and 
parametric fit error, indicating that useful predictive information was 
distributed across several related summaries of the short degradation 
prefix. This attribution applies to the exploratory Random Forest and 
not directly to the cINR decoder.

MC-dropout dispersion contained only limited information about 
cell-specific prediction difficulty. Although its association with absolute 
error was statistically significant, nominal Gaussian bands showed 
severe undercoverage. This contrast is practically important: stochastic 
neural dispersion should not be treated automatically as a calibrated 
prediction interval. In the present study, fold-external conformal cal-
ibration provided substantially more reliable empirical coverage, al-
though its broad widths reflected the underlying lifetime heterogeneity.

For battery-management deployment, several additional require-
ments remain. Recent in-situ and on-board SOH-estimation studies sim-
ilarly emphasize the need for deployment-compatible electrical mea-
surements and validation under conditions representative of electromo-
bility applications [55]. Field data contain irregular charging, partial 
cycles, changing ambient temperature, varying depth of discharge, cal-
endar ageing, sensor drift, maintenance events, and software-dependent 
state estimation. A deployable system would therefore require online 
coordinate updating, drift detection, uncertainty-triggered abstention, 
calibration under fleet shift, and validation against operational rather 
than laboratory EOL definitions. The broad conformal intervals ob-
served here reinforce the need for risk-aware decision rules instead of 
a single deterministic lifetime estimate.

9. Limitations

Several limitations constrain the interpretation of this study. The 
strict protocol-held-out cINR benchmark was restricted to the ISU-
ILCC cohort, which supplied the systematic protocol grouping and the 
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number of cells required for the outer-fold evaluation. CALCE and 
NASA contributed to the EFC lifetime, censoring, knee, reliability, and 
descriptive cross-domain audits, but they were not included in the strict 
protocol-held-out cINR prediction benchmark. Their smaller effective 
sample sizes also prevent equally precise domain-specific conclusions.

The term ‘‘observation’’ does not have an identical physical inter-
pretation across data sources. EFC reduces this ambiguity by expressing 
lifetime through normalized throughput, but it does not remove differ-
ences in chemistry, temperature, current profile, rest periods, calendar 
ageing, or source preprocessing. Physical cycle counts were not inferred 
when an explicit mapping was unavailable.

The protocol-held-out folds constitute internal cross-protocol vali-
dation rather than independent prospective validation. Similarly, fold-
external conformal intervals quantify calibration within the available 
cohort and should not be interpreted as guarantees for a new fleet, 
chemistry, or battery-management system.

An exploratory analysis of 21 leakage-safe descriptors extracted 
from the first five degradation observations identified a two-cluster 
statistical structure among 244 cells, with a silhouette score of 0.543. 
Because this analysis was unsupervised and was not independently 
validated against electrochemical degradation modes, it is reported as 
descriptive evidence of early-trajectory heterogeneity rather than as a 
mechanistic classification.

The raw cINR predictors exhibited substantial seed- and architecture-
dependent bias. Post-processing reduced this bias, but the resulting 
hybrid remained strongly influenced by the protocol prior and did 
not significantly outperform ProtocolMedianEOL. The relatively small 
𝑁 = 20 evaluation cohort (𝑛 = 44) also limited statistical power.

Knee estimates depend on smoothing, derivative calculation, thresh-
old selection, sampling density, and the extent of the available post-
threshold trajectory. Although the selected procedure combined
curvature- and piecewise-linear criteria with a bootstrap-based stability 
assessment, the perturbation analysis demonstrated sensitivity to severe 
downsampling and measurement noise. Moreover, knee location was 
derived from the complete available trajectory and was not constrained 
to precede the first 80% SOH crossing; in 23 of 172 analysed cells, the 
robust knee occurred at or after that operational EOL threshold. The 
knee-EOL result should therefore be interpreted as a descriptive full-
trajectory association rather than as prospective evidence of advance 
warning. Practical use would require online knee estimation together 
with an explicit stability or uncertainty measure.

The exploratory embedding, Random-Forest attribution, and MC-
dropout diagnostic used the complete 244-cell five-observation descrip-
tor cohort. Seven of these cells had already crossed the operational 80% 
SOH threshold within the input prefix and were therefore ineligible 
for the strict prospective 𝑁 = 5 prediction benchmark. These three 
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auxiliary analyses are consequently retrospective and should not be 
compared directly with the prospectively eligible cINR and conformal 
results based on 237 cells.

The Random-Forest and MC-dropout models additionally used inter-
nal K-fold validation because the merged descriptor table did not retain 
a reliable protocol or validation-domain grouping variable. They there-
fore do not provide cross-protocol or cross-domain evidence. The SHAP 
ranking explains the behaviour of the exploratory Random Forest and 
should not be transferred directly to the cINR models, while the MC-
dropout dispersion should not be interpreted as calibrated prospective 
uncertainty.

MC-dropout standard deviation was only weakly associated with 
absolute error and produced severe undercoverage of held-out EOL 
values. It therefore captured only part of the model-related uncertainty 
and did not provide calibrated prediction intervals. Aleatoric uncer-
tainty associated with sensor noise, unrecorded operating conditions, 
and intrinsic cell variability was not modelled separately. Fold-external 
conformal intervals partly addressed total residual uncertainty but 
remained conditional on the present internal study design.

Finally, all datasets were obtained under laboratory or curated 
experimental conditions. The study did not validate the framework 
prospectively in an electric vehicle, stationary-storage installation, or 
field battery-management system. Claims concerning service-life exten-
sion, waste reduction, or sustainability therefore describe the potential 
application of improved prognostics rather than a measured life-cycle 
environmental benefit.

10. Green approach

This study adopts a green approach by extending lithium-ion battery 
service life through accurate early-life health prediction and reduc-
ing unnecessary battery replacement and waste, aligning primarily 
with the principles of Design for Energy Efficiency through compu-
tationally efficient battery management and Real-time Analysis for 
Pollution Prevention by enabling early degradation monitoring to pre-
vent premature failure and resource loss [56]. In the present work, this 
sustainability contribution remains prospective: no formal life-cycle 
assessment or quantitative greenness assessment was performed, and 
the environmental benefit would need to be verified in an operational 
deployment [19].

11. Conclusion

This study developed and audited a continuous battery-ageing
framework combining coordinate-based neural representations, EFC 
harmonization, knee extraction, early-life prediction, perturbation anal-
ysis, and conformal uncertainty quantification. Robust consensus knee 
location was strongly associated with the first crossing of the 80% 
SOH threshold (𝑛 = 172, Spearman 𝜌S = 0.834, 95% bootstrap CI 
[0.738,0.907], Holm-adjusted 𝑝 = 3.36 × 10−45). The corresponding 
NASA-randomized estimate was based on only five cells and was 
not statistically significant under exact permutation inference; it was 
therefore interpreted descriptively. This result supports degradation-
transition geometry as an informative full-trajectory descriptor, but 
does not establish that knee detection necessarily provides prospective 
advance warning of EOL. The complementary pre-EOL, partial-rank, 
and EOL-truncated sensitivity analyses further distinguished the asso-
ciation from a relationship driven solely by the extent of the recorded 
post-threshold trajectory.

The early-life results were more nuanced. Raw cINR performance 
was architecture- and window-dependent and included substantial sys-
tematic bias. Leakage-safe calibration and blending reduced MLP MAE 
to 113.57, 107.79, and 112.82 EFC for observation windows 𝑁 = 5, 10, 
and 20, respectively. These hybrid predictions significantly improved 
the raw MLP cINR estimates for 𝑁 = 5 and 𝑁 = 10, but their nu-
merical improvements over ProtocolMedianEOL were not statistically 
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significant after multiplicity correction. Therefore, the current evidence 
supports cINR as a complementary continuous representation within 
a protocol-informed predictor rather than as a universally superior 
standalone model.

The matched-cohort analysis showed statistically supported reduc-
tions in hybrid prediction error when the observation prefix was ex-
tended to 𝑁 = 20, but not when it was extended from 𝑁 = 5
to 𝑁 = 10. Because the protocol-informed reference exhibited a 
similar window-dependent pattern, this result does not establish that 
the improvement arose uniquely from the cINR component. The seed-
aggregation sensitivity analysis produced only small MAE differences 
between arithmetic-mean and median aggregation, indicating that the 
main early-life conclusions were robust to the aggregation rule used 
across the three seeded runs.

Fold-external conformal intervals achieved empirical coverage close 
to or above their nominal levels, although their large widths re-
flected substantial cell-level lifetime uncertainty. By contrast, the aux-
iliary MC-dropout diagnostic produced severe undercoverage and was 
not retained as the principal uncertainty representation. Exploratory 
Random-Forest attribution indicated that early slope, curvature, SOH 
level, and fit quality all contributed to prediction, but this ranking 
was descriptive and specific to the auxiliary Random-Forest model. 
Robustness analysis further showed that missing observations were 
less damaging than aggressive downsampling or noise, particularly for 
derivative-based knee estimation.

The main contribution is consequently a leakage-controlled frame-
work for separating trajectory representation, protocol information, 
calibration, uncertainty, and robustness. Future work should evalu-
ate the method prospectively on field battery-management data, ex-
plicitly model aleatoric uncertainty, incorporate operational covariate 
shift, and determine whether continuous trajectory descriptors provide 
reproducible incremental value across independent chemistries and 
fleets.
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Appendix

Fig.  A.1 indicates a two-cluster statistical structure in the retro-
spective five-observation descriptor space. The clusters were derived 
without using EOL, RUL, knee, censoring, analysis-time, or other full-
trajectory variables and were not used for prediction-model fitting, 
hyperparameter selection, or evaluation.

Seven of the 244 cells had already crossed the operational 80% 
SOH threshold within the five-observation prefix. The clustering re-
sult is therefore not part of the strict prospective early-life bench-
mark and should be interpreted only as an exploratory description of 
descriptor heterogeneity rather than as an independently confirmed 
electrochemical ageing mechanism.
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Fig. A.1. Exploratory embedding of 21 standardized leakage-safe early-life descriptors calculated from the first 𝑁 = 5 available degradation observations for 244 
cells: (a) PCA projection coloured by K-means cluster; (b) t-SNE projection coloured using the same cluster assignments; and (c) silhouette-based evaluation of the 
candidate numbers of clusters. K-means clustering was conducted in the complete standardized descriptor space rather than in either two-dimensional projection. 
EOL, RUL, knee, censoring, analysis-time, and other full-trajectory variables were excluded before clustering. The selected two-cluster solution achieved a silhouette 
score of 0.543.
Fig. A.2. Standardized median profiles of the early-life descriptors showing the largest differences between the two K-means clusters. Values are expressed relative 
to the full-sample mean and standard deviation of each descriptor. The profiles characterize the statistical clustering solution and do not establish distinct physical 
or electrochemical degradation mechanisms.
Fig. A.3. Exploratory association between the initial observed capacity 𝑞0 and 
the first crossing of the 80% SOH threshold in the ISU-ILCC cohort. EOL is 
expressed in equivalent full cycles. The dashed line is included only as a 
visual guide. No statistically significant monotonic association was detected 
(𝑛 = 251, Spearman 𝜌S = −0.104, 𝑝 = 0.101). CALCE and NASA-randomized 
cells were not included because a consistently matched initial-capacity variable 
was unavailable for those domains.

Fig.  A.2 identifies the early-life descriptors that contributed most 
strongly to the separation of the two exploratory clusters. Because sev-
eral descriptors summarize related aspects of the same five-observation 
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SOH prefix, the profiles should be interpreted jointly rather than as 
independent causal effects.

Fig.  A.3 shows that initial observed capacity alone was not strongly 
associated with EOL within the ISU-ILCC cohort. The Spearman cor-
relation was 𝜌S = −0.104 (𝑛 = 251, 𝑝 = 0.101), indicating no 
statistically supported monotonic relationship. This result suggests that 
between-cell lifetime variability cannot be explained by initial capacity 
alone and supports the use of trajectory shape, protocol information, 
and degradation-transition descriptors in the broader analysis. Because 
consistently matched 𝑞0 values were unavailable for CALCE and NASA-
randomized cells, this exploratory result should not be generalized 
across all evaluated datasets.

Fig.  A.4 provides descriptive distributions of the quantities used in 
the full-trajectory knee analysis. These descriptors were not included 
in the strict early-life prediction benchmark. In particular, the knee-to-
EOL distance uses information from the complete available trajectory 
and should not be interpreted as an independently available early-life 
predictor.

Fig.  A.7 shows that the effects of perturbation were model de-
pendent. Missing points and downsampling reduced the local support 
available for interpolation, whereas modest additive voltage noise had 
a smaller effect on several smooth-function models. These results con-
cern within-curve reconstruction only and are reported separately from 
early-life EOL-prediction sensitivity.

Data availability

Data will be made available on request.
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Fig. A.4. Distributions of robust full-trajectory knee descriptors for the ISU-ILCC and NASA-randomized cells: (a) consensus knee location on the EFC scale; (b) 
SOH at the detected knee; and (c) EFC distance between the detected knee and the first 80% SOH crossing. The NASA-randomized distributions are based on 
only five cells and should therefore be interpreted cautiously.

Fig. A.5. Out-of-fold TreeSHAP summary for the retrospective exploratory Random-Forest EOL model using 21 leakage-safe descriptors calculated from the first 
𝑁 = 5 available degradation observations in the 244-cell descriptor cohort. Seven cells had already reached the operational 80% SOH threshold within the input 
prefix; therefore, this attribution analysis is not part of the strict prospective early-life benchmark. Colour indicates the standardized descriptor value, whereas 
horizontal position represents the SHAP contribution to predicted EOL on the EFC scale. The figure explains the exploratory Random-Forest model and should 
not be interpreted as direct attribution of the cINR predictor.
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Fig. A.6. Retrospective internal out-of-fold MC-dropout diagnostic using 21 leakage-safe descriptors calculated from the first 𝑁 = 5 available degradation 
observations in the 244-cell descriptor cohort: (a) observed EOL versus mean stochastic prediction, with colour representing MC-dropout standard deviation; 
and (b) association between MC-dropout standard deviation and absolute prediction error. Seven cells had already reached the operational EOL threshold within 
the input prefix; therefore, the analysis is not part of the strict prospective benchmark. The stochastic dispersion was weakly associated with error but severely 
under-calibrated and was not used as the principal uncertainty interval.
 
(a) Missing training points.

  
(b) Reduced sampling resolution.

 

 
(c) Additive voltage noise.

 

Fig. A.7. Sensitivity of sparse single-discharge voltage–capacity reconstruction 
to missing training observations, reduced training-set resolution, and additive 
voltage noise. Points denote median held-out RMSE and bars denote the 
interquartile range. The logarithmic ordinate permits comparison of classical 
and neural reconstruction models over their different error scales.

Fig. A.8. Outer-fold cINR contribution to the final MLP–protocol hybrid. 
Points show the median blending weight and error bars denote the interquar-
tile range across outer folds. A weight of zero corresponds to the protocol 
prior alone, whereas a weight of one corresponds to the bias-corrected cINR 
prediction alone.
22 
Fig. A.9. Association between consensus knee location and interpolated EOL 
after excluding cells whose full-trajectory knee occurred at or after the 80% 
SOH crossing.

Fig. A.10. Association between EOL and knee location recalculated after 
truncating each trajectory at its linearly interpolated first 80% SOH crossing.
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Table A.1
Leading out-of-fold SHAP attributions for the retrospective exploratory 
Random-Forest EOL model applied to the 244-cell five-observation descriptor 
cohort. Seven cells had already reached the operational EOL threshold within 
the input prefix; therefore, this analysis is not part of the strict prospective 
benchmark. Values are mean absolute SHAP contributions expressed in EFC.
 Descriptor Mean absolute SHAP [EFC] 
 Initial-segment slope 21.31  
 Power-law fit RMSE 21.28  
 Mean curvature 15.14  
 End-segment slope 14.96  
 Minimum early SOH 14.88  
 Linear-fit RMSE 14.37  
 Last early SOH observation 14.05  
 Trajectory area 12.90  
 Global slope 12.60  
 Early SOH change 12.34  
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