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Abstract

Reliability prediction of aerospace dormant components requires fusing natural-storage
observations at the operating temperature with accelerated-storage testing data at ele-
vated temperatures. Existing scalar-weight fusion methods apply a global weight that
cannot reflect the time-varying trustworthiness of the accelerated branch as Arrhenius
extrapolation distance grows. Physics-based fusion propagates accelerated-test scatter
through least squares but leaves the dominant error source—the degradation-model form
itself—unaccounted for, and no method in either class verifies the coverage of its inter-
vals. This paper proposes an empirically calibrated multi-fidelity fusion that selects a
mechanism-specific natural-branch degradation model by the corrected Akaike informa-
tion criterion and augments the accelerated-branch variance with an additive model-form
term fitted from natural-storage residuals. This term turns the fusion weight into a contin-
uous, time-varying diagnostic that detects Arrhenius misspecification from training data
alone and falls back safely to the natural-only estimate. Prediction intervals are calibrated
by split-conformal prediction on a disjoint simulated population, giving finite-sample,
distribution-free coverage, and the remaining-storage-life interval follows from the band’s
first-passage time. On a 1000-run varying-truth simulation, the calibrated band attains
95.5% trajectory coverage at the narrowest band width among six methods; on the torsion-
bar case, the fusion reaches a held-out RMSE of 0.045 N·m and a remaining-life interval of
10.4–12.6 years. The model-form variance ratio provides a single-number regime diagnostic
across all cases.

Keywords: accelerated storage testing; natural-storage data fusion; Arrhenius extrapolation
uncertainty; conformal prediction; first-passage-time reliability; remaining storage life

1. Introduction
Aerospace dormant components, such as missile sealed amplifiers, torsion springs

in launch mechanisms, and battery cells in standby avionics, spend most of their service
life unused but must perform on first activation after years of storage. A single misjudged
component can ground a system or cause mission failure, and the cost of over-conservative
replacement schedules across a fleet is large. Prognostics and health-management practice
for aerospace structures and propulsion systems is now a mature engineering discipline
with broad theory and practice [1,2], and the reliability evaluation of structurally and
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electronically heterogeneous aerospace components has driven a sustained body of work in
this field. Examples include landing-gear fatigue-life prediction in both physics-based [3,4]
and machine-learning formulations [5], compressor-blade radial-deformation reliability
under crack defects [6], integrated long-term-deterioration monitoring of aero-engines [7,8],
high-cycle fatigue assessment of helicopter flange structures [9], thermoacoustic fatigue
analysis of thin-walled connection structures [10], and belief-reliability formulations de-
veloped for aerospace electromagnetic relays in storage [11]. Reliability assessment for
dormant components in particular combines two heterogeneous degradation datasets:
The first is natural-storage observations recorded over the deployed life at the operat-
ing temperature, which are sparse and slow. The second is accelerated-storage testing
data recorded at elevated temperatures over short test windows, which are dense and
fast but require extrapolation through an Arrhenius model to the operating temperature.
The general statistical framework for fitting and analyzing such accelerated-life data is well
established [12]. The specific sub-problem addressed in this paper is the principled fusion
of these two datasets into a remaining-storage-life prediction with a calibrated credible
interval, suitable for risk-tiered maintenance decisions.

A first class of approaches addresses this fusion through a scalar weighting of the
two data sources. Naive averaging assigns each source equal weight. The relative-entropy
weighting of [13] computes the weight from the Kullback–Leibler divergence between
source predictions on the training grid. The Bayesian calibration-factor framework of [14],
recently adapted to aerospace test-data fusion in [15] for landing-gear retraction-angle reli-
ability, fits a posterior on a scalar that multiplicatively calibrates the accelerated prediction
against natural-storage data. Related Bayesian fusion formulations have combined acceler-
ated degradation data with field condition-monitoring data [16], addressed measurement-
error correction when two types of accelerated data are jointly available [17], and used
Bayesian model averaging across competing degradation processes (inverse Gaussian,
gamma) to hedge against model uncertainty [18]. These methods have become canonical
in the Chinese aerospace-reliability literature because they extend naturally from single-
source maximum-likelihood inference and admit closed-form posteriors. The structural
limitation common to the class is that the fusion weight is a global scalar, fixed across the
entire prediction horizon. The trustworthiness of the accelerated branch is not in fact con-
stant. It depends on the Arrhenius extrapolation distance from the test temperatures to the
operating temperature, and on whether the Arrhenius assumption itself holds at the oper-
ating point. A scalar weight cannot reflect this time-varying trustworthiness, and when the
Arrhenius assumption is misspecified the scalar weight cannot detect the misspecification
from the data, pulling the fused prediction toward a biased accelerated estimate.

A second class of approaches uses the degradation mechanism explicitly. Physics-
based degradation models, in the Arrhenius, Eyring, or power-law families, predict the
operating-temperature trajectory from accelerated-test coefficient estimates, with uncer-
tainty propagated through ordinary least squares. Multi-fidelity Gaussian-process (MFGP)
methods, which trace back to the auto-regressive fidelity coupling of [19] and are reviewed
for aerospace applications in [20] on the Gaussian-process side of the broader Gaussian-
process literature [21], combine a high-fidelity but expensive source with a low-fidelity
but cheap source through a precision-weighted posterior. Recent aerospace examples
include the surrogate-based aerodynamic optimization work of [22], the multi-fidelity
Hamilton–Kriging model with adaptive infill sampling for experimental optimization
of [23], the deep-reinforcement-learning-enhanced Kriging method for aero-engine struc-
tural reliability of [24], the multi-fidelity reliability-based design optimization framework
with a local-update surrogate strategy of [25], adaptive reliability analysis using a collective
learning strategy across fidelity levels [26], and a physics-regression-oriented multi-fidelity
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formulation [27]. A complementary line of work models the degradation path itself as a
stochastic process, such as a Wiener process [28–30]. The limitation specific to storage relia-
bility is that the dominant source of model-form error in this setting is not within-source
noise or coarse-mesh approximation but the extrapolation distance between accelerated-test
conditions and the operating temperature. Existing physics-based and multi-fidelity-GP
fusion absorbs this extrapolation error into a generic noise term or an OLS-propagated
variance, neither of which reflects the actual at-operating-temperature accuracy. As a conse-
quence, no method in this class produces a prediction interval on remaining storage life
whose finite-sample validity has been established against out-of-sample truth.

The common shortcoming across the two classes is that fusion weight and predictive
variance are determined from quantities that do not see the operating-temperature ground
truth at all. This issue is part of a broader epistemic-uncertainty representation problem
under sparse and structurally heterogeneous data [31], but it takes a specific form in the
storage-fusion setting. The technical gap that follows is twofold: First, the accelerated-
branch variance should be decomposed into a within-branch intrinsic-noise component
and a separate extrapolation-error component. The extrapolation-error component should
be calibrated empirically against natural-storage residuals at the operating temperature, not
propagated from accelerated-test scatter alone. Second, the resulting time-varying fusion
weight should determine how the credible interval widens at each time, so that the band’s
empirical coverage matches the nominal level across the prediction horizon.

The mathematical machinery to close this gap is available. Precision weighting
provides a combination of two source predictions with explicit per-branch variance.
The natural-storage residuals against the accelerated prediction provide a direct empirical
reference for the at-operating-temperature error that no accelerated-only variance esti-
mate can reach. Information-criterion selection within a mechanism-specific model family
ties the natural-branch mean to the failure physics rather than to a single assumed form.
Split-conformal prediction supplies a finite-sample, distribution-free validity layer that no
fusion pipeline in this literature includes. What remains is to assemble these pieces into a
single closed-form procedure, validate the resulting interval against out-of-sample truth,
and characterize the regime in which the procedure improves on natural-only rather than
merely matching it.

This paper proposes an empirically calibrated multi-fidelity fusion for aerospace
dormant-component reliability assessment. The method addresses the gap identified above
through three contributions: First, the natural-branch mean is selected by AICc within a
mechanism-specific nested family covering the primary and secondary stages of the failure
mechanism, and the accelerated-branch variance is decomposed into intrinsic, sampling,
and model-form components, the last fitted additively from natural-storage residuals. This
produces a continuous, time-varying fusion weight that detects Arrhenius misspecification
from data with no thresholds anywhere in the pipeline, where scalar-weight baselines such
as KL-entropy and Bayesian calibration factor cannot. Second, the fused band is calibrated
by split-conformal prediction and propagated through a first-passage-time construction
to a prediction interval on the remaining storage life. On a 1000-run varying-truth Monte
Carlo population with disjoint calibration and test halves, the calibrated band attains
95.5% out-of-sample trajectory coverage at a mean width of 0.071 N·m, 97 to 196 times
narrower than the other fusion strategies at the same guaranteed level. Third, the model-
form variance ratio is established as a single-number diagnostic for the fusion regime.
Values of approximately 11,600 on a torsion-bar case and 81 on a sealed-amplifier case
identify severe Arrhenius misspecification in advance, allowing the engineer to predict
whether fusion will deliver calibrated uncertainty on a fallback-to-natural-only estimate
or precision-weighted point-estimate fusion. The remainder of this paper is organized as
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follows: Section 2 formalizes the storage-fusion problem and derives the proposed method.
Section 3 reports the experimental setup, baseline methods, and held-out validation on
two real case studies and one synthetic Monte Carlo simulation. Section 4 interprets the
findings and compares them with prior work. Section 5 concludes the paper.

2. Proposed Method
The proposed method addresses the gap identified in Section 1. Natural-storage and

accelerated-storage data carry complementary information, but existing fusion methods
conflate their uncertainty sources and produce prediction intervals whose coverage is
never verified. Section 2.1 states the formal estimation problem and the degradation pa-
rameterization shared by both case studies. Section 2.2 develops the multi-fidelity fusion
with decomposed accelerated-branch variance, a mechanism-specific natural-branch model
selected by the corrected Akaike information criterion (AICc), and an additive empirical
model-form variance fitted from natural-storage residuals. Section 2.3 constructs a split-
conformal prediction interval on the remaining storage life from the fused trajectory’s
first-passage time. Section 2.4 consolidates the procedure into a single algorithm.

2.1. Problem Definition and Preliminaries

A monitored component is stored dormant at operating temperature Top for a period
of years. Two data streams are available. The natural-storage stream Y(n)records the degra-
dation parameter P(t) at coarse intervals over the full storage horizon; one observation Y(n)

i
is the mean across nspec specimens at time ti. The accelerated-storage stream Y(a,k) records
the same parameter at K elevated temperatures Tk > Top, at fine temporal resolution but
over a short test window [0, tacc], with nacc specimens per temperature. The two streams
therefore probe different regions of the (time, temperature) plane and have different sample
and noise structures.

Both stress relaxation and electronic drift follow a degradation form

P0 − P(t)
P0

= A(T) + B(T) ϕ(t), (1)

where P0 is the initial value of the parameter, A(T) is a temperature-dependent inter-
cept, B(T) is the rate coefficient, and ϕ(t) is the mechanism-specific primary time feature
ϕ(t) = ln t for stress relaxation, where logarithmic kinetics arise from the progressive ex-
haustion of dislocation glide [32], and ϕ(t) = t for electronic drift governed by steady
charge-trapping kinetics [33]. Each mechanism also admits a secondary stage at long hori-
zons: stress relaxation, a linear term associated with grain-boundary sliding and secondary
creep [32]; and drift, a logarithmic early transient from fast trap filling [33]. Section 2.2 there-
fore equips the natural branch with the nested two-member family {ϕ(t)} ∪ {ϕ(t), ψ(t)},
where ψ denotes the secondary complement, and selects between the two forms by AICc;
the accelerated branch retains the primary term alone, because the secondary stage is not
identifiable within the short accelerated window—a point Section 4 returns to. We adopt
the Arrhenius assumption on B(T),

ln B(T) = ln B0 −
Ea

R T
, (2)

where Ea is the apparent activation energy and R the gas constant. Failure is declared when
P(t) crosses a fixed threshold Pfail.

The estimation problem is to construct, from Y(n) and {Y(a,k)}K
k=1, a fused trajectory

P̂(t) together with a predictive variance σ̂2(t), both defined at the operating temperature
Top, such that two requirements hold: First, the point estimate P̂(t) is closer to the unknown
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truth than any single-source estimator on a held-out window of the natural-storage data.
Second, the 1 − α prediction interval on the remaining storage life implied by P̂(t) and
σ̂2(t) has out-of-sample empirical coverage at the nominal level when validated against
disjoint profiles with known truth. Figure 1 previews the procedure that meets these
two requirements; the three subsequent subsections develop its components in turn.

Figure 1. Overview of the proposed empirically calibrated multi-fidelity fusion with conformal
prediction intervals. Two heterogeneous inputs feed two branches. The natural branch (top) fits the
mechanism-specific nested family of Equation (9) and selects between the primary-only and primary-
plus-secondary forms by AICc, returning µn and σ2

n . The accelerated branch (bottom) runs per-
temperature OLS on the primary term, Arrhenius WLS, and delta-method propagation, returning µa

and the sampling variance σ2
OLS(t). The additive model-form variance σ2

MF(t) = a + b φ2(t) (center),
fitted from natural-training residuals, augments the accelerated variance and yields the regime
diagnostic ρ̄. Precision weighting fuses the branches through the continuous weight αn(t) with no
thresholds or caps. The fused band is calibrated by split-conformal prediction on a disjoint population,
and the remaining-storage-life interval is read off the calibrated band’s threshold crossings.

Naive fusion fails the second requirement for a specific structural reason. The acceler-
ated branch reaches the natural-storage time horizon only through Arrhenius extrapolation
across two orders of magnitude in time. The variance of this extrapolation grows with time
through the ϕ(t)2 factor in the propagated regression covariance. Scalar fusion weights,
of the kind used by KL-entropy and Bayesian calibration-factor methods, cannot reflect this
time-varying trustworthiness. Pointwise weights without an honest treatment of model-
form error cannot reflect that the Arrhenius model itself is misspecified at the extrapolation
extreme. Section 2.2 addresses both issues.

2.2. Multi-Fidelity Fusion with Decomposed Accelerated-Branch Variance

The accelerated branch carries two distinct sources of uncertainty: specimen-to-
specimen scatter at each test temperature produces an intrinsic noise floor; Arrhenius
extrapolation from test temperatures to the operating temperature adds a separate, time-
varying contribution. Existing fusion methods absorb both into a single residual variance
and treat the accelerated branch as uniformly informative across the storage horizon. Two
consequences follow: When Arrhenius extrapolation is reliable, the conflation under-uses
the accelerated branch’s actual time-varying precision. When Arrhenius extrapolation
is misspecified at long distance, the conflation lets the accelerated branch silently bias
the fused estimate. The first half of this subsection separates the two contributions and
recovers a time-varying weight. The second half adds an additive empirical model-form
variance, so that the time-varying weight also detects model-form misspecification and
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shifts continuously to a safe natural-only fallback when the accelerated branch cannot
be trusted.

The pipeline has three stages: First, at each accelerated temperature Tk, ordinary
least squares regresses the normalized degradation (P0 − P)/P0 on the time feature ϕ(t),
yielding coefficients (Âk, B̂k) together with standard errors and a per-temperature residual
variance σ̂2

k . Second, weighted least squares on ln B̂k versus 1/Tk extracts the Arrhenius
parameters and propagates the regression covariance to the operating temperature. Third,
the accelerated prediction at any natural time t takes the form of Equation (1) with the
room-temperature coefficients, and its variance decomposes into an intrinsic term and an
extrapolation term.

At each accelerated temperature, the per-temperature regression is

P0 − P
P0

= Ak + Bk ϕ(t) + εk, εk ∼ N (0, σ2
k ). (3)

The Arrhenius fit uses weighted least squares with weights derived from the standard
errors SE(ln B̂k):

ln B̂op = γ0 + γ1/Top, Var(ln B̂op) = x⊤op Σγ xop, (4)

where xop = (1, 1/Top)⊤ and Σγ is the WLS covariance of the slope-intercept estimate.
An analogous WLS fit on ln Âk yields Âop and Var(Âop). With B̂op = exp(ln B̂op) and the
delta method providing Var(B̂op) = B̂2

opVar(ln B̂op), the accelerated-branch variance at
natural time t decomposes as

σ2
a (t) = σ2

intrinsic + σ2
extrap,OLS(t), (5)

with σ2
intrinsic = σ2

k pooled over temperatures and σ2
extrap,OLS(t) = Var(Âop)+Var(B̂op) ϕ(t)2

derived from propagated regression covariance.
The decomposition makes the time dependence of the accelerated branch’s trustwor-

thiness visible. Intrinsic scatter is roughly constant in t; extrapolation variance grows like
ϕ(t)2. Beyond the crossover time at which σ2

extrap,OLS(t) = σ2
intrinsic, Arrhenius extrapolation

rather than measurement noise dominates the accelerated prediction’s uncertainty. This
diagnostic is invisible to scalar-weighting methods that collapse σ2

a into one number.
Propagated regression variance accounts only for sampling uncertainty in the Arrhe-

nius fit, not for model-form error at the extrapolation extreme. For long-distance extrapo-
lation, the Arrhenius assumption of Equation (2) and the family-specific time profile ϕ(t)
together carry substantial model-form uncertainty that the OLS covariance misses. We
therefore add a non-parametric model-form discrepancy variance, estimated from training-
window residuals between the accelerated prediction and the natural-storage observation.
Let r(ti) = Y(n)

i − P̂a(ti) denote these residuals on the training subset {ti} of natural-storage
time points, where P̂a(t) is the accelerated prediction at Top from Equations (1) and (4).
We fit

r2(t) ≈ a + b φ2(t), a, b ≥ 0, (6)

where φ(t) is the primary time feature in natural-branch units, and the coefficients are
constrained non-negative. The φ2 regressor is not an arbitrary choice; it mirrors the ϕ(t)2

growth of the propagated regression covariance in Equation (5), so that the empirical term
and the OLS term share the same structural time dependence and differ only in scale.
The model-form variance and the total accelerated-branch variance are then

σ2
MF(t) = â + b̂ φ2(t), σ2

a (t) = σ2
intrinsic + σ2

extrap,OLS(t) + σ2
MF(t). (7)
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The model-form term enters additively, as an independent variance source alongside
sampling variance, so the total accelerated-branch variance is a smooth, continuous function
of the data with no thresholds, caps, or switching rules anywhere in the pipeline. Where
the Arrhenius assumption holds, the fitted (â, b̂) are small and the OLS term dominates;
where it is misspecified, σ2

MF grows and continuously down-weights the accelerated branch.
The natural-storage training data plays a dual role here, both as a fusion input and as the
residual reference for the model-form variance. This dual role is justified by the absence of
any independent residual reference at the operating temperature. The implication is that
the model-form variance is informative about which branch the fusion should trust, rather
than an independent measure of accelerated-branch accuracy; for the same reason, interval
calibration is never claimed from this in-sample construction but is instead established on
fully disjoint, independently drawn profiles by the split-conformal procedure of Section 2.3.
We refer to the time-averaged ratio

ρ̄ =
1
|T | ∑

t∈T

σ2
MF(t)

σ2
extrap,OLS(t)

(8)

over the prediction grid T as the model-form variance ratio; Section 4 uses ρ̄ as a single-
number diagnostic for the fusion regime.

The natural branch contributes a prediction P̂n(t) and a variance σ̂2
n(t). Both come

from OLS regression on the natural-storage training data, with the mean model selected
within the mechanism-specific nested family of Section 2.1,

M1 :
P0 − P(t)

P0
= β0 + β1 φ(t), M2 :

P0 − P(t)
P0

= β0 + β1 φ(t) + β2ψ(t), (9)

by the small-sample corrected Akaike information criterion AICc [34,35]. The nested struc-
ture restricts selection to physically admissible forms for the failure mechanism at hand,
rather than an open-ended basis search, and the selected design matrix supplies the stan-
dard prediction-variance inflation for extrapolation away from the training mean. The ac-
celerated branch deliberately keeps the primary-only form M1: over a test window of
days, the secondary term contributes at or below the accelerated noise floor and is not
identifiable, which is precisely why the accelerated extrapolation can be biased at decade
horizons and why σ2

MF is needed. The two branches fuse by precision weighting,

αn(t) =
1/σ̂2

n(t)
1/σ̂2

n(t) + 1/σ2
a (t)

, (10)

P̂(t) = αn(t) P̂n(t) +
(
1 − αn(t)

)
P̂a(t), σ̂2(t) =

1
1/σ̂2

n(t) + 1/σ2
a (t)

. (11)

Two limits clarify the design. When the model-form variance diagnoses severe Ar-
rhenius misspecification, σ2

a (t) grows and αn(t) → 1; the method degrades gracefully to
a natural-only estimator. When natural-storage data is exhausted at long horizons, σ̂2

n(t)
grows under extrapolation and αn(t) decreases, so the accelerated branch contributes more
weight. Because σ2

MF enters Equation (7) additively, αn(t) is a continuous functional of
the data throughout; the pipeline contains no hard thresholds, weight caps, or heuris-
tic switching rules. The time-varying αn(t) replaces the scalar weight that prior fusion
methods use.

2.3. Conformal Prediction Interval on the Remaining Storage Life

A point estimate of the remaining storage life is of limited operational value without
an honest interval. Decisions about when to inspect, replace, or retire a stored component
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depend on the lower end of a prediction interval, not on the median prediction. Existing fu-
sion methods either report point estimates or rely on intervals whose empirical coverage has
not been validated. We calibrate the predictive band by split-conformal prediction [36–38],
which carries a finite-sample, distribution-free coverage guarantee and requires no Gaus-
sian assumption on the fused errors, and we read the remaining-storage-life interval off the
calibrated band.

The fused trajectory P̂(t) with variance σ̂2(t) defines a predictive band P̂(t)± κ σ̂(t)
whose half-width multiplier κ must be chosen. The Gaussian choice κ = zα/2 presumes nor-
mal fused errors; we instead calibrate κ by split-conformal prediction. Given a calibration
set of profiles disjoint from any test profile, the standardized non-conformity scores are

sj =

∣∣Ptruth,j − P̂j
∣∣

σ̂j
, q = s(⌈(m+1)(1−α)⌉), (12)

where j ranges over the pooled (profile, time) pairs of the calibration set, m is their number,
and s(k) denotes the k-th order statistic. Setting κ = q yields a band whose coverage on
exchangeable test profiles is at least 1− α by the standard split-conformal guarantee [37]; no
distributional assumption on the fused errors is involved. The fused variance σ̂2(t) acts as
the score’s scale function: a well-calibrated σ̂ yields q ≈ zα/2, whereas a miscalibrated one
is corrected through q at the price of a wider or narrower band. Coverage being guaranteed
for every method under this construction, the discriminating quality metric across methods
becomes the width of the calibrated band. The remaining storage life is the first time Tf at
which P̂(t) crosses the failure threshold Pfail. Its prediction interval comes from the upper
and lower bounds of the calibrated band, read off where they cross Pfail. The upper bound
of the band crosses later and gives the upper end of the Tf interval. The lower bound crosses
earlier and gives the lower end. The construction generalizes to a degradation parameter
that increases toward an upper failure threshold by reversing the threshold comparison.

For a degradation parameter that decreases with time (the stress-relaxation case),

T̂f = inf
{

t : P̂(t) ≤ Pfail
}

, (13)

Tlo
f = inf

{
t : P̂(t) + κ σ̂(t) ≤ Pfail

}
, (14)

Thi
f = inf

{
t : P̂(t)− κ σ̂(t) ≤ Pfail

}
, (15)

where κ = q from Equation (12) when a calibration population is available, and κ = zα/2 as
the uncalibrated Gaussian reference on a single real trajectory. The reported 1− α prediction
interval is [Tlo

f , Thi
f ]; when the upper band does not cross Pfail within the prediction horizon,

Thi
f is right-censored at the horizon and the interval is reported as unbounded above.

For a degradation parameter that increases toward an upper failure threshold, the same
construction applies with the threshold comparison reversed.

The interval inherits two distinct geometric contributions. The predictive variance
σ̂2(t) at the crossing time sets the vertical width of the band; the slope of P̂(t) at the crossing
converts that vertical width to a horizontal time interval. A steep slope at the crossing
produces a narrow Tf interval even when the band is wide; a shallow slope produces a
wide Tf interval even when the band is narrow. The construction thus reflects two distinct
sources of difficulty in pinpointing Tf : how uncertain the trajectory is, and how slowly it
approaches the threshold.

Calibration is established and verified on a Monte Carlo population with known truths.
Each run draws its own ground-truth degradation law including an independently drawn
secondary-stage slope, generates accelerated and natural data with measurement noise,
and runs the full pipeline; the population thereby contains profile-to-profile variation in
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the truth itself, not merely noise realizations around one fixed trajectory. The runs are
split into disjoint calibration and test halves: the conformal quantile q of Equation (12)
is computed once on the calibration half and applied unchanged to the test half, so that
every reported coverage number is out-of-sample by construction. Empirical first-passage
coverage is the fraction of test runs in which the true Tf falls inside [Tlo

f , Thi
f ], with the

censoring convention stated above. A complementary trajectory-level pointwise coverage,

Covtraj =
1
N

N

∑
r=1

1
|T | ∑

t∈T
1
{

P(r)
truth(t) ∈

[
P̂(r)(t)± q σ̂(r)(t)

]}
, (16)

checks pointwise calibration of the calibrated band across the full prediction grid T over
the N test runs, with P(r)

truth the run-specific truth. The two metrics together test calibration
at the first-passage level and at the trajectory level. Section 3 reports both, alongside the
mean calibrated band width as the sharpness metric that discriminates the methods once
coverage is guaranteed.

2.4. Algorithm and Implementation

Algorithm 1 consolidates the procedure from end to end. Each line maps to a specific
equation in Sections 2.2 and 2.3.

Algorithm 1: Empirically calibrated multi-fidelity fusion with conformal Tf interval

Input: natural-storage data Y(n), accelerated-storage data {Y(a,k)}K
k=1, initial value P0, failure threshold

Pfail, confidence level 1 − α, prediction grid T , optional calibration population for the conformal
quantile q

Output: fused trajectory P̂(t), predictive variance σ̂2(t), point estimate T̂f , prediction interval [Tlo
f , Thi

f ],
diagnostic ρ̄

// Per-temperature regression (accelerated branch)
1 for k = 1, . . . , K do
2 Fit Equation (3) on Y(a,k); obtain (Âk , B̂k , σ̂2

k ) with standard errors;
3 end
// Arrhenius extrapolation to operating temperature

4 WLS Equation (4) on ln B̂k vs. 1/Tk gives B̂op and Var(B̂op);
5 Analogous WLS gives Âop and Var(Âop); pool σ̂2

k to σ2
intrinsic;

// Additive empirical model-form variance

6 Compute training residuals r(ti) = Y(n)
i − P̂a(ti) from Equation (1);

7 Fit Equation (6) on {(ti , r2(ti))} with a, b ≥ 0; set σ2
MF(t) and σ2

a (t) via Equation (7); record ρ̄ via
Equation (8);
// Natural-branch model selection and prediction

8 Fit M1 and M2 of Equation (9) on Y(n)
train; select by AICc; obtain (P̂n(t), σ̂2

n(t)) on T from the selected
design;
// Precision-weighted fusion

9 for t ∈ T do
10 Compute αn(t) via Equation (10); no caps or thresholds apply;
11 Compute P̂(t) and σ̂2(t) via Equation (11);
12 end

// Conformal calibration and first-passage interval
13 If a calibration population is available, compute q via Equation (12) and set κ = q; otherwise, set

κ = zα/2 as the uncalibrated reference;
14 Locate T̂f , Tlo

f , Thi
f on T via Equations (13)–(15) by linear interpolation between adjacent grid points;

15 return P̂(t), σ̂2(t), T̂f , [Tlo
f , Thi

f ], ρ̄;

All steps are closed-form OLS or WLS with delta-method propagation; the AICc
selection compares two closed-form fits, and the conformal step is a single order statistic.
The procedure contains no MCMC, no kernel hyperparameter optimization, no tuned
constants, and no iterative inner loop other than the prediction-grid evaluation. Wall-
clock cost is dominated by the per-temperature regressions and scales linearly in the total
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accelerated-storage data size. For the two case studies in Section 3, a single complete
fit runs in under 0.1 s on a standard workstation. The lower and upper endpoints Tlo

f

(Equation (14)) and Thi
f (Equation (15)) of the prediction interval together quantify the

operational uncertainty on the remaining storage life.

3. Results
This section reports the experimental validation of the proposed method against five

baselines on two real case studies and a synthetic Monte Carlo simulation. Section 3.1
describes the datasets, baselines, evaluation metrics, and implementation. Section 3.2
validates the multi-fidelity fusion with decomposed variance and empirical calibration on
the torsion-bar and amplifier case studies. Section 3.3 validates the conformal prediction
interval on a varying-truth Monte Carlo population with disjoint calibration and test halves.
Section 3.4 names the cross-case patterns. Section 3.5 reports sensitivity to the held-out
window length, a low-signal-to-noise variant of the amplifier case, and four distributional
diagnostics requested by the analysis: bootstrap stability of the model-form variance fit,
residual normality tests, a sampling-based check of the delta-method propagation, and a
sampled first-passage-time distribution.

3.1. Experimental Setup

Two case studies represent two distinct degradation regimes in aerospace dormant
components. The torsion bar is a mechanical-storage case with 32 specimens monitored
over 120 months of natural storage; the degradation parameter is the holding torque, with
P0 = 35.030 N·m and failure declared at Pfail = 28 N·m. Accelerated-storage data come
from 8 specimens per temperature at four temperatures {110, 130, 150, 170} ◦C over 144 h.
The amplifier (Rudder III) is an electronic-storage case with 12 specimens monitored over
13 years; the degradation parameter is the absolute output current, with |I0| = 10.013 mA
and failure declared at |I − Inominal| > 0.15 mA. Accelerated-storage data come from
3 specimens per temperature at {90, 100, 110, 120} ◦C over 130–250 days, depending on
the temperature.

The held-out protocol withholds the most recent natural-storage observations to assess
extrapolation accuracy. For the torsion bar, the last 24 months (20% of the storage horizon)
are held out. For the amplifier, the last 3 years (23% of the horizon) are held out. The fusion
procedure consumes only training-window natural-storage data plus the full accelerated-
storage set, and performance is evaluated against the held-out natural-storage observations.

We compare against five baselines that span the relevant fusion strategies: Natural-
only fits an OLS regression on training-window natural data, ignoring accelerated data; it
uses the same AICc-selected mechanism-specific model as the proposed method’s natural
branch, so that the comparison isolates the fusion machinery rather than the choice of
mean model. Accelerated-only uses Arrhenius extrapolation to the operating temperature,
ignoring natural data. Naive average fuses with a fixed scalar weight αn = 0.5. KL-entropy
weighting [13] computes a scalar weight from the relative-entropy difference between
source predictions on the training grid; this is the method developed in a prior Chinese
aerospace-reliability line of work and is the most direct fusion competitor. Bayesian
calibration factor [14] fits a posterior on a scalar K that calibrates the accelerated prediction
against natural training data and is the canonical Bayesian fusion baseline. Implementations
follow the same data conventions as the proposed method to ensure a fair comparison.

Four metric groups capture point accuracy, interval validity, interval sharpness,
and time-varying behavior. The held-out root-mean-square error (RMSE) quantifies point
accuracy on the masked natural-storage window. On the real cases, where only a single
trajectory exists, the held-out 95% coverage of the uncalibrated Gaussian reference band
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(κ = 1.96) is reported with the explicit caveat that 24 and 3 held-out points carry little
inferential weight. On the simulation track, calibration is established by the split-conformal
construction of Section 2.3: the conformal quantile q, the out-of-sample trajectory cover-
age of Equation (16), the mean calibrated band width as the sharpness metric, and the
first-passage coverage of the Tf interval under the right-censoring convention. The natural-
branch weight αn(t) at fixed times reports the fusion mixture.

All methods are implemented in Python 3.11 using NumPy, pandas, and SciPy;
no MCMC, kernel hyperparameter optimization, or gradient-based learning is required.
The proposed method’s Arrhenius regression and empirical-calibration steps are closed-
form, as is the precision-weighted fusion at each prediction time. Each complete fit runs
in under 0.1 s on a standard workstation. The simulation in Section 3.3 runs a 1000-run
varying-truth population (500 calibration + 500 disjoint test runs) and a 400-run fixed-truth
control (200 + 200), all with seed 20260611. The runtime is approximately one minute from
end to end.

3.2. Validation of the Decomposed-Variance Fusion

This subsection tests two hypotheses about the fusion method’s behavior on real data:
First, the proposed fusion remains close to the natural-only estimator on point accuracy
regardless of how misspecified the accelerated branch is, where every existing fusion
method is pulled away by Arrhenius extrapolation error. Second, the proposed fusion
assigns natural and accelerated branches weights that track each branch’s instantaneous
trustworthiness, where existing methods assign a single scalar weight independent of
time. The two hypotheses together test whether the method delivers safe-fallback fusion.
The target behavior is at least as informative as natural-only on point estimates, with a
continuous data-driven weight that diagnoses the accelerated branch, and an interval that
survives population-level calibration without ad hoc width.

Figure 2 displays the decomposition of σ2
a (t) from Equation (5) on the torsion data,

in normalized loss units squared. The intrinsic component, pooled across the four acceler-
ated temperatures, is approximately constant in time at σ2

intrinsic ≈ 4.47 × 10−5. The OLS-
propagated extrapolation component grows with time through the φ2(t) factor, rising from
≈5 × 10−7 at t = 1 month to 3.25 × 10−6 at t = 20 years. The additive model-form variance
σ2

MF(t) of Equation (7), fitted from the natural-training residuals, rises from 5.5 × 10−3 to
3.8 × 10−2 over the same window: three to four orders of magnitude above the OLS term
and the dominant contribution to σ2

a (t) throughout. The gap between the OLS-propagated
and the model-form components is the quantitative signature of Arrhenius misspecification
at room temperature.

The model-form variance of Equation (6) is fitted on the residuals between accelerated
prediction and natural-storage training observations. On the torsion case, the model-
form variance ratio of Equation (8) averages ρ̄ ≈ 11,600 over the prediction horizon
(bootstrap 95% interval 9700–14,600; Section 3.5), signaling severe Arrhenius model-form
mismatch when extrapolating from the 110–170 ◦C test window down to room temperature.
As a consequence, the precision-weighted fusion of Equation (10) assigns αn(t) ≈ 0.998
throughout the prediction window, with the accelerated branch contributing the remaining
≈0.002 as a residual prior on the long-term trend. The same diagnostic on the amplifier case
yields ρ̄ ≈ 81 and αn(t) between 0.95 and 0.96 across the prediction window. No threshold
or cap is involved; the weights are the continuous output of Equations (7) and (10).
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Figure 2. Variance decomposition of the accelerated-storage branch on the torsion case. Values
in normalized-loss-squared units on a logarithmic axis. The intrinsic component σ2

intrinsic is pooled
across the four accelerated temperatures and is essentially constant in time. The OLS-propagated
sampling component σ2

extrap,OLS(t) grows with φ2(t) but stays an order of magnitude below the

intrinsic level over the 20-year horizon. The additive model-form variance σ2
MF(t) of Equation (7),

fitted from natural-storage residuals, sits three to four orders of magnitude above the OLS term,
giving the model-form ratio ρ̄ ≈ 11,600 of Equation (8). This gap is the quantitative signature of
Arrhenius misspecification at room temperature and drives αn(t)→1 on this case.

The held-out trajectories in Figure 3 show the consequence on point prediction. On
this case, the AICc selection of Equation (9) decisively prefers the two-member relaxation
form: AICc is −261.6 for M2 (ln t plus secondary linear term) against −109.9 for M1 (ln t
only), a difference of about 152. The fitted secondary slope corresponds to 0.48 N·m of
additional torque loss per year, a contribution that is invisible within the 144 h accelerated
window but dominant at decade horizons. The natural-only and proposed-method panels
track the held-out observations closely. The three fusion baselines (naive-average, KL-
entropy, Bayesian calibration factor) deviate upward, pulled by the biased accelerated
prediction. The accelerated-only panel remains near the initial value and fails to capture
the magnitude of natural-storage degradation. The held-out RMSE values are summarized
in Table 1: 0.045 N·m for the proposed method, 0.052 N·m for natural-only, and 2.730 N·m
to 5.625 N·m for the four other baselines. The proposed method slightly improves on
natural-only (by about 13%) and improves over the next-best fusion baseline (Bayesian
calibration factor) by a factor of 61; the residual bias of the fused mean on the held-out
window is −0.03 N·m.

The amplifier case in Figure 4 shows the same pattern with the orientation reversed:
the degradation parameter increases with time toward an upper failure threshold. Here,
the AICc selection retains the primary-only drift form (AICc −93.4 for linear against −91.9
for the two-member form): no early logarithmic transient is detectable in the natural stream,
and the selector correctly declines the extra term. The held-out RMSE values are 11.4 µA
for the proposed method, 9.6 µA for natural-only, and 32.1 µA to 56.0 µA for the four
other baselines. The proposed method stays within 1.8 µA (19%) of natural-only, while
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the three scalar-weight fusion baselines have RMSE values 2.8 to 3.1 times larger than the
proposed method’s.

(a) Natural-only. (b) Accelerated-only. (c) Naive average.

(d) KL-entropy. (e) Bayesian CF. (f) Proposed.

Figure 3. Fused trajectory of holding torque on the torsion case under six fusion strategies.
The last 24 months of natural-storage data are held out for evaluation. Each panel shows the
monthly natural-storage training means as a thin gray line, the held-out means as red triangles,
the fused mean and its 95% Gaussian-reference band for that method, and the failure threshold
Pfail = 28 N·m. With the AICc-selected natural model, the proposed method in panel (f) and
natural-only in panel (a) track the held-out trajectory closely (RMSE 0.045 and 0.052 N·m); the three
scalar-weight fusion baselines in panels (c–e) are pulled upward by the biased accelerated branch,
and the accelerated-only panel (b) misses the degradation magnitude entirely. The held-out RMSE
for each method is annotated in the lower-right corner of its panel.

Figure 5 reveals the structural mechanism behind these results. The proposed method’s
αn(t) sits at the top of both panels (about 0.998 on torsion, between 0.95 and 0.96 on the
amplifier), while the three scalar-weight baselines lock at αn ≈ 0.5 as their formulation
requires; the proposed weights arise continuously from Equation (10), with no threshold
anywhere. Both case studies thus confirm the hypotheses. Under the diagnosed strong
Arrhenius misspecification, the proposed method’s time-varying weight shifts toward unity
and recovers the natural-only point estimate. The scalar-weight fusion baselines cannot
make this shift and remain pulled by the biased accelerated prediction. The fusion’s value
on these cases is therefore threefold: it matches or slightly improves on natural-only in
point accuracy, it detects the accelerated-branch bias from the data through ρ̄, and it carries
a predictive variance that survives population-level calibration without ad hoc inflation
(Section 3.3).
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(a) Natural-only. (b) Accelerated-only. (c) Naive average.

(d) KL-entropy. (e) Bayesian CF. (f) Proposed.

Figure 4. Fused trajectory of |I| on the amplifier Rudder III case under six fusion strategies. The
last 3 years of natural-storage data are held out for evaluation. Each panel shows the yearly natural-
storage means as a thin gray line (training) and red triangles (held-out), the fused mean and its 95%
Gaussian-reference band, and the failure threshold |I| = 10.165 mA as a dotted red line. The AICc
selection retains the primary-only linear-drift form on this case. The proposed method in panel (f)
and natural-only in panel (a) are the only strategies whose mean approaches the held-out triangles
(RMSE 11.4 and 9.6µA); the four other baselines under-predict drift across the held-out window.

(a) Torsion bar. (b) Amplifier (Rudder III).

Figure 5. Time-varying natural-branch fusion weight αn(t) on the two case studies, for the pro-
posed method and the three scalar-weight fusion baselines. The scalar baselines (naive average,
KL-entropy, Bayesian calibration factor) lock at αn = 0.5 regardless of time, reflecting their formu-
lation. The proposed method’s weight (thick blue line) sits near unity throughout both prediction
windows—about 0.998 on the torsion case, and between 0.95 and 0.96 on the amplifier—as the contin-
uous output of Equation (10) with the additive model-form variance of Equation (7); no threshold,
cap, or switching rule is involved. This continuous behavior is the structural feature that lets the
proposed method fall back safely to the natural-only estimator on real cases.
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Table 1. Held-out RMSE and Gaussian-reference 95% coverage on the two real case studies.
Coverage on a single real trajectory uses the uncalibrated Gaussian reference band (κ = 1.96) and a
small held-out sample (24 and 3 points, respectively); population-level calibration is established on
the simulation of Table 2. The best per column (excluding accelerated-only, the unfused Arrhenius
reference) is highlighted in bold. With the AICc-selected natural model, the proposed method matches
or slightly improves on natural-only in point accuracy, while every scalar-weight fusion baseline is
pulled away by the biased accelerated branch.

Method
Torsion Bar Amplifier Rudder III

RMSE (N m) Cov. (%) RMSE (µA) Cov. (%)

Natural-only 0.052 100.0 9.6 100.0
Accelerated-
only 5.625 0.0 56.0 0.0

Naive-average 2.792 0.0 32.1 0.0
KL-entropy 2.789 0.0 32.1 0.0
Wang-2013-BCF 2.730 54.2 35.5 33.3
Proposed 0.045 100.0 11.4 100.0

3.3. Validation of the Conformal Prediction Interval

This subsection tests two properties of the proposed method’s 95% prediction interval
on a Monte Carlo population with known truths: validity, meaning out-of-sample coverage
at the nominal level on profiles disjoint from the calibration set; and sharpness, meaning
the narrowest calibrated band among the six methods. Trajectory-level pointwise coverage,
first-passage coverage of the Tf interval, and the mean calibrated band width are reported.

The primary population is a varying-truth design: each run draws its own ground-
truth stress-relaxation law from Equation (1), extended by a secondary linear stage,
with Ea ∼ U (0.18, 0.30) eV, ln B0 ∼ N (ln 133, 0.252), A0 ∼ U (0.002, 0.010), and a room-
temperature secondary slope C ∼ U (0, 4 × 10−5) per day, Arrhenius-scaled to the test
temperatures. The secondary term contributes at or below the accelerated noise floor within
the 144 h test window but up to 0.29 in normalized loss at 20 years, so the accelerated
branch is misspecified by construction in a way that mirrors the real cases; the median
model-form ratio across runs is ρ̄ ≈ 2700, against ≈ 1 in a fixed-truth control population
that reuses the submitted design (single truth, Ea = 0.22 eV, Tf = 19.74 years, C = 0). Each
run generates accelerated data (four temperatures, eight specimens, 13 time points each,
noise SD 0.005) and a 120-month natural stream (monthly-mean noise SD 0.005P0/

√
32),

runs all six methods end to end, and records the predictive band on the 240-month grid
together with the band-implied Tf interval. The 1000 varying-truth runs are split into
500 calibration and 500 disjoint test runs; the control uses 200 plus 200. The conformal
quantile q of Equation (12) is computed once per method on the calibration half and applied
unchanged to the test half.

Figure 6 and Table 2 report the test-half results on the varying-truth population. Out-
of-sample trajectory coverage lands between 94.5% and 95.6% for all six methods, as the
split-conformal guarantee requires; validity therefore no longer discriminates the methods,
and the discriminating metric is the width each method needs to attain it. The proposed
method reaches the guaranteed coverage at a mean band width of 0.071 N·m, essentially
tied with natural-only (0.072 N·m) and 97 to 196 times narrower than the four other fusion
baselines (6.9 N·m to 14.0 N·m). The conformal quantile itself diagnoses each method’s nom-
inal variance: the proposed method needs q = 1.01, meaning that its fused σ̂(t) is already
population-calibrated and the conformal step changes almost nothing, whereas accelerated-
only needs q = 38.7 to stretch a wildly over-confident band to validity. The AICc selector is
validated in passing: it picks the two-member relaxation form in 99.1% of the varying-truth
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runs, whose truths almost certainly contain a secondary stage, and the primary-only form
in 85.8% of the fixed-truth control runs, whose truth is exactly logarithmic.

Figure 6. Split-conformal calibration on the varying-truth Monte Carlo population (500 calibration
+ 500 disjoint test runs). Panel (a): Out-of-sample trajectory coverage of the conformally calibrated
band on the test half. All six methods land between 94.5% and 95.6%, as the split-conformal guarantee
requires; the dashed green line marks the nominal 95%. Panel (b): The price each method pays for that
validity, measured as the mean calibrated band width on a logarithmic axis. The proposed method
attains the guaranteed coverage at 0.071 N·m, essentially tied with natural-only and 97 to 196 times
narrower than the four other fusion baselines. Once coverage is guaranteed by construction, sharpness
is the discriminating metric, and the proposed method dominates it among the fusion strategies.

Table 2. Population-level Monte Carlo with split-conformal calibration. Primary varying-truth
population: 500 calibration + 500 disjoint test runs, each with an independently drawn ground truth
including a random secondary-stage slope. The conformal quantile q (Equation (12)) is computed on
the calibration half only; all reported numbers are out-of-sample on the test half. Coverage of the
calibrated band is guaranteed near the nominal 95% for every method; the discriminating metric is
the mean calibrated band width (sharpness). q itself diagnoses each method’s variance calibration:
q ≈ 1 means the fused σ̂ is already population-calibrated, q ≫ 1.96 means the nominal variance is
badly over-confident. Tf coverage uses the right-censoring convention of Section 2.3; 30.4% of the
proposed-method test intervals are upper-censored at the horizon.

Method q Traj. Cov. (%) Band Width (N m) Tf Cov. (%) RMSE-Truth

Natural-only 1.02 95.6 0.072 97.5 0.0148
Accelerated-only 38.72 94.6 13.99 100.0 2.929
Naive-average 37.68 94.6 6.94 100.0 1.465
KL-entropy 37.68 94.6 6.92 100.0 1.462
Wang-2013-BCF 6.17 94.5 7.81 100.0 2.186
Proposed 1.01 95.5 0.071 96.9 0.0148

Bold entries mark the best (smallest) value in the column among all six methods.

First-passage coverage on the varying-truth test half is 96.9% for the proposed method,
computed over the 358 test runs whose truth crosses the threshold within 600 months (me-
dian truth Tf = 162 months) and using the right-censoring convention of Section 2.3; 30.4%
of the proposed intervals are upper-censored at the 240-month horizon. The fixed-truth
control retains, by construction, the window-edge artifact of the submitted version; its truth
Tf = 19.74 years sits within 0.3 years of the horizon, 93% of intervals are upper-censored,
and first-passage coverage is then driven mostly by the censoring rule. The varying-truth
population, whose failure times sit well inside the horizon, is therefore the primary first-
passage testbed, and on it the metric confirms calibration.

The behavior on real data appears in Figure 7. The proposed method’s mean (solid
curve) tracks both the training-window natural-storage observations and the held-out
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triangles, and all 24 held-out observations fall inside the uncalibrated Gaussian refer-
ence band (κ = 1.96), whose half-width is approximately 0.52 N·m across the held-out
window. With the corrected natural model, the fused mean now crosses the 28 N·m fail-
ure threshold inside the horizon: the point estimate is T̂f = 137.9 months (11.5 years),
and the band-crossing interval of Equations (14) and (15) is (125.4, 151.4) months—that
is, (10.4, 12.6) years. A sampled-trajectory cross-check (Section 3.5) gives a parameter-
uncertainty first-passage interval of (132.8, 143.9) months, strictly inside the geometric
interval, so the geometric construction errs on the conservative, operationally safe side.
Coverage on a single real trajectory carries little inferential weight; the calibration claim
rests on the population-level conformal validation above.

Figure 7. Proposed-method fused trajectory and 95% Gaussian-reference band on the torsion case.
The fused mean (solid blue) tracks the natural-storage training observations (thin gray line) and all
24 held-out observations (red triangles), each of which falls inside the band; the band half-width is
approximately 0.52 N·m across the held-out window. With the AICc-selected natural model, the mean
crosses the failure threshold Pfail = 28 N·m inside the horizon at T̂f = 11.5 years (green marker),
and the band-crossing construction of Equations (14) and (15) gives the remaining-storage-life interval
(10.4, 12.6) years (green shading). A sampled-trajectory cross-check places the parameter-uncertainty
first-passage interval at (11.1, 12.0) years, strictly inside the geometric interval, so the reported
interval is conservative in the operationally safe direction.

Under conformal calibration, every method’s band is valid by construction, so the
engineering question shifts to what that validity costs. The proposed method pays the least:
it attains the guaranteed 95% at a band two orders of magnitude narrower than any other
fusion strategy, with a nominal variance so close to calibrated that the conformal correction
is nearly the identity. It is the only fusion method whose interval is simultaneously valid
and sharp enough to support storage-life decisions.

3.4. Joint Cross-Case Patterns

Two cross-case patterns emerge across the two real cases and the simulation. The first
pattern concerns what fusion delivers when the accelerated branch is biased. On both real
cases, the accelerated branch is diagnosed as strongly misspecified by the model-form
variance. The proposed fusion matches or slightly improves on the natural-only baseline in
terms of point accuracy. The four baselines that lack the model-form term are pulled away
from the natural-only trajectory by the biased accelerated branch, and their held-out RMSE
values range from 2.8 to 126 times the proposed method’s across the two cases. The con-
tribution of the proposed fusion on these cases is threefold: First, the mechanism-specific
AICc selection removes the natural-branch form error that any fusion would otherwise
inherit. Second, the method detects accelerated-branch bias from data through ρ̄ and falls
back continuously, where existing fusion methods cannot. Third, the method’s predictive
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variance is the only fused variance that passes population-level conformal calibration at a
usable width.

The second pattern concerns the role of the variance decomposition. The decomposi-
tion of σ2

a (t) into intrinsic, sampling, and model-form components lets the additive σ2
MF

register what the OLS-propagated variance cannot. The model-form ratio spans four orders
of magnitude across the test set: ρ̄ ≈ 11,600 on the torsion bar, ≈81 and ≈61 on the two
amplifier variants, ≈2700 in the varying-truth simulation whose truths contain a hidden
secondary stage, and ≈1 in the fixed-truth control where the Arrhenius model is exact by
construction. The time-varying weight αn(t) adjusts continuously across this entire span,
with no thresholds. In the fixed-truth control, where nothing is misspecified, the proposed
method relaxes toward the precision-weighted balance and remains calibrated; in every
misspecified regime, it converges to the natural-only estimator. The variance decompo-
sition therefore plays two roles: it diagnoses each case from training data alone, and it
provides the mechanism that recovers idealized fusion behavior exactly when the model
assumptions hold.

3.5. Sensitivity and Limits

The safe-fallback claim is robust to the choice of held-out window length, and the
longest window exposes an honest limit. Figure 8 reports the held-out RMSE for the torsion
case under four held-out window lengths: 12, 24, 36, and 48 months. The natural-only
baseline grows from 0.023 N·m at 12 months to 0.683 N·m at 48 months; the proposed
method tracks it within 0.01 N·m at every window, growing from 0.030 N·m to 0.691 N·m.
The three intermediate fusion baselines stay flat between 2.7 N·m and 3.0 N·m, and the
accelerated-only baseline stays above 5.2 N·m. The Gaussian-reference coverage of the
proposed band over the same windows is 100%, 100%, 91.7%, and 12.5%; with only
72 training months, the secondary-stage slope is estimated from a shorter window and
under-predicts the curvature of the final four years, and the band, whose width is honest
rather than inflated, misses accordingly. The single-trajectory extrapolation horizon of the
present formulation is therefore in the order of one third of the training window, which
is precisely why interval validity is claimed at the population level through conformal
calibration rather than from any single trajectory.

Figure 8. Held-out RMSE on the torsion case as a function of the held-out window length,
for windows of 12, 24, 36, and 48 months (logarithmic axis). The proposed method (thick blue)
and the natural-only baseline (gray) overlap near the bottom of the panel and stay within 0.01 N·m
of each other at every window, rising together from about 0.03 N·m at the 12-month window to
about 0.69 N·m at the 48-month window as the training window shrinks and the secondary-stage
slope becomes harder to identify. The three scalar-weight fusion baselines stay flat between 2.7 and
3.0 N·m, and the accelerated-only baseline above 5.2 N·m, both dominated by the accelerated-branch
bias rather than by the window choice.
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The safe fallback to natural-only is stress-tested where natural-only is itself near the
noise floor. Figure 9 reports the low-signal-to-noise variant of the amplifier case: Rud-
der II, whose natural-storage drift is comparable in magnitude to the year-to-year mea-
surement noise. The held-out RMSE values are 7.7 µA for natural-only, 8.3 µA for the
proposed method, 10.9 µA to 11.4 µA for the scalar-weight fusion baselines, and 16.4 µA
for accelerated-only. The proposed method’s gap to natural-only is 7%; the model-form
variance (ρ̄ ≈ 61) keeps αn(t) ≈ 0.85 across the horizon through the continuous weighting
alone, with no cap or threshold anywhere in the pipeline. The residual 7% is the price
of retaining a nonzero accelerated weight in a regime where that branch is diagnosed as
unreliable and the natural branch is itself noisy. Gaussian-reference coverage on the three
held-out points is 66.7% (2 of 3) for the proposed method and all fusion baselines, and
100% for natural-only; with n = 3, these proportions carry essentially no inferential weight.
The case characterizes the applicability boundary of the method: when ρ̄ ≫ 1 coincides
with a low natural-branch signal-to-noise ratio, fusion cannot beat natural-only, and the
method’s value reduces to flagging exactly that condition from training data.

(a) Natural-only. (b) Accelerated-only. (c) Naive average.

(d) KL-entropy. (e) Bayesian CF. (f)
Proposed (applicability limit).

Figure 9. Same six-method comparison as Figure 4, applied to the low-signal-to-noise variant
Rudder II. The yearly means (thin gray line and red triangles) show year-to-year scatter comparable
in magnitude to the underlying drift, contrasting with the cleaner Rudder III signal. The natural-only
baseline in panel (a) retains a 7% edge over the proposed method in panel (f) (RMSE 7.7 versus
8.3µA); the model-form variance keeps the continuous weight at αn(t) ≈ 0.85 with no cap anywhere
in the pipeline, and the residual gap is the price of the nonzero accelerated weight in a regime where
that branch is diagnosed as unreliable (ρ̄ ≈ 61) and the natural branch is itself noise-dominated.
The case marks the applicability boundary discussed in Section 3.5.

Four diagnostics probe the stability and the distributional assumptions of the pipeline
on the torsion case. First, a 500-resample bootstrap of the model-form fit of Equation (6)
gives a 95% interval of (0.49, 0.74) for the slope b̂ and (9700, 14,600) for ρ̄; the held-out
Gaussian-reference coverage is 100% under every bootstrap replicate, so the diagnosis
and the band are both stable across residual draws. Replacing the φ2 regressor with |φ| or
with the unconstrained quadratic φ + φ2 changes the extrapolated model-form standard
deviation at 240 months from 6.8 N·m to 7.9 N·m and 6.4 N·m, respectively; the chosen form

https://doi.org/10.3390/aerospace13070588

https://doi.org/10.3390/aerospace13070588


Aerospace 2026, 13, 588 20 of 26

lies between the alternatives and is the only one that shares the structural time dependence
of the propagated covariance.

Second, a Shapiro–Wilk test on the 24 standardized held-out fused residuals gives
W = 0.923 with p = 0.069: no evidence against normality at the 5% level, although the
sample is small. The 96 training residuals, in contrast, reject normality decisively (p < 0.001),
with a lag-one autocorrelation of 0.885, as expected for monthly means sampled from one
smooth degradation path. This serial correlation is exactly why the method does not rest
interval validity on within-trajectory Gaussian or independence assumptions: validity is
established at the population level by the conformal construction, and the AICc selection
is confirmed out-of-sample by the held-out bias collapse of Section 3.2, rather than by
in-sample likelihood alone.

Third, a sampling-based propagation cross-checks the first-order delta method. Draw-
ing 2 × 105 realizations of the WLS Arrhenius coefficients and pushing them through the
exponential map shows that the delta method underestimates the standard deviation of
B̂op by a factor of 1.60 and misses a pronounced right skew (sample skewness 3.5); the
trajectory-level sampled interval is correspondingly asymmetric. The fused band, how-
ever, is insensitive: substituting the sampled variance for the delta variance changes the
fused half-width by less than 10−3 percent at every grid point, because σ2

MF exceeds the
accelerated sampling variance by three to four orders of magnitude on this case. The delta
method is therefore retained in the closed-form pipeline, with the conformal step absorbing
any residual distributional error at the population level.

Fourth, a sampled first-passage distribution cross-checks the geometric interval of
Equations (14) and (15). Pushing 2 × 104 joint draws of the natural-branch and Arrhenius
coefficients through the fused trajectory yields a first-passage distribution with median
137.9 months, skewness 0.24, and 95% interval (132.8, 143.9) months, strictly inside the
geometric interval (125.4, 151.4) months. The geometric construction reads the band edges
as if they could be attained simultaneously and is therefore conservative, in the opera-
tionally safe direction; the sampled interval is reported as the refined alternative, and a full
stochastic-process treatment of the crossing density is discussed in Section 4.

The Rudder II case is a limit of the present formulation: when both branches are
individually weak, fusion cannot recover information that neither branch carries. Section 4
returns to these limits in the context of avenues for further work.

4. Discussion
The model-form variance ratio of Equation (8) is a diagnostic for the fusion regime,

not merely a variance term. Across the five experimental settings it spans four orders of
magnitude: approximately 11,600 on the torsion bar, 81 and 61 on the two amplifier variants,
2700 on the varying-truth simulation whose ground truths contain a hidden secondary
stage, and 1 on the fixed-truth control where Arrhenius is exact by construction. Figure 10
visualizes this span on a regime-diagnostic axis. The proposed method’s contribution shifts
with the ratio. At a large ratio, it is sharp, population-calibrated uncertainty quantification
on a fallback-to-natural-only point estimate; at a small ratio, it is precision-weighted
point-estimate fusion in the classical sense. A reliability engineer can read the ratio from
the training data alone and predict whether fusion will improve point accuracy or only
calibration, before any held-out evaluation.

The variance decomposition σ2
a (t) in Equation (5), on its own, under-weights

the model-form error that dominates long-distance Arrhenius extrapolation; the OLS-
propagated component captures only the sampling uncertainty in the Arrhenius coeffi-
cients. Adding the model-form variance of Equation (6) turns the variance term into an
empirical reality check on the accelerated branch, by treating natural-storage residuals
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against the accelerated prediction as a direct measurement of accelerated-branch error
at the operating temperature. The torsion case now identifies the physical origin of that
error. The AICc selection finds a secondary relaxation stage worth 0.48 N·m of torque
loss per year, consistent with grain-boundary sliding and secondary creep; over the 144 h
accelerated window, this stage contributes below the accelerated noise floor and is struc-
turally invisible to the per-temperature regression, yet at decade horizons it dominates
the trajectory. The accelerated branch is therefore not poorly fitted but probing the wrong
regime: its window can only see primary kinetics, and ρ̄ ≫ 1 is the quantitative signature
of the hidden stage. The varying-truth simulation confirms this reading by construction,
with a median ratio of 2700 when a secondary stage is present against 0.97 when it is
absent. This is the mechanism that produces the safe-fallback behavior visible in Figures 3
and 4, where the proposed method recovers the natural-only trajectory while the four
fusion baselines are pulled by the biased accelerated prediction. For test-program design,
the same diagnostic could flag accelerated-branch unreliability before fusion, motivating
longer accelerated windows or intermediate test temperatures that make the secondary
stage identifiable. We caution that the model-form variance is informative about which
branch the fusion should trust, not an independent measure of true accelerated-branch
accuracy. The natural-storage residuals are themselves the reference, so the term cannot
detect misspecification that is symmetric across both branches.

(a) Regime diagnostic. (b) Cross-case synthesis.

Figure 10. Regime diagram synthesizing the case studies on the model-form variance-ratio axis.
Panel (a): The five experimental settings span ρ̄ over four orders of magnitude, from ≈1 (fixed-truth
simulation, Arrhenius exact by construction) through ≈61 and ≈81 (the two amplifier variants) and
≈2700 (varying-truth simulation, hidden secondary stage), to ≈11,600 (torsion bar, severe Arrhenius
misspecification at room temperature). Panel (b): On each case, the proposed method keeps the
held-out RMSE ratio to natural-only at or below about 1.2 (blue bars; below 1 on the torsion case),
while the horizon-end natural-branch weight αn (purple bars) follows the regime that ρ̄ predicts,
rising toward unity as misspecification grows. The figure synthesizes the headline Discussion insight:
ρ̄, computed from training data alone, is the single number that predicts which regime fusion will
deliver on a new case.

Under the split-conformal construction, validity is guaranteed for every method,
and Table 2 shows what each pays for it: the proposed method attains the nominal level
with a conformal quantile of q = 1.01 and a 0.071 N·m band, while the scalar-weight
baselines need quantiles up to 38.7 and bands up to 14.0 N·m. A quantile near unity means
the fused σ̂(t) was already population-calibrated before the conformal step touched it.
The mechanism is the structure of Equations (7) and (11): the additive model-form term
makes the fused variance largest exactly where the accelerated branch is least trustwor-
thy, which is the structure a calibrated band requires, and which scalar weights cannot
reproduce because they are constants independent of where in time the branches dis-
agree. For reliability decision-making, the conformal guarantee lets engineers use the
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lower endpoint Tlo
f as a maintenance-scheduling threshold with a stated finite-sample error

rate, rather than treating the nominal level as aspirational. The guarantee is relative to
the calibration population: coverage transfers to a new case to the extent that the case is
exchangeable with the population, which is the assumption that Section 3.5 makes explicit.

The cross-case pattern, summarized in Figure 10, is consistent: the proposed method
matches or slightly improves on the natural-only baseline in terms of point accuracy
while being the only fusion strategy whose interval is simultaneously valid and sharp.
Existing fusion methods cannot achieve either simultaneously because their scalar weights
conflate within-branch noise, sampling error, and model-form disagreement into a single
residual variance. The proposed method’s structural advance is the separation of these
three sources, which is what enables the mechanism-aware mean, the time-varying weight,
and the calibrated band at once. The implication for multi-fidelity storage fusion is that
the relevant design question concerns what the weight should depend on at each time and
what variance that dependence implies, rather than what scalar weight summarizes the
relative trust between branches.

The proposed method aligns with the relative-entropy weighting of [13] and the
Bayesian-calibration-factor framework of [14] on the goal of combining natural and acceler-
ated data into a single posterior on degradation. The agreement ends at the mechanism of
weighting. Relative-entropy methods compute a single scalar weight from the divergence
between source predictions on the training grid and apply it globally. This is the most direct
point of disagreement. Such weights cannot reflect the time-varying mismatch between
the accelerated branch’s nominal precision and its actual at-room-temperature accuracy.
The Bayesian-calibration-factor approach is closer in spirit to the present work, in that it
calibrates the accelerated prediction against natural-storage data. The difference is that the
BCF calibration enters as a posterior on a mean shift, rather than as an inflation of the pre-
dictive variance. This distinction matters for uncertainty quantification specifically. A mean
shift cannot widen the predictive band at the points where Arrhenius is least trustworthy,
so the resulting nominal variance is far from calibrated, and the conformal step must stretch
it by a factor of 6.2 on the varying-truth population, against 1.01 for the proposed method.
None of the prior fusion approaches—scalar-weight or Bayesian—includes a finite-sample
validity layer; the split-conformal construction adopted here supplies that layer to any of
them, which is precisely what makes band sharpness, rather than nominal coverage claims,
the fair comparison. Multi-fidelity Gaussian-process methods in adjacent fields, such as the
surrogate-based aerodynamic optimization work of [22] and the multi-fidelity Hamilton–
Kriging model of [23], use precision-weighted fusion ideas that are mathematically related
to the present work. In those settings, the low-fidelity source is a coarser simulator rather
than an extrapolated Arrhenius model, and the source of model-form error is qualitatively
different. The additive model-form variance in the present work is the structural addition
that adapts the multi-fidelity precision-weighting idea to the storage-data setting, where
extrapolation distance dominates; the present framework is regression-based throughout
and claims no kernel Gaussian-process machinery.

Six specific limitations bound the present work: First, the method assumes a single
dominant mechanism per case, with the nested family covering only that mechanism’s
primary and secondary stages; the per-temperature regression cannot represent failures in
which the dominant degradation mode itself changes at high test temperatures, and the
model-form variance would catch the symptom as an inflated residual without offering a
mechanism-discovery procedure. Second, single-trajectory extrapolation has a finite honest
horizon: the window-sensitivity study shows the Gaussian-reference coverage falling to
12.5% when the held-out window reaches two thirds of the training window, because the
secondary-stage slope identified from the shortened window under-predicts the later
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curvature. The band is honest rather than inflated, and the decay is the visible price; validity
claims are therefore made at the population level. Third, the conformal guarantee is relative
to its calibration population: transfer to a new field case assumes exchangeability with that
population, and the simulated population, however varied, is a model of the field rather
than the field itself. When fleet data from multiple stored components become available,
the same construction calibrates directly on real profiles. Fourth, the model-form variance
uses natural-training residuals as the reference for accelerated-branch error and, therefore,
cannot detect misspecifications that are symmetric across both branches; independent
residuals from leave-one-temperature-out cross-validation would be a stronger diagnostic
and are a planned extension. Fifth, the first-passage interval is a band-crossing construction;
the sampled-trajectory cross-check shows it to be conservative relative to the parameter-
uncertainty first-passage distribution, and a full stochastic-process treatment, modeling
the crossing density of a Wiener or gamma degradation process with path-dependent
correlation, remains an avenue for future work. Sixth, the delta-method propagation
underestimates the sampled standard deviation of B̂op by a factor of 1.6 and misses its right
skew; on the present cases, this is immaterial because the model-form variance dominates
by orders of magnitude, but in low-ρ̄ regimes the sampling-based propagation quantified
in Section 3.5 should replace the delta step.

The variance-decomposition and model-form-variance concepts generalize beyond
Arrhenius storage to any multi-fidelity setting where a high-fidelity but data-poor source
and a low-fidelity but data-rich source are combined and the low-fidelity source carries time-
varying model-form error. For practitioners, the ratio ρ̄ identified in D1 is a one-number
diagnostic that can accompany any storage-fusion analysis without changing the existing
reliability-engineering workflow, and the conformal layer can be added to any existing
fusion pipeline to convert nominal intervals into guaranteed ones. Several extensions follow
from the present results. A multi-mechanism extension of the per-temperature regression
would relax the single-mechanism assumption; a stochastic-process first-passage model
would replace the band-crossing construction; and conformal calibration on real fleet
populations would replace the simulated calibration set as such data accumulate. Section 5
returns to these as the concluding statement.

5. Conclusions
The reliability of aerospace dormant components is increasingly inferred from a fu-

sion of natural-storage and accelerated-storage data. Existing fusion methods, however,
are pulled away from natural-storage observations whenever the underlying Arrhenius
extrapolation is misspecified at the operating temperature. This paper presents an em-
pirically calibrated multi-fidelity fusion that selects a mechanism-specific natural-branch
model by AICc; decomposes the accelerated-branch variance into intrinsic, sampling,
and model-form components, with the last fitted additively from natural-storage resid-
uals; and calibrates the fused band by split-conformal prediction. Three findings were
established: First, the mechanism-specific selection and the additive model-form variance
together produced safe-fallback behavior on the two real case studies. On the torsion
bar, AICc decisively identified a secondary relaxation stage invisible to the accelerated
window, and the held-out RMSE was 0.045 N·m for the proposed method against 0.052 N·m
for natural-only, while the four alternative fusion methods produced values from 2.8 to
126 times larger across the two cases; the fused mean crossed the failure threshold at
11.5 years, with a band-crossing interval of 10.4 to 12.6 years. Second, on a 1000-run
varying-truth Monte Carlo population with disjoint calibration and test halves, the con-
formally calibrated band attained 95.5% out-of-sample trajectory coverage, as guaranteed,
at a mean width of 0.071 N·m, 97 to 196 times narrower than the other fusion strategies
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at the same level, with a conformal quantile of 1.01, indicating that the fused variance
was already population-calibrated. Third, the model-form variance ratio acted as a single-
number diagnostic for the fusion regime, spanning four orders of magnitude from ≈ 1
where Arrhenius is exact to ≈ 11,600 on the torsion bar. The ratio identifies in advance
whether the proposed method’s contribution is calibrated uncertainty on a fallback es-
timate, or precision-weighted point-estimate fusion. The transferable insight is that a
mechanism-aware mean family plus an additive model-form variance lets a multi-fidelity
fusion detect its own misspecification, turning the fusion weight into a falsifiable engineer-
ing diagnostic with a validity layer that any fusion pipeline can adopt. The framework
is limited to single-mechanism regimes, population-relative conformal guarantees, and a
band-crossing first-passage construction. Three immediate extensions are natural next steps:
a multi-mechanism per-temperature regression, a stochastic-process first-passage model
with path-dependent correlation, and conformal calibration on real fleet populations as
such data accumulate.
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Abbreviations
The following abbreviations and mathematical symbols are used in this manuscript:

Acronyms.
ADT Accelerated degradation testing
BCF Bayesian calibration factor
CI Credible interval
FPT First-passage time
GP Gaussian process
KL Kullback–Leibler (divergence)
MC Monte Carlo
AICc Corrected Akaike information criterion
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OLS Ordinary least squares
RMSE Root-mean-square error
RUL Remaining useful life
SCP Split-conformal prediction
WLS Weighted least squares
Mathematical symbols.
α Significance level of the credible interval (0.05 for a 95% CI)
αn(t) Time-varying natural-branch fusion weight
A(T), B(T) Per-temperature degradation-model coefficients
Ea Arrhenius activation energy (eV)
K Number of accelerated-storage test temperatures
P(t) Degradation parameter at storage time t
P0 Initial value of the degradation parameter
Pfail Failure threshold on P(t)
R Universal gas constant
r(t) Natural-storage residual against the accelerated prediction
Top Operating temperature
Tk k-th accelerated-storage test temperature, Tk > Top

Tf First-passage time, inf{t : P(t) ≤ Pfail}
Tlo

f , Thi
f Lower/upper endpoints of the credible interval on Tf

ϕ(t) Family-specific time profile (ln t stress relaxation; t linear drift)
σ2

intrinsic Pooled intrinsic noise variance of the accelerated branch
σ2

extrap,OLS(t) OLS-propagated extrapolation-variance component

σ2
MF(t) Additive empirical model-form variance

ρ̄ Mean model-form-to-OLS variance ratio (regime diagnostic)
q Split-conformal calibration quantile
σ2

a (t) Accelerated-branch predictive variance at Top

P̂(t) Fused trajectory at Top

σ̂2(t) Fused predictive variance at Top

Y(n) Natural-storage data vector
Y(a,k) Accelerated-storage data vector at temperature Tk
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