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System-Level Prognostics (SLP) is essential for mission success, as it aims to predict the Remaining Useful Life
(RUL) of an entire component rather than of its smaller structural subsystems, referred to here as coupons. Unlike
coupon-level prognostics, SLP must capture degradation interactions among coupons while quantifying inherent
uncertainties. Component-scale failure data are costly to obtain, and existing methods often rely on oversimplified
assumptions or computationally intensive simulations. To address these challenges, this paper introduces the RUL
Inoperabilities Model (RIM), a probabilistic framework inspired by the Inoperability Input-Output Model (IIM)
that operates directly on coupon-level RUL predictions. The RIM is prognostic-model agnostic, interpretable, and
data-efficient, requiring only coupon-level data to train base predictors and a single component-level degradation
history for adaptation. By propagating probabilistic coupon predictions to the component level, RIM enables
uncertainty-aware SLP. The method is validated on a three-coupon aluminum component using two different
base predictors, Hidden Semi-Markov Model (HSMM) and physics-guided Particle Filter (PF), both trained only
on single-coupon data, and consistently improves component-level RUL accuracy and uncertainty quantification

over a naive baseline.

1. Introduction

Prognostics provide critical information for operational decision-
making and are essential for ensuring the successful completion of as-
signed missions [1]. At the system level, this information is typically
expressed in terms of the System Remaining Useful Life (SRUL), which
supports decisions related to mission continuation, maintenance
scheduling, and risk mitigation. Because predictions of future behavior
are inherently uncertain, SRUL should be treated as a random variable
rather than a deterministic quantity [2]. Inaccurate SRUL predictions
can result in premature mission aborts or unexpected failures, both of
which carry significant operational and safety consequences [3].

System-level prognostics (SLP) aims to predict the SRUL of a com-
plete system by accounting for the interactions among its constituent
subsystems, rather than treating each subsystem’s Remaining Useful Life
(RUL) in isolation. While this distinction is well recognized in the Prog-
nostics and Health Management (PHM) community, the development of
accurate and uncertainty-aware SLP methods remains a challenging and
comparatively underexplored problem [3,4].

In aerospace applications, the system of interest is often the structure
itself. Structural components connect all subsystems and frequently play
a decisive role in determining whether a mission can continue safely.
However, collecting structure-level degradation or failure data is rarely
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feasible due to cost, time, and safety constraints [5]. For instance, in
civil aviation certification, only two full-scale structural tests are typi-
cally conducted: one quasi-static test and one fatigue test. As a result,
structure-level prognostic models must often be developed under ex-
treme data scarcity.

This limitation motivates approaches that can be trained using lower-
scale experiments, such as coupon or element tests, while still producing
reliable and uncertainty-aware predictions at the structural level. Bridg-
ing this scale gap is a central challenge for SLP in aerospace structures.

Existing prognostic approaches in PHM are commonly classified
as model-based, data-driven, or hybrid methods [3]. Model-based ap-
proaches rely on physics-based degradation models and offer inter-
pretability, but they require detailed system knowledge and parame-
ter identification. Data-driven approaches are often more attractive for
aerospace structures, where the complex behavior of composite mate-
rials and assemblies makes accurate physics-based modeling difficult.
Hybrid approaches combine physics-based and data-driven elements to
improve robustness and generalization.

Most existing PHM studies, however, focus on small-scale speci-
mens such as composite coupons, which limits their direct applicabil-
ity to full aerospace structures [5]. The building block approach ad-
dresses this issue by validating models at progressively increasing lev-
els of structural complexity, from coupons to elements, subcomponents,
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Fig. 1. Schematic representation of a PHM approach based on the building
block approach inspired by [5].

and finally full structures, as illustrated in Fig. 1. For consistency with
structural engineering terminology, the remainder of this paper uses
the term coupon in place of subsystem and component in place of
system.

Many existing SLP methods model a component either as a collec-
tion of independent coupons or as a black box driven solely by input-
output data [3,4]. While computationally efficient, these approaches
typically require large datasets and fail to capture interdependencies
among coupons. Other methods assume that component failure occurs
when the weakest coupon fails, which oversimplifies structural behav-
ior, or impose predefined functional forms to represent coupon correla-
tions, such as power-law relationships [6].

More comprehensive approaches explicitly model degradation inter-
actions among subsystems, including physics-based formulations [7],
ensemble learning methods [8], particle filtering techniques [7,9],
agent-based models [10], Bayesian networks [11], and graph convo-
lutional networks [12,13]. The Bayesian network-based approach pro-
posed by Wang et al.[11], however, was primarily developed for risk
assessment and fault diagnosis rather than for SRUL prognostics. Graph-
based methods have also been proposed to capture subsystem interac-
tions; for instance, Ifeanyi and Coble[13] employ simulated and nor-
malized degradation data, resulting in a large number of degradation
histories. Although compared against other deep learning techniques,
the reported gains in predictive accuracy are limited, and uncertainty
quantification is not addressed. Notably, two recent literature reviews
on SLP [3,4] identify few studies proposing graph-based or Bayesian net-
work models, indicating that such approaches remain underexplored in
prognostics.

Overall, while these methods are powerful, they are often compu-
tationally demanding, data-intensive, and difficult to interpret, limit-
ing their practical applicability in aerospace systems where component-
level degradation data are scarce.

Nguyen et al. [14] note that SLP is itself rarely addressed in the lit-
erature and that explicit treatment of uncertainty within SLP is even
less common. Although their proposed framework produces probabilis-
tic SRUL estimates, it is demonstrated only for components composed
of multiple independent coupons, which restricts its applicability to
structural components where interdependencies among coupons are in-
trinsic. Similarly, Liu and Zio [15] obtain a probabilistic SRUL using a
Bayesian framework combined with parallel Monte Carlo simulations.
While their results are promising, a key assumption is that the depen-
dency relationships between subsystems are known a priori and pro-
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vided as input to the framework, which limits its applicability in prac-
tical structural prognostics.

An alternative framework that offers interpretability while explicitly
representing interdependencies is the Inoperability Input-Output Model
(IIM), originally developed in economics [16] and later adapted for en-
gineering systems [17,18]. The IIM models interactions among system
elements through a component matrix and requires relatively limited
data. It is transparent, computationally efficient, and can be updated
online as new information becomes available.

However, several limitations prevent the direct application of the
IIM to aerospace SLP. First, it relies on inoperability measures that must
be derived from physics-based degradation models, which are often un-
available or unreliable for complex aerospace structures. Second, it is
not prognostic-model agnostic, as it assumes the existence of explicit
degradation models rather than allowing arbitrary coupon-level predic-
tors. Third, uncertainty propagation from coupon-level predictions to
the SRUL is not addressed, despite its critical importance for decision-
making.

To address these limitations, this paper introduces the RUL Inop-
erabilities Model (RIM), a novel probabilistic framework inspired by
the principles of the IIM that operates directly on coupon-level RUL
predictions. The RIM is prognostic-model agnostic and eliminates the
need to predefine coupon interaction mechanisms. By propagating the
probabilistic outputs of coupon-level predictors to the component level,
the RIM enables uncertainty-aware SRUL estimation using only coupon-
level training data and limited component-level degradation history.
The proposed methodology is validated through a realistic case study
involving non-linear coupon interdependencies, demonstrating its po-
tential as a scalable, interpretable, and data-efficient solution for system-
level prognostics of aerospace structures.

The contributions of this paper are as follows:

1. Anovel and interpretable system-level prognostics framework (RIM)
that models interdependencies among structural coupons while op-
erating directly on coupon-level RUL predictions.

2. A probabilistic and prognostic-model-agnostic formulation that ex-
plicitly propagates uncertainty from the coupon level to obtain
uncertainty-aware SRUL estimates.

3. Experimental validation on a structural case study demonstrating the
scalability and suitability of the proposed approach for aerospace
structures where component-level degradation data are scarce.

The remainder of this paper is organized as follows. Section 2
presents the methodology for implementing the RIM, including both
offline training and online updating, and describes how uncertainty is
propagated from the coupon level to the system level. Section 3 intro-
duces the case study used to validate the proposed approach. The in-
house experimental campaign is detailed, and coupon-level RUL predic-
tions obtained using two distinct base prognostic models are presented
to demonstrate the prognostic-model-agnostic nature of the RIM. The
resulting system-level predictions are then evaluated in terms of both
accuracy and uncertainty quantification. Finally, conclusions are pre-
sented in Section 4.

2. Methodology

The RUL Inoperabilities Model (RIM) proposed in this paper is de-
signed to be broadly applicable to any engineering system that can be
represented as a collection of subsystems. Since this study focuses on
structures, the term coupon is used to denote a subsystem, while the
term component refers to the overall system.

RIM extends on the Inoperability Input-Output Model (IIM) through
several key adaptations. Most importantly, RIM is prognostic model-
agnostic, as it directly uses coupon-level RUL predictions as inputs. The
prognostic model applied at the coupon level is referred to as the base
predictor. To demonstrate that RIM performs consistently regardless of
the prognostic approach, two different base predictors are employed
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Fig. 3. Flowchart of the adapted RIMs online and offline workings.

in this study. The first is a Hidden Semi-Markov Model (HSMM) [19],
which represents a data-driven method and is described in Section 3.2.1.
The second is a physics-guided Particle Filter (PF), which exemplifies a
model-based approach and is detailed in Section 3.2.2. Both base predic-
tors are trained on data at the coupon level (not at the scale of interest).
During testing, the models developed at the coupon scale are used to
estimate the RUL at the component scale (the scale of interest).

The RIM framework, together with its training methodology, is pre-
sented in Section 2.1. An overview of the complete SLP framework, from
coupon-level data to system-level RUL (SRUL) prediction, is shown in
Fig. 2. In the Figure, C,,...,C,, denote the condition monitoring (CM)
data collected from the component coupons. The base predictors, previ-
ously trained on coupon data, are applied to these measurements dur-
ing operation to produce the coupon-level RUL predictions, expressed as
RUL(y, ..., RUL(,. At each timestep ¢, these predictions are transformed
by the RIM into adapted RULs, denoted as RUL , ... ,RUL,,, which ac-
count for interdependencies among the coupons. Finally, the SRUL can
then be derived from the adapted RULs in a manner consistent with
the components behavior. Depending on the application, the operator
f(-) could correspond to the minimum, maximum, mean, or any other
operator deemed appropriate.

2.1. RUL inoperabilities model (RIM)

In this work, the RIM model is developed so it can be used with any
type of prognostic model as a base predictor and quantify RUL uncer-
tainty at the component level. The RIM operates in two stages: an offline
training phase and an online testing phase. A schematic overview of the
process is provided in Fig. 3.

In the offline (training) phase of the RIM, base prognostic predic-
tors estimate the RUL for each coupon, denoted collectively as RUL (1),
which represents the set RUL (), RULq»(?), ..., RUL, (). These predic-
tions, along with an initial estimate of the interdependency matrix A,,;,,
are used to construct the initial RIM model. The matrix A, is learned
using a training dataset composed of RUL predictions generated by the
base predictors across the coupons of the full component.

It is important to note that the base predictors are trained on coupon
data and are not exposed to component-level data during their train-
ing. As a result, the dataset used to estimate Ag;,. reflects how in-
dependently trained coupon-level models behave when applied to full-
component data.

In the online (testing) phase, the model operates in real time,
continuously receiving updated RUL(r) predictions for each coupon.
These are transformed into adjusted predictions, denoted collectively as
RUL,(v), via the interdependency matrix A, where RUL,(¢) represents
the set of adjusted RULs across all coupons.

A key feature of the online phase is adaptive training: if the devi-
ation 6 = |RUL,(r) — RUL,(0)| exceeds a threshold Tol, the matrix A is
updated to reflect the component’s evolving behavior. The final SRUL
is then computed by using an aggregation operator, f(-), on the vector
RUL,, (1)

2.1.1. Mathematical formulation
The original IIM formulation from [17] is given by:
g0 =x@) - [A-q@ -1 +c@)], @

where ¢(t) represents the vector of component-wide inoperabili-
ties, x(f) captures environmental effects, and c(r) denotes internal
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inoperabilities. For application to aerospace structures, two modifica-
tions are made:

1. The environmental factor x(¢) is excluded due to the complexity of
modeling dynamic flight environments and the lack of representative
environmental datasets.

2. Instead of inoperabilities, the model operates directly on the pre-
dicted RULs.

A key aspect of component degradation is that the condition of one
coupon often affects the degradation of others. This interdependency
motivates the creation of the relative degradation term, z(¢), which al-
lows the model to account for interactions between coupons while leav-
ing the explicit quantification of these interactions to the A-matrix.

Therefore, the proposed RIM is defined as:

RUL (1) = RUL(1)o(A - z(1)) + RUL (1), 2

where o denotes the Hadamard (element-wise) product. The adapted
RUL, RUL (1), modifies the coupon RUL, RUL(?), to account for in-
terdependencies among coupons encoded in the matrix A. The term
RUL((7)o(A - z(1)) provides a correction that is added to the baseline
RUL, where A -z(¢) acts as a multiplicative factor modulating each
coupon’s adjustment based on the relative states of all coupons. The
vector z(t) encodes the relative degradation of the coupons:
z(t) = % 3
+ XL RULY, .
Each element of z(r) reflects how an individual coupon’s degradation
compares to the component average. Values greater than one indicate
better-than-average condition, while values below one indicate acceler-
ated degradation. Through the matrix multiplication A - z(¢), the relative
states of all coupons influence each coupon’s adjusted RUL according to
their interdependencies.

2.1.2. Gradient descent for matrix training
The matrix A is the only trainable parameter in the model and is
learned using gradient descent (GD). Two GD variants are used:

¢ Batch GD during offline training for stable convergence.
e Stochastic GD during online training for faster and more responsive
updates.

The model is trained using the Mean Squared Error (MSE) loss:

N
1 . . 2
LRUL (). RULyye) = - 3, (RUL(/;)(t) - RULi’r{le) . )

i=1

The gradient of the loss for each matrix entry g;; is:

9L _ 2 0] 0] 0] j
S= = = -RULY - (RULY —RUL{,, ) -z, (5)
ij

The matrix update rule is:

new _ _prev._ o %
d4ij = a4y da;;’ ©)

where A is the learning rate.

2.1.3. Offline phase

In the offline phase, true RUL values are available as labels. The
matrix Ay, is zero-initialized to reflect the absence of prior knowl-
edge regarding interactions between coupons. The matrix is then up-
dated iteratively using batch GD. Owing to noise and gradient averag-
ing effects inherent to batch optimization, convergence-based stopping
criteria are unreliable. Consequently, a fixed number of training itera-
tions is adopted, empirically selected via cross-validation on the training
datasets.

Results in Engineering 31 (2026) 111321

2.1.4. Online phase

Since true RUL values are unavailable during online training, an al-
ternative labeling method is required. This approach compares past pre-
dictions to the current RUL(?) using a timestep difference k, enabling
the model to learn changes over extended intervals. To minimize com-
putational overhead during operation, continuous retraining is avoided.
Instead, training is triggered only when the prediction error at the last
update exceeds a defined threshold. Once triggered, the A matrix is up-
dated via stochastic GD for a fixed number of iterations.

After computing the adapted RULs of each coupon, denoted as
RUL(t) =[RUL 4 (1), ..., RUL,,(1)], the SRUL can be obtained by ag-
gregating these adapted RULs. Formally, the SRUL at time ¢ is defined
as:

SRUL() = f(RUL, (1), )

where f(-) represents an aggregation operator chosen to reflect the be-
havior of the component. Depending on the configuration and safety
requirements, f(-) could correspond to the minimum, maximum, mean,
or another statistic that best captures the components expected failure
behavior. This formulation provides flexibility, allowing the SRUL cal-
culation to be tailored to different applications.

2.1.5. Uncertainty quantification in RIM

Uncertainty quantification is essential in prognostics, since point es-
timates of RUL are insufficient for reliable decision-making [2]. In the
RIM framework, uncertainty present at the coupon level is propagated
to the SRUL through a sampling-based approach.

At each time step, M samples are drawn from the probability dis-
tribution functions (PDFs) provided by the base prognostic models for
each coupon. These PDFs represent the uncertainty captured by the base
predictors. In principle, they may include both aleatoric and epistemic
uncertainty, though in practice, base predictors often capture only part
of this uncertainty. A stratified sampling strategy [20] is used to ensure
adequate coverage of the distributions while controlling computational
cost.

Each sample consists of one RUL value per coupon, forming a com-
plete input tuple:

Sample,, = (RUL(C'")(t), RUL

m) (m)
) ®.....RULD®) ), ®)

(
2
where m = 1,2,..., M and n is the number of components.

For each sample, Eq. 2 is applied to compute the corresponding ad-
justed RUL vector RUL(A’”)(t). From this, the SRUL is derived by applying
an aggregation operator (analogous to Eq. 7):

SRUL™ (1) = £ (RULY()). ©

Repeating this procedure across all M samples yields an empirical
probability distribution of the SRUL at time ¢. This distribution captures
the propagated uncertainty from the coupon-level models, providing
both a mean estimate and confidence intervals for the SRUL.

It should be noted that this procedure propagates only the uncer-
tainties encoded in the coupon-level RUL distributions. Uncertainties
related to the learned interdependency matrix A or to the structural as-
sumptions of the RIM itself are not explicitly represented.

3. Case study

The RIM is evaluated using a conceptual aerospace component com-
posed of three interconnected open-hole rectangular coupons. Model
training begins with single-coupon fatigue data, then extends to the
multi-coupon component to assess the RIMs ability to predict the RUL of
higher-level components from lower-level coupons. These components
were subjected to fatigue testing under conditions similar to those used
in single-coupon tests, and the same type of CM data was collected dur-
ing operation.
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(a) Single open-hole coupon.
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(b) Component.

Fig. 4. Coupon and component composed of 3 interconnected open-hole coupons.
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Fig. 5. Loading diagram of the programmed cycles of the fatigue machine.

3.1. Experimental campaign

To apply the proposed RIM approach in a realistic setting, a suitable
experiment was chosen. Fatigue data from aluminum single open-hole
coupons (Fig. 4a) formed the training set, while testing was performed
on components composed of 3 single interconnected open-hole coupons
(Fig. 4b).

All components were fabricated from 7075-T6 aluminum with a
thickness of 2 mm. To reduce fatigue life, small notches were introduced
around the holes, following the same approach as in the single-coupon
configuration. Fatigue tests were conducted using an MTS machine with
a 60 kN maximum load capacity.

CM data was obtained using Digital Image Correlation (DIC) to
track the surface strain field during operation. In structural applications,
strain serves as a reliable health indicator, as it directly correlates with
stiffness degradation.

Single open-hole coupons were tested under constant-amplitude fa-
tigue loading with a load ratio of 0.1, an amplitude of 9kN, and a fre-
quency of 5 Hz. In the case of the component tests, since each compo-
nent consisted of three such coupons, the load amplitude was increased
to 27 kN while maintaining the same load ratio and frequency. After
250 fatigue cycles, a ramp-up to the maximum load was applied and
held for five seconds to allow image capture, which was used for strain
calculations from the DIC. The loading process is shown in Fig. 5.

Axial strain data obtained from DIC were used for CM (see Fig. 6).
The strain values were averaged per coupon for each frame, and trun-
cated to include only the degradation phase (from crack initiation to
failure). To prevent overestimation, strain values above the materials

yield strain (0.007) were clipped. A zero-offset correction was applied
by subtracting the initial strain value, providing a consistent undegraded
baseline across all samples.

The training process was performed at a coupon scale rather than
at a component level, using strain data from four open-hole rectangular
coupons and a single component test. Fig. 7 illustrates the processed
strain histories used for training the base predictions and validation of
the RIM. In subfigure 7a, the data from the single open-hole specimens
is presented, which is used to train the base predictors. Subfigure 7b
shows the train component strain evolution, which served as the basis
for training the RIM model. The remaining subfigures (7c-7f) display
the test components. These test components were used to evaluate the
system-level prognostic performance.

3.2. Base predictors

By using the data from single open-hole coupons, the base predic-
tors were trained. As mentioned earlier, two predictors are considered
to demonstrate how the RIM framework can generate SRUL predictions
independently of the base prognostic model. A data-driven approach is
represented by the Hidden Semi-Markov Model (HSMM), while a model-
based approach is implemented through a Particle Filter with an expo-
nential degradation model. Both base predictors were trained on degra-
dation histories obtained from four open-hole coupons.

3.2.1. Hidden semi-Markov model (HSMM)

The Hidden Semi-Markov Model (HSMM) [19] extends the classical
Hidden Markov Model (HMM) [21] by explicitly modeling the dura-
tion that an asset remains in each hidden state. This feature makes the
HSMM particularly suitable for degradation processes, where transitions
between degradation states progress gradually rather than at every ob-
servation step.

In this framework, the HSMM jointly describes (i) the probabilis-
tic transitions between hidden degradation states, (ii) the distribution
of observations associated with each state, and (iii) the distribution of
state durations. Together, these parameters allow the model to capture
realistic degradation trajectories and to infer the underlying state se-
quence from observed data. Once trained, the model can be used for
three tasks: evaluating sequence likelihoods, decoding the most proba-
ble state sequence, and estimating model parameters from degradation
histories.

For prognostics, three simplifying assumptions are applied. First, the
asset always begins in the “healthy” initial state. Second, degradation
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Fig. 7. Strain data for single open-hole coupons, train component, and five test components.

progresses monotonically through left-to-right transitions into neighbor-
ing states. Third, the final failure state is absorbing and directly observ-
able. Under these assumptions, the Viterbi algorithm can track degra-
dation in real time, and RUL is predicted based on the inferred health
state and its expected duration.

The HSMM is chosen as the data-driven base predictor because of the
demonstrated success of HMM-based approaches in the literature, where

stochastic models have shown strong capability in predicting the RUL
of engineering systems by effectively modeling degradation dynamics
[2,22-27]. Specifically, the HSMM performs reliably with limited train-
ing data and, due to its probabilistic nature, quantifies aleatoric uncer-
tainty in RUL predictions. These qualities make the HSMM a strong and
well-motivated representative of data-driven prognostics within the RIM
framework.
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3.2.2. Physics-guided particle filter

The physics-guided Particle Filter (PF) combines a parametric expo-
nential degradation model with Bayesian filtering to predict RUL. An
exponential model is used because strain-cycle data in aluminum alloys
have been shown to follow an exponential trend [28].

The strain evolution of each coupon is described by a three-
parameter exponential function:

e(N)=¢y- e +e, (10)

where N is the number of load cycles, ¢ is the initial strain amplitude,
p is the degradation rate, and ¢, is the asymptotic strain. Parameters
(ep, B, €,,) are estimated from training data using nonlinear least-squares
fitting. The mean and standard deviation of these estimates define log-
normal priors for PF initialization, ensuring all parameters remain phys-
ically meaningful.

The PF is initialized with 5000 particles, each representing a can-
didate parameter set with equal weight. At each observation cycle,
the predicted strain of each particle is compared with the measured
strain, and particle weights are updated assuming Gaussian measure-
ment noise (o = 5 x 10~*). Systematic resampling is applied whenever
particle weights become too uneven.

For RUL prediction, each particle is propagated forward until the
predicted strain reaches the failure threshold. The difference between
this predicted failure cycle and the current cycle gives a particle-specific
RUL. The collection of RULs forms a posterior distribution, from which
the mean and confidence intervals (5th and 95th percentiles) provide
point estimates and uncertainty bounds.

The PF is used as the model-based base predictor because it com-
bines a physically meaningful degradation model with Bayesian filter-
ing, which helps capture and manage uncertainty. In addition, PFs have
been applied in physics-guided prognostic frameworks using different
degradation models across a range of applications [29,30].

3.3. RIM results

Having been established with two base RUL predictors, the RIMs
ability to adapt coupon-level RUL predictions to SRUL predictions is
evaluated. Two RIM configurations are considered: one with the HSMM
(3.3.1) and another with the physics-guided PF (3.3.2). Both predictors
were trained on four single open-hole coupons.

For offline training, data from one component were used, while the
remaining four components were reserved for testing. This setup reflects
realistic conditions in large aerospace structures, where typically only
one component at the relevant scale can be tested to failure due to cost
and experimental constraints.

Within the RIM framework, the operator f(-) is chosen as max() be-
cause the case study involves a parallel component configuration. This
corresponds to the assumption that the system fails when the last coupon
reaches failure.

To provide a baseline for comparison, a method called “Naive Sys-
tem RUL” (Naive SRUL) was implemented. This method computes the
system RUL as the maximum of the coupon-level RULs at each time step,
representing a simple but intuitive approach for parallel structures. For
each RIM configuration (HSMM-based and PF-based), performance is
compared with the Naive SRUL in terms of RMSE (mean prediction er-
ror), CRPS [31], coverage [2], and Normalized Mean Prediction Interval
Width (NMPIW) [32].

The CRPS jointly accounts for prediction accuracy and uncertainty
and is therefore regarded as a more comprehensive metric for assess-
ing probabilistic models [33]. The coverage metric quantifies the pro-
portion of true system RUL values that fall within the predicted con-
fidence bounds, reflecting the reliability of the uncertainty estimates.
Finally, the NMPIW measures the normalized width of the prediction
intervals, enabling a fair comparison of uncertainty sharpness across
different models.
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Fig. 8. Coupon level prediction using HSMM for test coupon 5.
Table 1

Hyperparameters for the offline and online phase of
the RIM using HSMM as base predictor.

Type Learning rate  Iterations  Batch  k
Offline  1le-7 2000 True
Online le-5 100 True 3

3.3.1. RIM with HSMM as base predictor

The HSMM was trained using degradation histories obtained from
four single open-hole coupons (Subfigure 7a). The model was imple-
mented in Python using the HiMAP library [34]. The number of hid-
den states was determined by evaluating candidate models using the
Bayesian Information Criterion (BIC) [35], which selected four hidden
states as optimal.

The trained HSMM was then used to predict RUL at the coupon level
within each component. Taking the ground-truth as the coupon RUL, the
average RMSE across 15 coupons (from 5 components) was 7.5 kcycles.
Overall, the HSMM provided smooth and stable RUL trajectories with
relatively low error, suggesting that it is a robust base predictor for the
RIM. An example of RUL prediction at the coupon level is shown in
Fig. 8.

The selected hyperparameters for both offline and online phases are
summarised in Table 1. The parameter k was set to 3, as larger values
reduce accuracy by making past predictions less representative of the
current degradation state. The learning rate was fixed at 1e-5 to ensure
stable gradient descent and reliable convergence.

Fig. 9 presents coupon-level RUL predictions from the HSMM (dot-
ted lines) alongside the adapted RUL predictions after applying the
RIM formulation (solid lines) for component 1 (Fig. 9a) and component
3 (Fig. 9b). Notably, for coupon 12 (red), the RIM corrects the late-
stage RUL prediction, mitigating overestimation. The results for both
the Naive SRUL and the RIM are shown in Table 2.

The comparison between the RIM and the Naive SRUL approach
across four test components reveals consistent benefits. RMSE values
improved for all components, with a mean reduction from 7.58 to 6.82
keycles.

The CRPS metric, which reflects both accuracy and confidence in
probabilistic predictions, provides further evidence of the RIMs advan-
tage. The mean CRPS decreased from 6.75 to 4.52, confirming that the
RIM not only improves prediction accuracy but also generates better-
calibrated uncertainty bounds.

Table 3 reports the empirical coverage and NMPIW for both the base-
line and the RIM. Overall, the RIM preserves or slightly improves cover-
age while consistently reducing the interval width. The mean coverage
increases marginally from 0.92 to 0.93, indicating that the adaptive cor-
rection does not compromise the reliability of the prediction intervals.
In particular, for component 3, the RIM improves coverage from 0.82
to 0.88, suggesting better alignment between the predicted uncertainty
and the observed degradation behavior.
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Fig. 9. Predicted coupon mean RULs and adapted mean RULs with RIM for each coupon for two components using HSMM as base predictor.

Table 2
RMSE and CRPS for baseline (Naive SRUL) and RIM
across four components using HSMM as base predic-

tor.
Component RMSE [keycles] CRPS
Baseline RIM Baseline RIM
1 5.56 5.45 4.97 4.94
2 8.69 7.87 8.19 3.39
3 9.94 7.84 818 4.76
4 6.15 6.13 5.65 4.98
Mean 7.58 6.82 6.75 4.52
Table 3

Coverage and NMPIW for baseline (Naive SRUL) and
RIM across four components using HSMM as base

predictor.

Coverage NMPIW
Component

Baseline ~ RIM Baseline ~ RIM
1 1.00 1.00 0.46 0.42
2 1.00 1.00 0.77 0.74
3 0.82 0.88  0.70 0.66
4 0.85 0.85 0.46 0.42
Mean 0.92 0.93  0.60 0.56

At the same time, the NMPIW decreases for all components, with
the mean value reducing from 0.60 to 0.56. This indicates that the RIM
yields systematically tighter prediction intervals without sacrificing cov-
erage. For components 1 and 4, the reduction in NMPIW is achieved
while maintaining full or near-constant coverage, highlighting the im-
proved sharpness of the RIM SRUL predictions.

Fig. 10 further illustrates the RIMs improvement in uncertainty mod-
eling. In Component 1 (Fig. 10a), the RIMs is slightly more accurate
than the baseline, its 95 % confidence interval is narrower and better
aligned with the actual failure time. In contrast, the Naive SRUL exhibits
a broader confidence interval and tends to overestimate RUL later in the
test. Such overestimation can be risky in operational settings, as it may
lead to unexpected failures and safety issues.

In Component 3 (Fig. 10b), the RIM outperforms the baseline in both
accuracy and uncertainty. During the first half of the components life-
time, both methods track the ground truth reasonably well. However,
in the second half, the Naive SRUL overestimates RUL and then experi-
ences a sudden drop at failure, whereas the RIM mitigates this overesti-
mation. This result highlights the RIMs strength in preserving accuracy
while avoiding abrupt prediction collapses, which enhances its reliabil-
ity for decision-making.

Table 4
Hyperparameters for the offline and online phase of
the RIM using PF as base predictor.

Type Learning rate  Iterations  Batch  k
Offline  1le-7 2000 True
Online le-5 100 True 3

3.3.2. RIM with physics-guided PF as base predictor

Similar to the HSMM approach, the physics-guided PF was trained
using degradation histories from four single open-hole coupons. The
training data were fitted to an exponential degradation model, yield-
ing mean parameter values of ¢, = 2.016 X 107%, = 0.1631, and ¢, =
0.001409. An example on the PF estimation of the observed strain data
for coupon 5 is shown in Subfigure 11a.

Using the coupon-level RUL as ground truth as reference, the average
RMSE across 15 coupons was 8.01 kcycles. In general, the PF generated
smooth coupon-level RUL trajectories (see Subfigure 11b), but its perfor-
mance was more sensitive to noisy data than the HSMM. In particular,
for some coupons in component 3, the exponential model struggled to
capture late-life degradation, leading to divergence in the final predic-
tions. As a result, some estimates failed to converge near the end of life,
increasing errors (RMSE up to ~11 kcycles). This behavior indicates that
while the PF is effective under stable conditions, it is less robust than
the HSMM when degradation accelerates or sensor data becomes noisy.

The hyperparameters selected for the offline and online phases of
the RIM with the physics-guided PF are summarized in Table 4.

Fig. 12 shows coupon-level RULs and the adapted RULs for compo-
nents 1 and 3. In Component 1, the PF provided relatively stable predic-
tions that the RIM successfully adapted into consistent component-level
estimates. However, in Component 3, the coupon-level PF predictions
became noisy and failed to converge near failure. Under these condi-
tions, the RIM was still able to generate results, but the adapted RULs
became unreliable close to the end of life. This emphasizes the need
for diagnostic mechanisms to detect when input data quality is insuffi-
cient for reliable PF-based prognostics, as errors at the coupon level can
otherwise propagate to the component level.

The overall performance comparison is reported in Table 5. The RIM
improved RMSE in three out of four components, yielding a mean re-
duction from 7.90 to 7.32 kcycles. Although this reduction is smaller
than with the HSMM, the improvement in uncertainty quantification
was substantial: the CRPS dropped from 6.83 to 4.06, confirming that
the RIM provides clearer and more reliable SRUL predictions even when
coupon-level errors remain.

Table 6 presents the coverage and NMPIW results for the PF-based
RIM. While coverage exhibits heterogeneous behavior across compo-
nents, this must be interpreted jointly with the previously reported CRPS
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Fig. 12. Predicted component mean RULs and adapted mean RULs with RIM for each coupon for two components using PF as base predictor.

values in Table 5, which capture both predictive accuracy and uncer-
tainty calibration. The RIM improves coverage for components 1-3, most
notably for component 1 (from 0.83 to 0.94), while simultaneously re-
ducing the CRPS across all components. This indicates that, even when
coverage gains are modest, the predicted SRUL produced by the RIM is
better aligned with the true SRUL.

For Component 4, the RIM leads to a decrease in coverage (0.85 to
0.45) and an increase in RMSE (6.67 to 7.89), indicating both reduced
interval reliability and lower point accuracy. However, this is accom-
panied by a reduction in NMPIW (0.31 to 0.28) and an improvement
in CRPS (5.40 to 4.97). Since CRPS jointly evaluates calibration and
sharpness, this suggests that the RIM produces a more concentrated and
overall better-aligned predictive distribution despite the degradation in
point accuracy and empirical coverage. The results, therefore, reflect a
shift from conservative, wider intervals to sharper predictions that are

closer to the true SRUL distribution on average, albeit with some degree
of undercoverage.

For the whole test set, the consistent reduction in mean CRPS, to-
gether with the decrease in NMPIW, indicates that RIM improves the
sharpness-accuracy trade-off of the probabilistic SRUL predictions, even
when coverage alone does not uniformly increase. These results high-
light the importance of assessing uncertainty quality using complemen-
tary metrics rather than relying only on coverage.

Fig. 13 illustrates these results for Components 1 and 3. In Compo-
nent 1, the RIM provides a more accurate mean RUL prediction than the
baseline, along with a narrower 95 % confidence interval. By contrast,
the Naive SRUL exhibits wider uncertainty and tends to overpredict the
SRUL around the midpoint of the operation.

In Component 3, the RIM also outperforms the Naive SRUL. Although
some coupon-level PF predictions did not converge, the RIM successfully
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Fig. 13. SRUL prediction using PF as base predictor for RIM vs Baseline with confidence intervals at 95 %.

Table 5
RMSE and CRPS for baseline (Naive SRUL) and RIM
across four components using a PF as base predictor.

Component RMSE [keycles] CRPS

Baseline RIM Baseline RIM
1 5.53 4.10 4.34 2.63
2 9.75 9.07 8.42 4.26
3 9.65 8.12 9.16 4.39
4 6.67 7.89 5.40 4.97
Mean 7.90 7.32 6.83 4.06

Table 6

Coverage and NMPIW for baseline (Naive SRUL) and
RIM across four components using a PF as base pre-

dictor.

Coverage NMPIW
Component

Baseline RIM Baseline RIM
1 0.83 0.94 0.31 0.29
2 0.47 0.50 0.47 0.44
3 0.64 0.69 0.49 0.46
4 0.85 0.45 0.31 0.28
Mean 0.70 0.65 0.40 0.37

adapted them to component-level predictions. While the mean RUL tra-
jectory remains similar to the baseline, the RIM substantially improves
uncertainty quantification, as reflected by the reduction in CRPS from
9.16 to 4.39.

Overall, the PF-based experiments reinforce the value of the RIM
in reducing both error and uncertainty, even when the base predictor
struggles with noisy CM data at the coupon level.

The case study highlights the distinct strengths of HSMM and PF as
base predictors. The HSMM achieved lower RMSE and demonstrated
robustness to noise, making it well suited for complex degradation pat-
terns without requiring strong prior assumptions. The PF, while slightly
less accurate, offered physics-based interpretability but showed greater
sensitivity to noise and late-life deviations from its assumed degradation
law.

In both cases, the RIM consistently improved accuracy and, more im-
portantly, reduced CRPS, confirming its ability to enhance uncertainty
quantification. This demonstrates the RIMs prognostic model-agnostic
nature: it functions as a plug-and-play layer capable of adapting any
base predictor into reliable component-level predictions.

10

4. Conclusions

This paper introduces the RUL Inoperabilities Model (RIM), a novel
probabilistic framework inspired by the principles of the Inoperabil-
ity Input-Output Model (IIM), to operate directly on coupon-level
RUL predictions. The approach is model-agnostic, interpretable, and
data-efficient, requiring only coupon-level training data and only one
component-level degradation history for adaptation. By propagating un-
certainty from the coupon level to the component level, the RIM pro-
vides not only point estimates of the System Remaining Useful Life
(SRUL) but also well-calibrated confidence bounds, which are critical
for decision-making in aerospace applications.

The methodology was validated through single open-hole aluminum
coupon experiments using two distinct base predictors: a data-driven
Hidden Semi-Markov Model (HSMM) and a physics-guided Particle Fil-
ter (PF). In both cases, the RIM consistently improved accuracy relative
to a baseline Naive SRUL method, while providing superior uncertainty
quantification. The CRPS values achieved with RIM were markedly
lower than those of the baseline, demonstrating the frameworks ability
to generate more reliable probabilistic predictions. Even when the PF
struggled to capture late-life degradation behavior at the coupon level,
the RIM adapted these imperfect predictions into SRUL predictions that
more closely tracked the ground truth.

These findings demonstrate that the RIM can generalize effectively
from limited training data, as it was trained offline with only one compo-
nent, yet successfully tested on four unseen components. This capability
is particularly important for aerospace structures, where full-scale ex-
perimental campaigns are costly and time-consuming. By showing con-
sistent performance across different base predictors, the RIM establishes
itself as a scalable solution for bridging the gap between coupon-level
models and full-component prognostics.

Future work is needed to extend the RIM to capture epistemic un-
certainties in the interdependency matrix, to integrate mechanisms for
detecting unreliable coupon-level predictions before they propagate to
the component level, and to validate the approach on larger and more
complex aerospace assemblies under realistic loading and environmen-
tal conditions. Nevertheless, the present study demonstrates that the
RIM provides a promising pathway toward practical, uncertainty-aware,
and interpretable system-level prognostics.
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