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ABSTRACT

Accurate evaluation of Remaining Useful Life (RUL) predic-
tion algorithms is fundamental to the deployment of Prognos-
tics and Health Management solutions. However, for critical
industrial assets with extended operational lifespans, run-to-
failure ground truth data is typically not available. Preven-
tive maintenance intentionally precludes failure events, creat-
ing a fundamental challenge of assessing prognostic accuracy
without observing actual end-of-life. This paper presents an
algorithm-agnostic framework for the continuous online evalu-
ation of RUL predictions in the absence of run-to-failure data.
The innovation is a retrospective methodology that treats the
asset’s current sensor state as a pseudo ground truth, enabling
the evaluation of whether past predictions correctly anticipated
the trajectory leading to the present condition. The frame-
work includes two evaluation modes: (1) Measurement-based
evaluation that assesses past sensor forecast accuracy against
current observations, and (2) RUL-based evaluation that treats
the current sensor value as a virtual degradation threshold and
evaluates whether past RUL estimates correctly predicted the
time to reach the present condition. The RUL-based evaluation
adapts the well-established a—\ accuracy framework (Saxena,
Celaya, et al., 2008) by replacing the unknown end-of-life with
the current time as a pseudo ground truth reference, enabling
continuous online assessment without failure observations. In-
dividual prediction verdicts are aggregated using configurable
weighting schemes into a single Service-Level Indicator suit-
able for performance monitoring. Experimental results across
several industrial systems demonstrate the framework’s gen-
eralizability across diverse degradation mechanisms, sensor
modalities, and prediction algorithms. The framework requires
only historical sensor measurements and RUL predictions at
different times.

Indranil Roychoudhury et al. This is an open-access article distributed under
the terms of the Creative Commons Attribution 3.0 United States License,
which permits unrestricted use, distribution, and reproduction in any medium,
provided the original author and source are credited.

1. INTRODUCTION

Prognostics and Health Management (PHM) has emerged as
a critical discipline for ensuring the reliability, safety, and
cost-effectiveness of industrial assets (Goebel et al., 2017).
At its core, a PHM system aims to predict the Remaining
Useful Life (RUL) of a component or system, i.e., the time
remaining before it can no longer perform its intended function
within acceptable operational bounds. Accurate and timely
RUL predictions enable operators to transition from reactive
or scheduled maintenance strategies to proactive condition-
based maintenance paradigms, thereby reducing unplanned
downtime, optimizing spare-parts inventory, and improving
overall asset utilization.

Over the past two decades, RUL prediction methodologies
have included physics-based models (Lei et al., 2016), data-
driven approaches leveraging deep learning architectures (Ma
& Mao, 2021; Zhang et al., 2017), and hybrid methods that
integrate domain knowledge with statistical learning (Chao
et al., 2020). Regardless of the modeling paradigm, a funda-
mental question persists: How can one rigorously evaluate the
performance of an RUL prediction algorithm?

The standard approach to evaluating prognostic algorithms
relies on the availability of run-to-failure data, i.e., complete
degradation trajectories from nominal operation through func-
tional failure (Saxena, Celaya, et al., 2008). Well-known
benchmark datasets, such as the NASA C-MAPSS turbofan
engine degradation dataset (Saxena, Goebel, et al., 2008), pro-
vide precisely this type of data and have been widely used to
assess prognostic performance via metrics such as Root Mean
Squared Error (RMSE), Mean Absolute Error (MAE), scoring
functions, and the alpha-lambda (a-\) accuracy metric (Sax-
ena, Celaya, et al., 2008), (Saxena et al., 2010). These metrics
share a common prerequisite: knowledge of the true end-of-
life (EoL) or, equivalently, the frue RUL at every prediction
instant, since RUL = EoL — Current Time.



EUROPEAN CONFERENCE OF THE PROGNOSTICS AND HEALTH MANAGEMENT SOCIETY 2026

In many real-world industrial settings, however, this prerequi-
site is fundamentally unmet, since these systems may degrade
very slowly, particularly when preventive maintenance is per-
formed, resulting in run-to-failure trajectories being scarce or
entirely absent. This creates a significant practical challenge:
PHM solution providers deploying RUL prediction algorithms
on such assets cannot straightforwardly demonstrate the ac-
curacy of their predictions to end users. When a predictive
maintenance algorithm forecasts that a membrane will require
replacement in eighteen months, neither the provider nor the
operator can validate that prediction until the membrane actu-
ally degrades to the point of replacement, a state it may never
reach if preventive maintenance is performed first. Moreover,
for deployed systems, evaluation must be performed continu-
ously in real time, rather than offline.

To address the challenges outlined above, this paper presents a
novel, generalizable framework for evaluating RUL prediction
algorithms in the absence of run-to-failure ground truth data.
The central insight is that, although the true EoL is unknown,
the asset’s current observed sensor state is known with cer-
tainty and can serve as a pseudo ground truth reference. By
“looking back” from the present, we can retrospectively assess
whether past predictions correctly anticipated the trajectory
leading to the current condition, enabling continuous online
evaluation without requiring a failure event.

At each evaluation time ¢, the evaluation framework retrieves
the set of predictions issued at earlier times within a config-
urable look-back window and assesses each prediction against
what is now known at time ¢. Two complementary evaluation
modes are applied:

1. Measurement-based Evaluation: At each evaluation time
t, the actual sensor measurements are compared to the pre-
dictions made by the RUL prediction algorithm for these
sensor values at earlier time steps. Predictions that fall
within a user-specified error tolerance are deemed accept-
able; those that do not are flagged as unacceptable. This
mode directly assesses the forecasting accuracy of the
underlying predictive model and provides an indicator of
model drift, independent of the specific RUL computation
methodology.

2. RUL-based Evaluation: The current sensor value is treated
as a virtual degradation threshold, i.e., RUL = 0 at the
current time ¢. For each past prediction time, the frame-
work determines how well the RUL prediction made at
that time estimated the duration required to reach the as-
set’s present condition. By deriving a retrospective pseudo
RUL from the temporal distance between the prediction
time and the current evaluation time, predictions can be
assessed against this pseudo ground truth using an error
tolerance analogous to the a—\ metric (Saxena, Celaya,
et al., 2008).

The binary acceptable/unacceptable verdicts from individual
past predictions are aggregated into a single performance score
using one of five configurable weighting schemes: simple
majority, linear, nonlinear, exponential, and custom. These
schemes control the temporal emphasis profile, allowing prac-
titioners to prioritize recent predictions over older ones. The
weighted aggregate is reported as a Service-Level Indicator
(SLI), a single scalar score summarizing the RUL prediction al-
gorithm’s performance over a configurable look-back window.
Separate SLIs can be computed for measurement-based and
RUL-based evaluation modes. The underlying assumptions
for this approach include monotonic degradation, stationarity
of degradation dynamics, and measurement reliability.

Experimental validation across four distinct industrial systems
spanning different domains (e.g., oil and gas processing, such
as coalescer filters, hot-oil heaters, and acid gas separation
membranes; and power generation, such as power-unit bush-
ings) demonstrates the framework’s generalizability across
monotonically increasing and decreasing degradation trends,
diverse sensor modalities (pressure, conductance, thermal out-
put, chemical flux), and multiple prediction algorithms. Fur-
thermore, existing evaluation metrics that need ground-truth
run-to-failure data can be derived from the proposed frame-
work using the pseudo ground truth.

The remainder of this paper is organized as follows. Sec-
tion 2 reviews related work on RUL prediction and PHM
algorithm evaluation. Section 3 formulates the evaluation
problem and presents the proposed methodology, including
the measurement-based and RUL-based evaluation modes, the
weighting schemes, and the computation of the SLIs. Section 4
describes the experimental setup and presents results from
the application of the framework to four industrial systems.
Finally, Section 5 summarizes this research and discusses
directions for future work.

2. RELATED WORK

This section reviews the literature pertinent to RUL predic-
tion methodologies, prognostics evaluation metrics, and the
challenges of deploying PHM solutions in industrial environ-
ments where run-to-failure data is absent. The prediction of
RUL has been approached from three broad paradigms: model-
based, such as physics-of-failure models with state estimation
techniques such as particle filters and Kalman filters (Huang
et al., 2015; Lei et al., 2016; Si et al., 2011), data-driven,
such as machine learning methods including deep neural net-
works, LSTMSs, and transformers (Chen et al., 2021; Ma &
Mao, 2021; Wang et al., 2020; Zhang et al., 2017), and hy-
brid approaches that combine physics-based constraints with
statistical learning (Chao et al., 2020). Transfer learning and
adaptive methods have also been developed to address domain
shift and evolving system dynamics (Cheng et al., 2023; da
Costa et al., 2020; Ding et al., 2022; Forgione et al., 2023;
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Sheth & Roychoudhury, 2024).

Since the focus of this paper is on the evaluation of RUL pre-
dictions rather than on prediction algorithm design, we do not
review these methods in detail. However, regardless of the
algorithm employed, all RUL prediction algorithms ultimately
produce forecasts that require rigorous evaluation. This chal-
lenge becomes particularly acute in the absence of failure data.
The framework proposed in this paper is compatible with any
of the above prediction paradigms, requiring only that sensor
measurements and prognosis outputs are available.

The evaluation of prognostic algorithms has been extensively
researched. However, nearly all existing metrics are predi-
cated on the availability of run-to-failure ground truth data.
We review the most prominent approaches here to establish
context and highlight the gap addressed by the present work.

Traditional error metrics such as Root Mean Squared Error
(RMSE), Mean Absolute Error (MAE), and Mean Absolute
Percentage Error (MAPE) are routinely used to quantify the
deviation between predicted and true RUL values (Lei et al.,
2018). These metrics compute aggregate statistics over a set
of RUL predictions by comparing each predicted RUL value
I{U\L(t) against the true RUL at time ¢, which can only be
determined if the actual EoL time is known.

The a—\ accuracy metric, introduced by Saxena, Celaya, et
al. (2008), is a widely-adopted standard for prognostics eval-
uation. At prediction time ¢, the predicted RUL is m(tp)
and the true RUL is RUL¢,ye(tp) = tror — tp, Where tgor, is
the known EoL time. A prediction is accurate if it falls within
proportional error bounds:

(1 — a)RULgue(tp) < RUL(%p) < (14 a)RULgue(p),

ey
where « € (0,1) is the accuracy tolerance (e.g., « = 0.2
allows +20% error). Geometrically, these bounds form a
cone in the (time, RUL) plane that narrows as the asset ap-
proaches EoL. The parameter A specifies the fraction of asset
life at which evaluation begins, enabling assessment at dif-
ferent degradation stages. Saxena et al. (2010) extended this
framework to include timeliness, convergence, and prediction
spread, while Goebel et al. (2012) introduced complementary
concepts such as the prognostic horizon (the earliest time at
which predictions become consistently accurate) and conver-
gence rate (how prediction error decreases as EoL approaches).
Saxena et al. (2010) present relative accuracy and cumulative
relative accuracy, which normalize prediction errors by the
true RUL at each evaluation point, providing scale-invariant
assessments. These are particularly useful for comparing pre-
dictions across assets with different total lifetimes.

In prognostics competitions, such as that presented by Saxena
and Goebel (2008), the scoring function sometimes penalizes
late predictions more heavily than early ones, reflecting the

asymmetric cost of over- versus under-estimation of RUL in
safety-critical applications. Variants of this asymmetric loss
function have been adopted in numerous subsequent studies
as a standard benchmark metric (Ramasso & Saxena, 2014).

Work on partial degradation trajectories has examined how
to assess prognostic models when only incomplete degrada-
tion histories are available. Sikorska, Hodkiewicz, and Ma
(2011) surveyed prognostic modeling options across industries
and highlighted that censored or truncated trajectories are the
norm rather than the exception in practice. However, such
approaches still require some portion of the degradation-to-
failure trajectory to be observed, which may not be available
for preventively maintained assets.

Online validation and forecasting-based evaluation strategies
have been proposed for continuously monitoring model per-
formance during deployment. Zio (2022) identified the val-
idation of prognostic models under operational conditions
as a key open challenge, noting that short-horizon forecast
verification, such as comparing near-term predictions against
subsequently observed measurements, provides a practical but
limited form of online assessment. Unlike such short-horizon
checks, which evaluate only measurement-level accuracy, the
proposed framework additionally assesses RUL-level perfor-
mance through the pseudo ground truth construction.

Uncertainty-aware evaluation methods have gained attention
as probabilistic prognostics become more prevalent. Sankarara-
man and Goebel (2015) emphasized the importance of quanti-
fying and evaluating uncertainty in RUL predictions, propos-
ing metrics that assess the calibration and informativeness of
prediction distributions. More broadly, Gneiting, Balabdaoui,
and Raftery (2007) established the concepts of calibration
and sharpness as fundamental properties of probabilistic fore-
casts. While the present framework uses deterministic error
thresholds rather than probabilistic evaluation criteria, extend-
ing the approach to incorporate prediction interval calibration
represents a natural future direction (see Section 5).

These related efforts address important aspects of the eval-
uation challenge. However, to our knowledge, no existing
framework provides a unified methodology for continuous,
quantitative assessment of both measurement-level and RUL-
level prediction performance in the complete absence of failure
data. The present work addresses this gap by introducing a
retrospective pseudo ground truth methodology that enables
online evaluation without requiring any failure observations.

The transition of PHM algorithms from research settings to
industrial operations introduces evaluation challenges that the
academic literature has only partially addressed (Lee et al.,
2014; Vachtsevanos, Lewis, Roemer, Hess, & Wu, 2006). In
industrial deployments, PHM solutions are often integrated
into Service-Level Agreements (SLAs) between providers and
asset operators. SLAs formalize performance commitments,
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and SLIs track adherence to them. In software reliability engi-
neering, SLIs and associated Service-Level Objectives (SLOs)
are well-established constructs for monitoring system health
(Beyer, Jones, Petoff, & Murphy, 2016). However, analogous
frameworks for prognostics performance monitoring remain
largely absent.

Several practical barriers contribute to this gap. First, the long
operational lifetimes of many industrial assets (spanning years
or decades) mean that failure events are infrequent, making
it impractical to accumulate sufficient run-to-failure data for
offline validation (Sikorska et al., 2011). Second, condition-
based and preventive maintenance strategies, which are pre-
cisely the regimes that benefit most from accurate RUL pre-
dictions, intentionally prevent failures from occurring, thereby
eliminating the very ground-truth data needed for traditional
evaluation (Jardine et al., 2006).

These challenges highlight the need for evaluation methodolo-
gies that can assess prognostic performance continuously dur-
ing deployment, without waiting for a failure event to provide
retrospective validation, motivating the look-back framework
proposed here.

3. APPROACH

This section presents the complete methodology for evaluating
RUL prediction algorithms in the absence of run-to-failure
ground truth data. The key insight is that the current observed
sensor state can serve as a retrospective “pseudo ground truth”
reference, enabling continuous online assessment of past pre-
dictions without requiring a failure event. The framework is
algorithm-agnostic and applies to any RUL prediction method,
physics-based, data-driven, or hybrid, as long as historical
sensor measurements and prognosis outputs are available.

3.1. Problem Formulation

The evaluation framework operates on two categories of input
data: sensor data collected from the monitored asset, and
prognosis data produced by the RUL prediction algorithm
under evaluation.

Sensor data: Consider a system instrumented with X €
N sensors denoted SNy, SNs, ..., SNx. Measurements are
recorded at discrete time steps 11,75, ...,Tw, where T; €
R>opand 77 < T5 < --- < Ty. For sensor SN; at time
T;, we denote the measured value as z;(T};) € R, represent-
ing a scalar physical quantity (e.g., pressure, temperature,
etc.). The complete sensor vector at time T is z(T}) =
[21(T}), ..., 2x(T;)]" € RX. An optional health indicator
threshold Hmeas(Tj) € R may also be stored at each time step.

Prognosis data: The RUL prediction algorithm produces fore-
casts at prediction times 71", T3, ..., T4, where T} € R>
and typically {T}",..., T} € {T1,...,Tn} (predictions
are issued at a subset of measurement times). At each pre-

diction time qu , the algorithm generates a forecast of future
system behavior. The following quantities are stored for each
sensor SN;:

* The predicted sensor value Z;(t | ;") € R for future time
t > TqP , representing the algorithm’s best estimate of
what sensor ¢ will measure at time ¢ based on information
available up to TqP ,

s The prediction variance o2 ( | T{f ) € R>¢ quantifying
forecast uncertainty (optional, model-dependent),

 The predicted RUL value ﬁ(TqP ) € R>, representing
the estimated time remaining until the system crosses a
predefined failure or maintenance threshold,

¢ The RUL prediction variance o1, (TqP ) € R>¢ quantify-
ing prognostic uncertainty (optional, model-dependent),

* The health indicator value HI(T;") € R (optional, algorithm-
specific).

The evaluation framework takes the sensor and prognosis data
as inputs and produces three outputs at any evaluation time ¢:

1. A measurement-based evaluation verdict assessing the
accuracy of past sensor value predictions,

2. An RUL-based evaluation verdict assessing the accuracy
of past RUL predictions, and

3. A Service-Level Indicator (SLI) that summarizes the over-
all performance of the RUL prediction algorithm over a
configurable time horizon.

A central concept in this evaluation framework is the look-
back window, which defines how far into the past we examine
predictions when assessing performance at the current time ¢.
This window can be specified in two equivalent ways:

1. Count-based: The number of past prediction data points
to examine, denoted Njookback-

2. Time-based: A temporal duration to look back over, de-
noted I/Vlookback-

If the RUL prediction algorithm generates forecasts at every 7
time units, these two representations are related by:

Wlookback
77_ .

@

Niookback =

The framework uses three independent look-back windows,
each serving a distinct evaluation purpose:

° VVlookback,meas (eQUiValenﬂy Nlookback,meas): the win-
dow for measurement-based evaluation,

*  Wigokback,RUL (equivalently Nigokback,rut): the win-
dow for RUL-based evaluation,

*  Wisokback,sL1 (equivalently Nigokback,sn1): the window
for computing the Service-Level Indicator.



EUROPEAN CONFERENCE OF THE PROGNOSTICS AND HEALTH MANAGEMENT SOCIETY 2026

At evaluation time ¢, let Tneas, TrRuL, and 7sr; denote the
sets of past prediction times that fall within the respective
look-back windows. For example,

Tmcas = {tl € {Tlpa e 7T5} | tf‘/Vlookback,mcas S tl S t}

3)

Separating these three windows provides operational flexibil-
ity: for instance, a short measurement look-back window may
capture recent forecast quality, while a longer SLI window
may provide a more stable long-term performance summary.

3.2. Measurement-based Evaluation

The measurement-based evaluation assesses how accurately
the RUL prediction algorithm forecast sensor values at the
current time ¢. Instead of requiring knowledge of the actual
time of failure, this evaluation uses the currently observed
sensor value z(t) as the reference. The evaluation defines
symmetric error bounds around this value:

2P () = 2(t)(1 + meas), 4)
27 (t) = 2(t)(1 — meas),
where aumeas € (0, 1) is the user-specified accuracy tolerance

(e.g., Ameas = 0.1 for £10% error).

For each past prediction time ¢’ € Tpeas, the prediction is
classified as acceptable if it falls within the error bounds:

Jomes(t' ) = {1’ e OEEO

0, otherwise.

Equivalently, epeas(t’,t) = |2(t | t') — 2(t)| expresses the
prediction error, and the acceptability indicator becomes:

(6)

“Ameas(t/ t) _ 1, if etrleas(t,7t) < Qmeas * ‘Z(t)‘
ace ’ 0, otherwise.

The individual acceptability indicators over the look-back win-
dow are aggregated into a single verdict score using a weighted
average:

Eval™meas (t) _ Z w?/]eas . Hégéecas (t/, t), (7)
t/ eTmeaS

where {w;;}°**} are normalized weights with } _,, w}** = 1.
The weighting schemes are described in Section 3.4.

The verdict is then converted to a binary label:

if Eval™®®*(¢t) > 0.5,
otherwise.

[ 2
good”,

8
“bad”, ©

label™®*(t) = {

Intuitively, if a weighted majority of past predictions for the
current sensor value fall within the acceptable tolerance band,

the algorithm’s measurement prediction capability is deemed
satisfactory at time .

When the system has multiple sensors (d > 1), the measure-
ment-based evaluation is performed independently for each
sensor SN;, 4 = 1,..., X. Each sensor produces its own ver-
dict Eval;"®**(t). These per-sensor verdicts can be examined
individually or combined (e.g., via averaging or by requiring
all sensors to pass) depending on the operational context.

Note that the acceptability criterion in Eq. (5) uses a deter-
ministic error threshold and does not explicitly incorporate
prediction uncertainty, even when such estimates are available.
Extensions are discussed in Sections 4.7 and 5.

3.3. RUL-based Evaluation

The RUL-based evaluation assesses how well the RUL predic-
tion algorithm estimated the time remaining until the system
reached its current condition. This evaluation mode is a di-
rect adaptation of the classical a—)\ accuracy metric (Saxena,
Celaya, et al., 2008), with one critical substitution: the un-
known true end-of-life time tg,r, is replaced by the known
current evaluation time ¢, and the true RUL tg.1, — ¢’ at each
past prediction time ¢’ is replaced by the elapsed time ¢ — ¢,
This substitution preserves the geometric and conceptual struc-
ture of the a—\ framework, including the acceptance cone
that narrows as predictions approach the reference time, while
removing the dependency on failure observations. The result
is an empirically verifiable evaluation criterion that can be
computed continuously during operation.

At the current evaluation time ¢, let the evaluation threshold be
Ocval (t) = O(2(t)), where © : RX — R s a threshold func-
tion that maps the current sensor vector z(t) € R¥ to a scalar
threshold value. The choice of © depends on the application
domain and sensor characteristics. Common choices include:

s Arithmetic mean: ©(z) = + S"X | 2, suitable when all
sensors measure the same physical quantity at different
locations or when a balanced view across sensors is de-
sired.

o Weighted combination: ©(z) = Z;le wiz; with )", w; =
1, where w; reflect sensor importance.

* Single dominant sensor: ©(z) = z; for a primary health
indicator sensor j, appropriate when one sensor directly
measures the degradation phenomenon of interest.

* Domain-specific health indicator: ©(z) = f(z) where f
is a physics-informed function (e.g., thermal efficiency,
normalized flux, resistance-based indices) that maps raw
sensor values to a meaningful degradation metric.

The validity of the virtual threshold approach rests on the fol-
lowing assumption: if a prognostic algorithm can accurately
predict intermediate sensor states and the time required to
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reach them, it is likely to perform similarly well when predict-
ing the actual failure threshold. This assumption is reasonable
for systems exhibiting monotonic or quasi-monotonic degra-
dation, where the underlying degradation mechanism remains
consistent throughout operation.

The key observation is that, since the system has already
reached the state corresponding to 6.y, (t) at the current time,
we know with certainty the time it took to arrive here from any
earlier time ¢'. This gives the pseudo ground truth RUL rela-
tive to the evaluation threshold RULy,ye (¢, ) = ¢t — ¢'. That
is, the “true” RUL from the perspective of time ¢’ is simply
the elapsed time from ¢’ to ¢.

The pseudo ground truth construction relies on several key
assumptions that practitioners should verify for their specific
application:

1. Monotonic or quasi-monotonic degradation: The degra-
dation trend (increasing or decreasing) is consistent over
the evaluation window. Systems with highly oscillatory or
non-monotonic sensor behavior may produce ambiguous
threshold-crossing times.

2. Stationarity of degradation dynamics: The underlying
degradation mechanism does not change abruptly during
the evaluation period. Sudden changes in operating condi-
tions, maintenance interventions, or environmental factors
that alter the degradation rate may invalidate comparisons
between predictions made before and after such changes.

3. Measurement reliability: The current sensor value z(t)
is an accurate reflection of the asset’s true state. Sensor
faults, calibration drift, or transient anomalies can corrupt
the pseudo ground truth reference.

4. Sufficient prediction cadence: The temporal spacing 7
between predictions is small relative to the degradation
time scale, ensuring that the look-back window captures
a representative sample of prediction behavior.

When these assumptions hold, the pseudo ground truth pro-
vides a scientifically defensible reference for prognostic evalu-
ation. When they are violated (for instance, if a major main-
tenance action resets the degradation state mid-evaluation),
the framework should be applied separately to each station-
ary degradation regime, or the window should exclude the
discontinuity.

For each past prediction time ¢’ € Tryr, we retrieve the RUL
predicted at time ¢’ for reaching the virtual threshold Gy (£).

Let this be FTU\L(t | t'). We define symmetric error bounds
on the pseudo ground truth using aryr, € (0, 1) as the RUL
accuracy tolerance:

RUL* (¢, t) = (t — t')(1 + aruL), )
RUL™(t',t) = (t —t')(1 — aruL).

The acceptability indicator for each past prediction is:

acc

T if RUL(t | /) € [RUL™ (¢, 1), RUL* (¢, 1)),
’ 0, otherwise.

(10)

The error bounds in Eq. (9) form a cone-shaped acceptance
region in the (time, RUL) plane. At the earliest prediction
time ¢’ = tgart, the cone is widest, with acceptance bounds
(t —tstart) (1 £ aruL ). As ¢’ approaches the current evaluation
time ¢, both the pseudo ground truth RUL and the tolerance
band shrink linearly toward zero, converging to zero when ¢’ =
t. A prediction falling inside this cone is deemed acceptable;
predictions outside are unacceptable.

This cone geometry is the well-known a—\ accuracy metric
from (Saxena, Celaya, et al., 2008), with a critical distinction:
the traditional a—)\ cone extends from the start of the evalu-
ation period to the true EoL time tg,1,, whereas the virtual
threshold cone extends from the start of the look-back window
to the current evaluation time t. By replacing the unknown
tror, With the known current time ¢, the framework constructs
an empirically verifiable acceptance criterion without requir-
ing failure observations.

The RUL acceptability indicators are aggregated identically to
the measurement-based case:

Eval®"t () = Y w1, A

acc
t'€TrUL

with normalized weights {wVL'}, and the binary label is:

. (12)
“bad”,  otherwise.

“good”, if Eval™ (1) > 0.5

labelRUL(t): { g ) ( )— ’

As with the measurement-based evaluation, the RUL accept-

ability criterion uses deterministic error bounds and does not

incorporate the RUL prediction variance. Probabilistic exten-
sions are discussed in Sections 4.7 and 5.

3.4. Weighting Schemes

The framework provides five weighting schemes for aggre-
gating individual acceptability indicators into a verdict score.
These schemes are used uniformly across the measurement-
based evaluation, the RUL-based evaluation, and the SLI com-
putation. The choice of weighting scheme allows practitioners
to control how much emphasis is placed on recent versus older
predictions.

The rationale for selecting these five schemes is to span the full
spectrum of temporal emphasis profiles that arise in practice:
from uniform weighting (simple majority) through progres-
sively stronger recency biases (linear, nonlinear, exponential)
to fully user-defined profiles (custom). This design reflects
a key operational reality: in some deployments, long-term
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consistency matters most (favoring uniform weighting), while
in others, only recent performance is operationally relevant (fa-
voring exponential weighting). Alternative formulations, such
as Bayesian weighting based on posterior model confidence or
information-theoretic weighting based on prediction entropy,
were considered but excluded from the current framework in
favor of schemes that are interpretable, require no additional
model-internal information, and require no statistical expertise
to configure. The custom weighting scheme provides an exten-
sion point for practitioners who wish to encode more complex
temporal priorities.

Let N = |T| denote the number of predictions in the look-
back window, and let ¢} < t5, < --- < t}y be the ordered
prediction times. Define the evaluation time vector teya =
(th, ..., t), and let topare = t) and teng = ty.

1. Simple Majority: All predictions are weighted equally:

1
N7
The verdict reduces to the arithmetic mean of the accept-
ability indicators, equivalent to a simple majority vote.
This scheme treats historical and recent predictions with
equal importance.

k=1,...,N. (13)

U}t;C =

2. Custom Weights: User-provided weights wy ..., Wy,
are normalized:
(O
th:T’ k:].,,N (14)
Zj:l wt/j
This allows domain experts to encode application-specific
priorities.

3. Linear Weights: Weights increase linearly with prediction
time:

e
N b
2=t

4. Nonlinear Weights: Weights are inversely proportional to
elapsed time:

k=1,...,N. (15)

wt;c =

t—t/ —1
wy = L=t T ) k=1,...,N, (16)

N _ )
D DAY (A N

where ¢ > 0 is a small constant (e.g., e = 107%).

5. Exponential Weights: Weights grow exponentially with
recency:

!
A
wy, = exp(ty, /A1) k=1,...,N, (I7)

S exp(t)/At)’

where At = tend — tstart-

For all five schemes, the verdict function has a common form.

Given a sequence of binary indicators a = (aq,...,ay) €

{0,1}, the verdict is:

Via,w) = Zwk - ag, (18)

and the performance is deemed “good” if V' > 0.5 and “bad”
otherwise.

The choice of weighting scheme should reflect the operational
context and the characteristics of the prognostic algorithm
being evaluated:

o Simple Majority: Use when long-term prediction stability
is the primary concern, or when the algorithm is not adap-
tive and prediction quality is expected to remain constant
over time. This scheme is appropriate for initial algo-
rithm validation and for systems with highly stationary
degradation dynamics.

e Linear: Use for systems with gradually improving pre-
diction quality as more training data becomes available.
This scheme provides a moderate bias toward recent per-
formance while still considering the full historical record.
Suitable for sequentially-trained models in relatively sta-
ble environments.

* Nonlinear: Use when recent predictions are substantially
more informative than older ones, such as in adaptive algo-
rithms that continuously update model parameters. This
scheme emphasizes recent behavior while maintaining
some sensitivity to historical performance.

e Exponential: Use for highly adaptive algorithms or for
systems where operating conditions are changing over
time. This scheme provides the most aggressive discount-
ing of historical predictions and is appropriate when only
the most recent behavior is operationally relevant (e.g.,
real-time dashboards, short-horizon decision support).

e Custom: Use when domain-specific knowledge suggests
a particular temporal weighting profile. For example,
weights could be designed to emphasize predictions made
during critical operational phases, or to discount periods
when sensor quality was known to be degraded.

As a general recommendation for operational deployment, the
exponential or nonlinear schemes are generally preferable, as
they provide responsive SLIs that reflect current algorithm
behavior rather than being dominated by potentially outdated
historical performance.

3.5. Service-Level Indicator (SLI)

The Service-Level Indicator provides a single, aggregated
performance score that summarizes the overall reliability of
the RUL prediction algorithm over a configurable time horizon.
While the measurement-based and RUL-based evaluations
produce per-timestamp verdicts, the SLI operates at a higher
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level by aggregating these verdict labels over the SLI look-
back window.

To generate the SLI at each evaluation time s within the opera-
tional history, either the measurement-based or the RUL-based
evaluation produces a binary label:

0(s) = {1, if label) (s) = “good”,

19
0, iflabel)(s) = “bad”, (19)

where (-) denotes either “meas” or “RUL”, depending on
whether the SLI uses measurement-based or RUL-based eval-
uation. The choice is a user-configurable parameter.

The SLI at the current time ¢ is computed by applying the
same weighted aggregation (Section 3.4) to the verdict stream
over the SLI look-back window 7gy,1:

SLI() = > wi-i(s), (20)
s€TsL1

where {wSLI} are normalized weights computed using any of
the five weighting schemes described in Section 3.4.

The SLI value lies in [0, 1] and admits a natural interpretation:

13 d”
labelS" (1) = {“ioz,, ’
ad,

if SLI(t) > 0.5,

21
otherwise. @

An SLI(t) close to 1.0 indicates that the RUL prediction al-
gorithm is consistently performing well over the look-back
window, while a value close to 0.0 indicates consistently poor
performance, and values near 0.5 indicate mixed performance.

The evaluation framework has a natural three-level hierarchical
structure. First, each past prediction (¢ | t') or RUL(¢ | t')
is classified as acceptable or unacceptable (Egs. 5 and 10).
Then, the acceptability indicators within a look-back window
are aggregated into a single verdict score Eval(')(t) and a
corresponding binary label (Eqs. 7-8 and Egs. 11-12). Finally,
the binary labels across timestamps are aggregated into the
SLI (Eq. 20). This hierarchical structure ensures that the SLI
is both interpretable and traceable: a poor SLI score can be
decomposed into the specific timestamps and predictions that
contributed to the degraded assessment. This traceability is
essential for root-cause analysis and for communicating results
to stakeholders.

It should be noted that the binarization at each level of the hi-
erarchy entails a deliberate trade-off. By reducing continuous
prediction errors to binary acceptable/unacceptable indicators,
the framework sacrifices sensitivity to differences in error mag-
nitude: a prediction that barely misses the tolerance bound
is treated identically to one that deviates substantially. This
design choice prioritizes operational interpretability and SLA-
compatible reporting over fine-grained error analysis. When
more nuanced assessment is needed, the continuous prediction

errors and the raw RUL deviations remain available at the low-
est level of the hierarchy and can be examined alongside the
binary SLI to provide complementary diagnostic information.

4. EXPERIMENTS

To validate the proposed evaluation framework, we apply it
to four distinct industrial systems operating in oil and gas
processing and power generation domains. These systems
exhibit diverse degradation mechanisms (filter plugging, in-
sulation degradation, thermal efficiency loss, membrane per-
meability decline), sensor modalities (pressure, conductance,
thermal output, chemical flux), and operational time horizons
(200-350 days), thereby demonstrating the generality of the
framework across different PHM scenarios.

4.1. Experimental Setup

The framework is validated on four industrial systems, sum-
marized in Table 1. Each system is characterized by a gradual
degradation process monitored through one or more sensor
channels, and none of the datasets contain run-to-failure events
as the systems were maintained or replaced before catastrophic
failure occurred.

4.1.1. RUL Prediction Algorithms

The proposed evaluation framework is agnostic with respect to
the underlying RUL prediction method. The RUL prediction
algorithms evaluated on the four systems include Facebook’s
Prophet time-series forecasting algorithm (Taylor & Letham,
2018); a kernel-based support vector regression (SVR) method
that produces point forecasts without native uncertainty quan-
tification; and a particle filter-based algorithm described in
(Roychoudhury et al., 2013). Prophet provides point forecasts
and prediction intervals, enabling variance-aware evaluation.
When SVR is used, the prediction variance is set to zero. The
framework processes the outputs of each algorithm, i.e., the
predicted sensor trajectories (mean, upper, lower bounds) and
the derived RUL values, identically, regardless of the algo-
rithm that produced them.

4.1.2. Evaluation Parameters

For each case study, the following evaluation parameters are
varied to assess framework sensitivity and robustness:

¢ Error bound on measurements (aeas): The fractional
tolerance for measurement predictions, tested at values
of 0.10, 0.15, 0.20, and 0.30 (i.e., 10%, 15%, 20%, and
30%).

¢ Error bound on RUL (agut,): The fractional tolerance for
RUL predictions, tested at values of 0.20, 0.30, and 0.40.

¢ Evaluation window length (Vjookback): The number of past
predictions considered in each evaluation, varied from 2
to the total number of available prediction time steps.
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Table 1. Summary of industrial systems used for experimental validation.

System Sensor Duration (days) Degradation Direction Threshold Crossing
Coalescer Filter Differential Pressure (psi) ~343 Increasing Upper
Power Unit Bushing Conductance (uS) ~322 Increasing Upper
Hot Oil Heater Heat output (BTU/hr) ~202 Decreasing Lower
Acid Gas Membrane CO., flux (SCFH) ~202 Decreasing Lower
Coalescer Filter - Measurement-based Evaluation Coalescer Filter - RUL-based Evaluation
(t =239 | meas = 0.2) (t=239 | apyL = 0.4)
I Acceptable NG I Acceptable
2.50 - pum Unacceptable 300 - \ N Unacceptable
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Figure 1. Measurement-based evaluation for the coalescer
filter at ¢ = 239 days (aumeas = 0.20, exponential weighting,
Nigokback = 10). Green squares indicate past predictions
within the 4-£,,¢,5 tolerance band around the current observed

A P; red squares fall outside. The star marks the current value.

Weighted verdict = 0.62 (“good”).

*  Weighting schemes: All five schemes, simple majority,

linear, nonlinear, exponential, and custom, are compared.

* SLI window length (Niookback sr.1): The number of verdict
labels aggregated to compute the service-level indicator.

e SLI reference criterion: Whether the SLI is computed
from measurement-based or RUL-based verdicts.

Predictions are generated at regular intervals (every 10 days for
the filter, bushing, and heater systems; every 20 time steps for
the membrane system). At each prediction time, the algorithm
produces a forecast of the sensor trajectory extending into the
future, from which both measurement predictions and RUL
estimates are derived.

4.2. Case Study 1: Coalescer Filter

The coalescer filter is deployed at a gas processing plant and is
used to remove liquid droplets from gas streams. The primary
degradation mechanism is progressive plugging of the filter
element by particulate debris, which leads to a monotonically
increasing differential pressure (AP) across the filter. The
dataset consists of 343 daily A P measurements recorded over
approximately one year of operation. The threshold crossing
direction is upward: the system approaches failure as AP
rises above an operational limit.

Three RUL prediction algorithms are evaluated on this system.
For each algorithm, the forecast data consists of a matrix of
predicted AP values, where each column corresponds to a

Figure 2. RUL-based evaluation for the coalescer filter at
t = 239 days (agur, = 0.40, exponential weighting). The
acceptance cone narrows toward the current time. Early pre-
dictions overestimate remaining life (red); later predictions
converge into the acceptance region (green). Weighted verdict
= 0.14 (“bad”).

prediction issued at a specific day and each row represents a
future time step. Some algorithms additionally provide upper
and lower confidence bounds, from which prediction variances
are derived as 0 = (Yupper — Yiower)/4-

Figure 1 presents the measurement-based evaluation for the
coalescer filter at a representative evaluation time. Past predic-
tions that fall within the 4=, error band around the current
observed AP value are marked as acceptable (green), while
those falling outside are marked as unacceptable (red). The
weighted verdict is computed using the selected weighting
scheme.

Figure 2 shows the RUL-based evaluation, where past RUL
predictions are plotted against the a—\ cone defined by the
pseudo ground truth RUL. The cone narrows as the evalu-
ation time approaches, requiring increasingly precise RUL
predictions at later times. Here, early RUL predictions tend
to overestimate the remaining life, a common behavior for
gradually degrading systems where the degradation rate is not
yet fully characterized. As more data becomes available, RUL
predictions converge toward the a—A cone, and the fraction of
acceptable predictions increases.

Figure 3 illustrates the time evolution of the SLI for the coa-
lescer filter across the operational period. The SLI provides
a single summary score indicating whether the prediction al-
gorithm has been performing acceptably over the look-back
window. The coalescer filter exhibits a gradually increasing
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Figure 3. SLI time evolution for the coalescer filter across the full operational period (meas = 0.20, Nigokback,sn1 = 20,
measurement-based reference). All four non-custom weighting schemes maintain SLI > 0.5 (“good’) for most of the period.
The nonlinear scheme is most sensitive to the transient performance degradation around day 210-230, while the exponential

scheme recovers more quickly.
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Figure 4. Measurement-based evaluation snapshot for the
power unit bushing at t = 229 days (apeas = 0.20, exponen-
tial weighting). All predictions fall within the tolerance band,
yielding a weighted verdict of 1.00 (“good”).

degradation trend with moderate noise.

Under an RUL algorithm with a 500-day horizon, the measure-
ment-based evaluation yields acceptable verdicts for epeas =
0.20, indicating that short-horizon sensor predictions align
well with observed AP values. The 2000-day horizon pro-
duces wider prediction intervals, which affects the measurement-
based evaluation at tighter tolerance settings. SVR, lacking
native uncertainty quantification, produces tighter point fore-
casts that are similarly sensitive to the choice of aupeas.

4.3. Case Study 2: Power Unit Bushing

The power unit bushing is a critical component in electrical
power systems, providing insulation and mechanical support
for high-voltage conductors. Bushing failure is a major fail-
ure mode in power units and can lead to catastrophic trans-
former damage. In this case study, the health of the bushing is

Power Unit Bushing - RUL-based Evaluation
(t =229 | apy. = 0.4)
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Predicted RUL
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Figure 5. RUL-based a—A\ evaluation for the power unit bush-
ing at t = 229 days (arur, = 0.40, exponential weighting).
Conductance fluctuations cause dispersion in RUL estimates;
the exponential scheme appropriately discounts older, less-
informed predictions. Weighted verdict = 0.14 (“bad”).

monitored through its electrical conductance, computed from
voltage and current measurements. The dataset comprises 322
daily conductance measurements collected from a power unit
in an oil sands facility. In this system, increasing conductance
signals progressive insulation degradation.

Three algorithms are evaluated for this system: Prophet with
500-day and 1500-day forecast horizons, and SVR. The eval-
uation follows the same methodology as the filter case study.
At each evaluation time, the current conductance value serves
as the pseudo ground truth reference, and past predictions are
assessed for consistency.

Figure 4 shows a representative measurement-based evalua-
tion snapshot for the bushing system. The bushing conduc-
tance data exhibits more variability than the filter data, with
noticeable short-term fluctuations superimposed on a slowly

10
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Figure 6. Measurement-based evaluation for the hot oil heater
at t = 139 days (ameas = 0.20, exponential weighting). Sev-
eral predictions fall outside the tolerance band at intermediate
forecast horizons, yielding a weighted verdict of 0.36 (“bad”).

increasing degradation trend. This increased noise presents a
more challenging evaluation scenario. With g5 = 0.20, the
Prophet 500-day model maintains acceptable measurement-
based verdicts for the majority of evaluation time steps, while
the 1500-day model, which produces broader prediction inter-
vals, yields more conservative forecasts.

Figure 5 presents the corresponding RUL-based a—\ evalua-
tion. The RUL-based evaluation is particularly informative for
this system. The conductance fluctuations cause the threshold-
crossing-based RUL estimates to vary significantly between
consecutive predictions, leading to wider dispersion of RUL
predictions within the a—\ cone. The exponential weighting
scheme, which emphasizes recent predictions, proves advan-
tageous here, as it appropriately discounts older RUL predic-
tions that were made with less information about the evolving
degradation trend.

4.4. Case Study 3: Hot Oil Heater

The hot oil heater is a gas-fired heating system used in oil
and gas processing to heat oil for downstream operations.
The primary degradation mechanism is a gradual reduction in
thermal efficiency, manifested as decreasing heat output over
time while fuel consumption remains approximately constant.
The dataset consists of 202 daily heat output measurements,
along with inlet temperature, outlet temperature, and flow rate.
The threshold crossing direction is downward: the system ap-
proaches failure as the heat output drops below an operational
minimum.

The Prophet 500-day, Prophet 2000-day, and SVR algorithms
are evaluated. The heat output serves as the monitored health
indicator. Unlike the filter and bushing systems, the degra-
dation trend here is decreasing, which means the evaluation
threshold is approached from above.

Figure 6 illustrates the measurement-based evaluation for the
heater system, showing how past heat output predictions com-
pare with the currently observed value. The heater system

Hot Oil Heater - RUL-based Evaluation
(t=139 | ary. = 0.4)
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Figure 7. RUL-based evaluation for the hot oil heater at
t = 139 days (agur, = 0.40, exponential weighting). All
predictions fall outside the acceptance cone, indicating that
the algorithm systematically overestimates RUL at this stage
of operation. Weighted verdict = 0.00 (“bad”).

presents a relatively smooth degradation trend with a clear
downward slope, making it favorable for time-series forecast-
ing methods. Prophet with both horizon settings produces
predictions that fall well within the e ,e,s bounds for moder-
ate tolerance values. SVR also performs competitively on this
dataset due to the regularity of the degradation pattern.

Figure 7 presents the RUL-based evaluation in the a—A\ cone.
At t = 139 days, all past RUL predictions fall outside the
acceptance cone (verdict = 0.00), indicating that the algorithm
systematically overestimates the remaining useful life at this
stage of operation. This behavior is consistent with a slowly
degrading system where early predictions, made before the
degradation trend is well-characterized, tend to project an
overly optimistic time-to-threshold.

4.5. Case Study 4: Acid Gas Separation Membrane

The acid gas separation membrane system is used in natural
gas processing to separate hydrogen sulfide (H2S) and carbon
dioxide (CO2) from the feed gas. The membranes degrade over
time as their permeability decreases, resulting in declining
COs flux. The monitored health indicator is the CO5 flux,
which depends on both the membrane condition and the feed
flow rate. For this system, the RUL prediction is performed
using a particle filter-based approach.

The particle filter produces predictions with natural uncer-
tainty bounds derived from the particle distribution, which are
directly comparable to the Prophet confidence intervals used
in the other case studies. The CO, flux data exhibits more
complex dynamics than the other three systems, as the flux
depends on both the membrane degradation state and the (time-
varying) feed flow rate. This operational variability introduces
additional challenges for both prediction and evaluation. Fig-
ure 8 shows a representative snapshot of this evaluation; the
framework successfully identifies evaluation time steps where
past predictions were consistent with observed flux values

11
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Figure 8. Measurement-based evaluation for the Acid Gas
Membrane system at 70% of the operational period (eas =
0.20, exponential weighting). Green squares indicate predic-
tions within £ ayeas Of the current sensor value; red squares
indicate out-of-bounds predictions. Weighted verdict = 1.00
(“‘good”).
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Figure 9. RUL-based a—A evaluation for the Acid Gas Mem-
brane system (agur, = 0.40, exponential weighting). Each
square represents a past RUL prediction; green indicates pre-
dictions within the a—\ cone, red indicates predictions outside
the cone. The dashed diagonal shows the ideal prediction
trajectory. Weighted verdict = 0.40 (“bad”).

and distinguishes these from time steps where the algorithm’s
predictions diverged. Figure 9 presents the corresponding
RUL-based a—A evaluation.

Across multiple membrane units, the evaluation framework
reveals heterogeneous prediction quality: some units exhibit
smooth degradation trends that are well-captured by the prog-
nostic model, while others show abrupt flux changes (e.g.,
due to operating condition changes or membrane fouling) that
lead to prediction failures. The SLI correctly reflects these
differences, providing an actionable indicator for operators, as
shown in Figure 10.

4.6. Comparison of Weighting Schemes

One of the central contributions of this framework is the provi-
sion of multiple weighting schemes that allow the evaluation
to emphasize recent predictions over older ones, or to treat
all predictions equally. To assess the practical impact of this

design choice, we compare the five weighting schemes across
all four systems. Table 2 reports the mean SLI values for
all four systems under each weighting scheme, and several
observations emerge from this comparison:

1. The simple majority scheme treats all predictions in the
look-back window equally. In systems with a stable degra-
dation trend (e.g., the heater), this produces results similar
to the recency-weighted schemes. However, in systems
where prediction quality improves over time as more data
becomes available (e.g., the bushing), the simple majority
scheme can be unduly influenced by early, less accurate
predictions that remain in the look-back window.

2. The exponential scheme provides the strongest emphasis
on recent predictions, followed by the nonlinear (quadratic)
and linear schemes. For systems where the most recent
predictions are substantially more accurate, as is typical
for adaptive or sequentially-updated algorithms, the ex-
ponential scheme yields higher SLI values. Conversely,
for systems where prediction quality is relatively uniform
across the look-back window, all three schemes produce
comparable results.

3. Tighter error bounds (€peas = 0.10) amplify the differ-
ences between weighting schemes, as more predictions
are classified as unacceptable and the weighting of the
remaining acceptable ones becomes more consequential.
At looser bounds (gpeas = 0.30), most predictions are
acceptable, and the choice of weighting scheme has less
impact.

4. For operational deployment, the exponential or nonlin-
ear weighting schemes are recommended, as they pro-
vide a more responsive SLI that reflects current algorithm
performance rather than being dominated by historical
prediction quality.

4.7. Discussion

The framework successfully evaluates RUL predictions from
three fundamentally different algorithmic families without
requiring any modification to the evaluation procedure.

A critical requirement for any evaluation methodology is the
ability to distinguish between algorithms (or algorithm config-
urations) that produce reliable predictions and those that do
not. The proposed framework achieves this in several ways:

* For each system, different RUL prediction algorithms
(e.g., Prophet vs. SVR) yield different SLI trajectories,
enabling direct comparison of algorithm quality on the
same data.

e Within a single algorithm’s output, the framework identi-
fies periods where predictions are consistent with observa-
tions (high SLI) and periods where they diverge (low SLI),
providing actionable diagnostics for when an algorithm

12
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Figure 10. SLI time series for the Acid Gas Membrane system under five weighting schemes (Simple Majority, Linear, Nonlinear,
Exponential, Custom). All schemes converge to high SLI values, reflecting consistent prediction accuracy from the physics-

informed particle filter.

Table 2. Comparison of SLI values across systems and weighting schemes (eas = 0.20, agyur, = 0.40, measurement-based
SLI reference, Niookback,s11 = 20). Values represent the mean SLI computed over the final 30% of each system’s operational
period. Membrane values computed using the physics-informed particle filter.

System Simple Majority Linear Nonlinear Exponential Custom
Coalescer Filter 0.950 0.945 1.000 0.948 0.948
Power Unit Bushing 1.000 1.000 1.000 1.000 1.000
Hot Oil Heater 0.763 0.670 0.800 0.707 0.600
Acid Gas Membrane 0.986 0.982 0.818 0.979 0.962

may need retraining or recalibration. In operational terms,
a sustained SLI excursion below a predefined threshold
(e.g., SLI < 0.5 for more than three consecutive evalua-
tion windows) could trigger automated model retraining,
escalation to a subject-matter expert, or an alert to the
asset operator, depending on the criticality of the system
and the terms of the SLA.

* By comparing Prophet at different forecast horizons (e.g.,
500 vs. 2000 days for the filter), the framework reveals
how forecast horizon length affects prediction reliability
within the evaluation window.

The central innovation of this work is the use of the current
sensor value as a virtual ground truth reference. However,
the virtual ground truth approach has an inherent limitation:
it evaluates the algorithm’s ability to predict sensor values
and times-to-threshold at the current condition, which is not
necessarily equivalent to predicting the true EoL.

The choice of error bounds (ameas and aryr,) significantly
influences the evaluation outcome. Overly tight bounds may
classify a well-performing algorithm as unacceptable due to
inevitable measurement noise and modeling uncertainty, while
excessively loose bounds may fail to identify genuinely poor
predictions. The appropriate error bound depends on the ap-

plication context: safety-critical systems may warrant tighter
bounds (e.g., a = 0.10), while early-stage algorithm develop-
ment may benefit from more lenient evaluation criteria (e.g.,
a = 0.30). In practice, bounds should be selected based on:
(1) the inherent sensor measurement noise level, (2) the ac-
ceptable operational tolerance for the monitored quantity, and
(3) the consequences of false positives (incorrectly flagging
good predictions as bad) versus false negatives (accepting poor
predictions as good).

The effectiveness of the look-back evaluation depends criti-
cally on two temporal parameters: the prediction cadence 7
(the time spacing between successive RUL predictions) and
the look-back window length Wigokback (Or equivalently, the
number of predictions Njookback)-

If predictions are issued too infrequently relative to the degra-
dation time scale, the look-back window may not capture
sufficient samples to provide statistically meaningful verdicts.
Conversely, if predictions are issued very frequently, con-
secutive predictions may be highly correlated, reducing the
effective information content of the look-back window. As a
practical guideline, the prediction cadence should be chosen
such that Wisokback Spans at least 10-20 independent predic-
tion events, and the cadence shou/ld\ be small relative to the
expected RUL values (e.g., 7 < RUL).
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Short look-back windows (e.g., Niookback = 2 to 5) provide
highly responsive SLIs that react quickly to changes in algo-
rithm performance, but may be sensitive to transient anomalies
or outliers. Long look-back windows (e.g., Niookback > 50)
provide more stable SLIs but may lag behind actual changes in
algorithm quality. The choice depends on the operational use
case: for real-time dashboards and rapid anomaly detection,
shorter windows are preferable; for long-term trend analy-
sis and SLA reporting, longer windows provide more robust
indicators.

A foundational assumption of the proposed framework is that
accurate prediction of intermediate system states is indicative
of accurate RUL estimation. This hypothesis is well-supported
for systems exhibiting the following characteristics: (1) mono-
tonic or quasi-monotonic degradation, where the health indica-
tor trends consistently in one direction over time; (2) stationary
degradation dynamics, where the underlying physical mecha-
nism driving degradation does not change qualitatively during
the evaluation period; and (3) smooth degradation trajectories,
where the sensor signal evolves gradually rather than through
abrupt step changes.

The four industrial systems studied in this paper satisfy these
conditions to varying degrees: the coalescer filter and hot
oil heater exhibit nearly ideal monotonic trends, the bushing
shows moderate noise superimposed on a clear trend, and the
membrane system introduces operational variability through
time-varying flow rates. The framework’s successful applica-
tion across these systems provides empirical support for the
hypothesis under representative industrial conditions.

However, the hypothesis may not hold in several important
scenarios:

1. In systems with regime changes or nonlinear degradation
dynamics, the relationship between intermediate-state pre-
diction accuracy and end-of-life prediction accuracy may
weaken. For example, if a system transitions from gradual
wear to accelerated degradation near failure, an algorithm
that accurately predicts intermediate states may still fail
near EoL.

2. Maintenance interventions that partially restore system
health create discontinuities in the degradation trajectory,
invalidating comparisons between predictions made be-
fore and after the intervention.

3. Systems with highly oscillatory or non-monotonic sen-
sor behavior may produce ambiguous virtual thresholds
where the current sensor value does not represent a mean-
ingful degradation milestone.

When these conditions are encountered, the evaluation should
be segmented into stationary degradation regimes, or the look-
back window should be restricted to exclude discontinuities.
The framework must be viewed as a necessary but not suffi-
cient condition for prognostic reliability: consistent perfor-

mance at intermediate states provides strong evidence of prog-
nostic capability, but does not guarantee equivalent accuracy
at the true failure threshold.

The pseudo ground truth relies on the assumption that the
current sensor value z(t) accurately reflects the asset’s true
state. In practice, industrial sensor data may be affected by
measurement noise, missing values, calibration drift, or tran-
sient anomalies, any of which can corrupt the reference and
lead to spurious evaluations. Sensor health monitoring and
data quality checks should be integrated upstream of the eval-
uation framework. For the datasets used in this study, standard
preprocessing (outlier removal, gap filling) was applied prior
to evaluation, but the framework does not prescribe specific
data cleaning procedures, as these are application-dependent.

As a practical guideline, the error bounds should be selected
based on: (1) the inherent sensor measurement noise level,
which sets a lower bound on achievable prediction accuracy;
(2) the acceptable operational tolerance for the monitored
quantity, reflecting the consequence severity of prediction er-
rors; and (3) the balance between false positives (incorrectly
flagging good predictions as bad) and false negatives (accept-
ing poor predictions as good). Adaptive error bound selection,
for instance through cross-validation or noise-floor estimation,
represents a promising direction for improving out-of-the-box
applicability.

Both evaluation modes currently rely on deterministic error
thresholds (ameas and aryr,) to classify predictions as accept-
able or unacceptable, even though many prediction algorithms
provide uncertainty estimates (e.g., prediction intervals from
Prophet, particle distributions from particle filters). In the
present framework, these uncertainty estimates are used for
visualization and diagnostic purposes but are not explicitly
incorporated into the acceptability criterion. Extending the
evaluation to account for predictive uncertainty, for instance
by assessing whether the observed value falls within the algo-
rithm’s stated prediction interval or by computing the probabil-
ity mass of the prediction distribution within the error bounds,
would yield a more nuanced assessment that rewards well-
calibrated uncertainty estimates. This represents an important
direction for future work, as discussed in Section 5.

It should be noted that the present case studies evaluate each
sensor channel independently. For the systems studied here, a
single dominant health indicator (differential pressure, conduc-
tance, heat output, or CO- flux) captures the primary degrada-
tion phenomenon. However, many industrial assets are instru-
mented with multiple correlated sensors, and evaluating pre-
dictions independently for each channel may miss cases where
individual sensor predictions appear acceptable but the joint
prediction vector is physically inconsistent. Joint multivariate
evaluation, for instance using a Mahalanobis-distance-based
acceptability criterion that accounts for cross-sensor correla-
tions, represents a clear extension of the current framework
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and is discussed further in Section 5.

The proposed framework addresses a specific gap: continuous
online evaluation of RUL predictions without failure data. To
our knowledge, no existing framework provides an equivalent
capability with both measurement-level and RUL-level assess-
ment modes, configurable weighting schemes, and a unified
SLI formulation. The closest related approaches include short-
horizon forecast verification (which assesses measurement ac-
curacy but not RUL performance) and offline cross-validation
on historical datasets (which requires complete degradation
trajectories). The proposed framework complements rather
than replaces these approaches: when run-to-failure data is
available, traditional metrics such as the standard a—\ accu-
racy, RMSE, and scoring functions should be used alongside
the proposed framework to provide a comprehensive evalu-
ation. The pseudo ground truth approach is specifically de-
signed for the operational scenario where such data is absent.
A quantitative head-to-head comparison against alternative
no-failure evaluation strategies (e.g., a rolling short-horizon
RMSE baseline) would further clarify the incremental value
of the proposed framework; such a benchmark is beyond the
scope of this paper and is left for future work.

If the RUL prediction algorithm is retrained or its parameters
are updated during the evaluation period, the performance
characteristics may change discontinuously. The framework
evaluates the predictions as they were issued, but practitioners
should be aware that historical predictions may reflect an
earlier version of the algorithm.

5. CONCLUSIONS

This paper presented a novel framework for evaluating the
performance of RUL prediction algorithms in the absence of
run-to-failure ground truth data, a critical gap that has hin-
dered the industrial deployment and validation of prognostic
solutions for assets with extended operational lifespans. The
core contribution is a retrospective look-back methodology
that treats the asset’s current observed sensor state as a vir-
tual threshold, enabling continuous online evaluation without
requiring observation of actual EoL.

The framework’s measurement-based evaluation quantifies
the accuracy of past sensor-value forecasts against currently
observed measurements, providing a direct indicator of model
drift independent of RUL computation. RUL-based evaluation
assesses how well past RUL estimates predicted the time to
reach the asset’s present condition.

The experimental validation across multiple distinct industrial
assets demonstrated the framework’s generalizability and prac-
tical utility. The SLI provided stable, interpretable indicators
of prediction quality even for extended time horizons, and the
different weighting schemes offered meaningful flexibility in
emphasizing recent versus historical performance depending

on operational priorities.

From a practical standpoint, the methodology addresses a
critical unmet need in industrial PHM. PHM solution providers
can now quantitatively demonstrate prediction reliability to
customers using scientifically grounded metrics, rather than
qualitative assurances alone. The SLI is directly suitable for
integration into SLAs, enabling transparent communication
about prognostic performance.

Several limitations should be acknowledged. The pseudo
ground truth evaluates consistency at intermediate states rather
than absolute prognostic accuracy at true EoL; the validity con-
ditions for this approximation, along with other limitations,
are discussed in Section 4.7. The framework currently re-
quires manual tuning of look-back windows and error bounds,
evaluates sensors independently, and does not incorporate pre-
diction uncertainty into the acceptability criterion.

A few concrete directions for future work can be envisioned.
First, extending the evaluation to uncertainty-aware metrics
that leverage predictive variances would yield more nuanced
assessments. For instance, computing the probability mass of
the prediction distribution that falls within the error bounds, or
evaluating the calibration of prediction intervals (i.e., whether
stated 95% intervals actually contain the observation 95% of
the time), would reward well-calibrated uncertainty estimates
and penalize overconfident or underconfident algorithms.

Second, the SLI is currently computed as a deterministic
weighted average of binary labels. Developing bootstrap-
based or analytical confidence intervals for the SLI itself would
enable practitioners to reason about the statistical reliability
of the indicator and to distinguish significant changes in algo-
rithm performance from random fluctuation.

Third, the current method assesses sensors independently. Ex-
tending it to evaluate predictions across correlated measure-
ments would give a more comprehensive assessment for sys-
tems with interdependent indicators. This would address cases
where individual sensors seem acceptable, but their joint pre-
dictions are physically inconsistent.

The framework requires manual configuration of look-back
window sizes, error bounds, and weighting schemes. Au-
tomating the parameter selection, for instance, using cross-
validation to optimize the discriminative power of the SLI, or
using change-point detection algorithms to adaptively adjust
window sizes in response to changes in degradation dynamics,
would improve out-of-the-box applicability.

Currently, the framework provides diagnostic feedback on
prediction quality but does not take corrective action. Integrat-
ing the SLI with automated model retraining or recalibration
logic, triggering retraining when the SLI falls below a speci-
fied threshold for a sustained period, would enable closed-loop
prognostic maintenance.
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Finally, the current framework assumes quasi-stationary degra-
dation dynamics. Extending the methodology to explicitly
account for time-varying operating regimes, for instance, by
normalizing predictions with respect to operating condition
changes, or by segmenting the evaluation into distinct opera-
tional modes, would broaden applicability to complex indus-
trial assets with dynamic duty cycles.
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