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ABSTRACT: Accurate aircraft engine diagnostics is essential for ensuring operational safety and enabling predictive
maintenance under heterogeneous operating conditions. Although deep learning models can effectively capture
high-dimensional multivariate sensor dynamics, purely data-driven approaches often entangle operating-condition
variability with degradation-sensitive patterns, which limits robustness and generalization. This paper introduces
PRIME, a physics-guided residual integrated framework for multi-task aircraft engine diagnostics. Rather than
embedding explicit thermodynamic equations or physical constraints into the optimization process, PRIME relies on
a physically motivated residual decomposition strategy that separates operating-condition-driven nominal behavior
from degradation-sensitive sensor deviations. Specifically, nominal responses are estimated from operating-condition
representations and subtracted from observed sensor signals to isolate fault-relevant residual patterns. These residual
representations are then processed by a hybrid temporal architecture combining temporal convolutional networks and
transformer-based self-attention, enabling joint modeling of local degradation signatures and long-range temporal
dependencies. Within a unified optimization framework, PRIME simultaneously performs Fault Detection (FD),
Fault Type Classification (FTC), and Health State Estimation (HSE). Extensive experiments on NASA C-MAPSS, N-
CMAPSS, and the ALFA dataset show consistent and statistically significant improvements over strong baseline models.
For FD and FTC, PRIME achieves gains of approximately 2%–4% over the strongest neural baselines evaluated under
the same protocol, with larger margins over classical machine learning approaches. For HSE, PRIME yields more
faithful degradation trajectories, leading to systematic reductions in estimation error across single- and multi-regime
datasets. When Remaining Useful Life (RUL) is projected from the learned health trajectory through a threshold-
based mechanism, the resulting estimates also improve substantially, with RMSE reductions of up to about 22% under
complex operating conditions. These results show that physics-guided residual disentanglement improves robustness,
interpretability, and multi-task diagnostic performance. More broadly, they support the view that HSE provides a useful
latent degradation representation for downstream prognostic assessment, even though RUL is not directly optimized
by the model.

KEYWORDS: Physics-guided learning; residual modeling; multi-task learning; aircraft engine diagnostics; prognostics
and health management

1 Introduction
Aircraft engines constitute one of the most safety-critical subsystems in modern aviation, where

unexpected failures can severely impact operational safety, mission reliability, and maintenance costs.
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To mitigate such risks, Prognostics and Health Management (PHM) systems have become essential for
enabling condition-based maintenance and early fault detection. The increasing deployment of onboard
sensing technologies has led to the availability of high-dimensional multivariate time-series data describing
engine behavior across diverse operating regimes.

Benchmark datasets such as the NASA C-MAPSS turbofan simulation dataset [1] have played a central
role in advancing data-driven diagnostic research by providing multivariate run-to-failure trajectories
under multiple fault conditions. More recently, the N-CMAPSS dataset [2] introduced higher-fidelity flight
condition simulations and richer labeling structures, enabling both prognostics and fault classification under
realistic operational variability. In parallel, complementary real-world datasets such as the AirLab Failure
and Anomaly (ALFA) dataset [3] provide annotated UAV fault and anomaly scenarios, allowing additional
evaluation under practical flight conditions.

Early approaches to aircraft engine fault diagnosis relied primarily on classical machine learning
methods, including Support Vector Machines, k-Nearest Neighbors, and ensemble learning techniques [4,5].
While effective under controlled conditions, these models depend heavily on handcrafted features and often
struggle to generalize across complex and variable operating regimes.

The emergence of deep learning has significantly improved diagnostic performance by enabling
automatic feature extraction from raw multivariate signals. Convolutional Neural Networks (CNNs) and
Long Short-Term Memory (LSTM) networks have demonstrated strong capabilities in modeling temporal
degradation patterns [6,7]. More recently, transformer-based architectures leveraging self-attention mech-
anisms have shown superior ability to capture long-range temporal dependencies in time-series PHM
applications [8,9]. Despite their success, purely data-driven deep models often suffer from limited robustness
under varying operating conditions, reduced interpretability, and degraded performance when encountering
rare or previously unseen fault modes.

A key challenge in aircraft engine diagnostics lies in the strong coupling between operating-condition
dynamics and degradation-induced sensor variations. Changes in altitude, throttle settings, and envi-
ronmental conditions significantly influence sensor measurements, potentially masking early degradation
signatures. Without explicitly accounting for this coupling, data-driven models may inadvertently learn
operating regime characteristics rather than fault-related patterns, leading to unreliable generalization.

To address these limitations, hybrid and domain-guided learning paradigms have attracted increasing
attention. Theory-guided data science frameworks [10] and physics-informed neural networks [11,12] advo-
cate integrating domain knowledge into data-driven architectures to enhance robustness and interpretability.
In the context of aero-engine diagnostics, hybrid approaches combining physics-based performance models
with deep learning have demonstrated improved stability under variable operating conditions [13,14].
However, many existing approaches either impose loosely coupled physical constraints or do not explicitly
disentangle operating-condition effects from degradation dynamics within the learned representations.

Motivated by the need for robust and generalizable aircraft engine diagnostics under varying operating
conditions, this paper proposes PRIME (Physics-guided Residual Integrated framework for Multi-task
Engine diagnostics), a hybrid framework that explicitly decouples operating-condition dynamics from
degradation-sensitive sensor patterns through a physically motivated residual decomposition strategy. Specif-
ically, PRIME estimates a nominal sensor response conditioned on the operating regime and subtracts it
from the observed measurements to isolate degradation-relevant residual signals prior to feature extraction.
These residual representations are subsequently processed using a hybrid temporal architecture combining
Temporal Convolutional Networks and transformer-based self-attention, enabling the model to capture
both local degradation signatures and long-range temporal dependencies. The proposed nominal–residual
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separation is intended to reduce the entanglement between operating-condition variability and degradation-
sensitive patterns. However, this decomposition remains an approximation and may become less accurate
when strong nonlinear interactions exist between regime dynamics and fault evolution. More broadly,
while the framework is evaluated on heterogeneous datasets, the present study does not yet constitute a
dedicated stress test for unseen operating regimes or sensor drift. Accordingly, the value of PRIME should
be understood not only in terms of average accuracy gains, but also in its unified treatment of FD, FTC,
and HSE, its support for downstream prognostic analysis, and its built-in interpretability under variable
operating conditions. In addition, a hierarchical attention mechanism provides sensor-level and temporal
interpretability, improving diagnostic transparency and trustworthiness.

Unlike conventional regime normalization techniques, which attempt to mitigate operating-condition
variability through preprocessing transformations or domain adaptation strategies, PRIME performs
representation-level disentanglement through residual modeling. By explicitly separating nominal regime-
dependent behavior from degradation-induced variations, the framework allows the neural network to focus
more directly on fault-related information.

It is important to distinguish the proposed approach from physics-informed neural network (PINN)
paradigms in the strict sense. PINN-based methods typically embed governing equations, conservation laws,
or explicit physical constraints into the optimization process. PRIME does not require explicit thermody-
namic equations or equation-constrained loss terms. Instead, its physical grounding lies in a structured and
physically motivated separation between operating-condition-driven nominal behavior and degradation-
sensitive residual deviations. In this sense, PRIME is best characterized as a physics-guided residual learning
framework rather than a physics-informed model in the strict PINN sense.

Consequently, PRIME combines the flexibility of data-driven deep learning with a physically motivated
residual representation, enabling improved robustness under varying operating conditions while remaining
compatible with practical PHM settings in which explicit first-principles models may be unavailable or
difficult to integrate.

The main contributions of this work are summarized as follows:

• We propose a physics-guided residual decomposition strategy that explicitly separates operating-
condition effects from degradation-sensitive sensor variations in aircraft engine data.

• We design a hybrid deep architecture integrating temporal convolution and transformer-based self-
attention for multi-scale temporal modeling.

• We incorporate a hierarchical attention mechanism to enhance interpretability and robustness of
diagnostic decisions.

• We develop a unified multi-task framework capable of simultaneously performing fault detection (FD),
fault type classification (FTC), and health state estimation (HSE) within a single model.

• We conduct extensive experiments on C-MAPSS, N-CMAPSS, and ALFA datasets, demonstrating
consistent and statistically significant improvements over strong machine learning and deep learning
baselines under a unified evaluation protocol.

The remainder of this paper is organized as follows. Section 2 reviews related work. Section 3 introduces
the proposed PRIME framework. Section 4 describes the experimental setup, while Section 5 presents
and discusses the experimental results. Sections 6 and 7 report the statistical significance analysis and the
interpretability/physical consistency analysis, respectively. Section 8 presents the ablation study, Section 9
analyzes the computational complexity, Section 10 discusses the comparison with related literature, Section 11
outlines the main limitations of the proposed approach, and Section 12 concludes the paper.
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2 Related Work
This section reviews recent advances in aircraft engine fault diagnosis and prognostics with a focus on

five complementary directions: deep temporal modeling, transformer-based PHM architectures, robustness
under varying operating conditions, residual and physics-guided hybrid learning, and explainability in
safety-critical PHM systems.

2.1 Deep Temporal Modeling for Engine Fault Diagnosis
Deep temporal models have significantly advanced aircraft engine fault diagnosis by enabling direct

learning from multivariate sensor trajectories. Beyond early CNN- and LSTM-based architectures, recent
studies have explored more expressive temporal modeling strategies for capturing progressive degradation
patterns. Multi-scale convolutional networks and dilated Temporal Convolutional Networks (TCNs) have
shown improved capability in capturing local and medium-range degradation dynamics at different temporal
resolutions [15,16].

Graph-based deep learning approaches have also been introduced to explicitly model inter-sensor
dependencies. In particular, Graph Neural Networks (GNNs) have shown promising results in engine fault
classification by learning relational structures among correlated sensor channels [17,18]. These developments
highlight the importance of jointly modeling temporal evolution and cross-sensor interactions.

However, most temporal models remain predominantly data-driven and often assume stationary
degradation structures. As a result, they may not explicitly account for operating-condition variability, which
can lead to entanglement between regime effects and degradation-sensitive patterns.

2.2 Transformer-Based Architectures in PHM
Transformer models have recently gained increasing attention in PHM due to their ability to capture

long-range dependencies without recurrent computations. Architectures such as Informer, Autoformer, and
related time-series transformers have been adapted to Remaining Useful Life (RUL) prediction and health
state estimation [19,20].

In engine diagnostics, attention-based architectures can improve feature weighting across sensors
and time steps, while also providing a degree of interpretability by highlighting critical degradation win-
dows [21]. These properties make transformers attractive for complex PHM settings in which both short-term
fluctuations and long-horizon dependencies are important.

Recent work has also explored the use of time-series foundation models for few-shot aircraft engine
prognostics, highlighting the growing importance of transferability and data-efficient temporal represen-
tation learning in PHM settings [22]. Current aircraft engine PHM studies have explored adaptive deep
Q-learning and heterogeneous deep ensembles, further underscoring the need for operating-condition-
aware and unified diagnostic frameworks [23,24].

Nevertheless, transformer-based models remain largely data-driven and typically exhibit quadratic
complexity with sequence length. More importantly, most existing transformer PHM studies focus on
prognostics, especially RUL estimation, rather than explicit multi-class fault diagnosis under heterogeneous
operating conditions. Their robustness under strong regime shifts also remains an open challenge.

2.3 Robustness under Variable Operating Conditions
A persistent difficulty in aircraft engine diagnostics is the strong influence of operating conditions on

sensor measurements. Variations in altitude, throttle setting, ambient pressure, and flight regime can induce
substantial changes in the observed signals, often masking early degradation signatures.
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To address this issue, several normalization and domain adaptation strategies have been proposed.
Domain-adversarial neural networks and transfer learning approaches have been applied to C-MAPSS
subsets with multiple operating regimes to reduce distribution shifts between training and testing data [25].
Other studies employ operating-condition clustering or regime-specific normalization prior to model
training [26].

Although these strategies can mitigate regime bias, they often treat operating conditions as nui-
sance variables to be normalized away, rather than explicitly separating nominal operating behavior from
degradation-related deviations. Consequently, degradation-sensitive information may remain entangled
with regime-dependent variability in the learned latent space.

2.4 Residual Learning and Physics-Guided Hybrid Frameworks
Residual-based modeling has long been recognized as an effective strategy for isolating fault-relevant

deviations from nominal behavior. In aero-engine monitoring, residual generation techniques derived from
performance analysis or reference models have been used for fault isolation in model-based diagnosis
frameworks [27].

More recently, hybrid approaches combining physical insight with neural networks have been proposed
to improve robustness and interpretability. For example, physics-augmented deep models incorporate
estimated thermodynamic variables or simulator-derived features as additional inputs to improve fault
classification performance [13]. Other approaches use physics-aware regularization to encourage consistency
between model outputs and known physical relationships [28,29].

It is important, however, to distinguish between physics-informed learning in the strict PINN sense
and broader physics-guided or physically motivated hybrid modeling. PINN-style methods explicitly embed
governing equations, conservation laws, or differentiable physical constraints into the optimization pro-
cess [11,12]. By contrast, many practical PHM methods do not impose explicit equations, but instead exploit
domain knowledge through architecture design, feature engineering, or residual decomposition. PRIME
belongs to this latter category: its physical motivation lies in separating operating-condition-driven nominal
behavior from degradation-sensitive residual deviations, rather than enforcing thermodynamic equations in
the loss function.

Despite these advances, limited work has systematically combined residual-based operating-condition
disentanglement with hybrid temporal modeling and built-in interpretability for multi-task aircraft
engine diagnostics.

2.5 Explainability in PHM Models
As deep PHM models become increasingly complex, interpretability has become essential, particularly

in safety-critical applications. Attention visualization, SHAP values, saliency analysis, and related post-hoc
techniques have been used to identify important sensors and degradation stages in engine diagnostics [21,30].
However, post-hoc explanation methods do not always guarantee faithful correspondence with the internal
reasoning process of the model. This limitation has motivated interest in architectures that incorporate inter-
pretability directly into the learning pipeline. In aircraft engine diagnostics, such intrinsically interpretable
designs remain relatively underexplored.

2.6 Positioning of PRIME
In contrast to prior work, PRIME introduces a physics-guided residual decomposition mechanism

that explicitly separates operating-condition-driven nominal behavior from degradation-sensitive sensor
deviations prior to deep temporal feature extraction. Unlike preprocessing-based regime normalization or
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domain adaptation methods, PRIME modifies the representation space itself through nominal–residual
separation, allowing the downstream network to focus more directly on fault-relevant information.

Furthermore, PRIME integrates this residual modeling strategy within a hybrid Temporal
Convolutional–Transformer architecture equipped with hierarchical attention. This combination enables:

• multi-scale temporal degradation modeling across short- and long-range dependencies,
• improved robustness under heterogeneous operating regimes,
• simultaneous multi-task predictions for FD, FTC, and HSE,
• built-in interpretability at both sensor and temporal levels.

Accordingly, the contribution of PRIME is not to introduce physics-informed learning in the strict
PINN sense, but to provide a unified physics-guided residual learning framework for interpretable and robust
multi-task aircraft engine diagnostics.

3 Proposed Methodology
This section presents the proposed PRIME framework (Physics-guided Residual Integrated Multi-task

framework for aircraft Engine diagnostics), a physics-guided and domain-robust deep learning framework
designed for aircraft engine diagnostics under heterogeneous operating conditions.

PRIME is built around four main design principles: (i) explicit disentanglement of operating-condition
effects from degradation-sensitive sensor variations, (ii) physically motivated residual decomposition, (iii)
hybrid temporal modeling of residual dynamics, and (iv) unified multi-task prediction of fault detection
(FD), fault type classification (FTC), and health state estimation (HSE).

Fig. 1 illustrates the overall workflow of PRIME. At a high level, the framework first estimates nominal
operating-condition-driven behavior, then isolates degradation-sensitive residuals, and finally processes
these residual representations through a hybrid temporal encoder with hierarchical attention to support
multi-task diagnostic inference.

Figure 1: PRIME framework: physics-guided residual decomposition with hierarchical attention for multi-task aircraft
engine diagnostics.
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3.1 Problem Formulation
Let X = {x1 , x2, . . . , xT} denote a multivariate time-series of engine measurements, where each obser-

vation xt ∈ RS contains S sensor signals at time step t. The diagnostic objective is to infer the engine health
state yt from historical observations:

yt = f (X1∶t), (1)

where f (⋅) denotes a nonlinear mapping learned from data. To explicitly account for operating-condition
variability, each observation is decomposed as:

xt = [ot , st], (2)

where ot denotes operating-condition variables (e.g., altitude, Mach number, throttle setting), and st
represents the thermodynamic and mechanical sensor measurements.

3.2 Neural Architecture of PRIME
PRIME is organized as a two-branch neural architecture followed by a shared latent representation

and three task-specific prediction heads. The first branch encodes operating-condition variables in order
to estimate nominal behavior under varying regimes. The second branch processes degradation-sensitive
residual signals through a hybrid temporal encoder that combines local and long-range sequence modeling.

The attended shared representation is then exploited by three heads dedicated to FD, FTC, and HSE.
Importantly, PRIME does not directly optimize RUL through an additional neural head. Instead, RUL is
treated as a downstream prognostic quantity projected from the learned health trajectory, as described
in Section 3.8. Table 1 summarizes the functional neural architecture of the framework.

Table 1: Functional neural architecture of the proposed PRIME framework.

Module Input Output Function
Operating-condition

encoder ot h(o)t
Encodes regime-dependent nominal

operating dynamics
Nominal projection layer h(o)t ŝnominal

t Estimates nominal sensor response
Residual decomposition st , ŝnominal

t rt Isolates degradation-sensitive deviations
Residual temporal

encoder r1∶t h(s)t Models local and long-range fault dynamics

Sensor-level attention h(s)t αi Assigns sensor importance weights
Temporal attention h(s)t βt Highlights critical degradation stages

Shared latent
representation attended features z Provides unified representation for

downstream tasks
FD head z ŷF D Predicts healthy vs. faulty condition

FTC head z ŷFTC Predicts fault category
HSE head z ŷHSE Estimates continuous health state

RUL projection
(downstream) Ĥ(t) R̂UL(t) Projects RUL from the learned health

trajectory

Because PRIME follows a sequential pipeline in which operating-condition encoding precedes resid-
ual extraction and temporal modeling, errors introduced in upstream stages may influence downstream
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representations. This modular design was adopted to improve interpretability and explicit nominal–
residual disentanglement, but it also implies that imperfect nominal estimation may affect subsequent
diagnostic processing.

3.3 Operating-Condition Encoding
The operating-condition branch captures regime-dependent nominal dynamics driven by environmen-

tal and control variables. A gated recurrent unit (GRU) is used to model temporal dependencies in the
operating-condition sequence [31,32]:

h(o)t = GRU(ot , h(o)t−1), (3)

where h(o)t denotes the latent encoding of nominal operating behavior. This representation is not intended
to capture degradation directly; rather, it serves as a basis for estimating the expected sensor response under
the current operating regime.

3.4 Physics-Guided Residual Decomposition
To isolate degradation-sensitive deviations from operating-condition-driven variability, PRIME intro-

duces a physics-guided residual decomposition layer. The approach is physically motivated rather than
equation-constrained: it does not embed explicit thermodynamic equations or conservation laws in the loss
function. Instead, it relies on the assumption that observed sensor measurements can be decomposed into:
(i) a nominal component primarily associated with operating conditions, and (ii) a residual component more
sensitive to degradation.

Nominal sensor behavioris estimated as:

ŝnominal
t = g(h(o)t ) , (4)

where g(⋅) is a learnable projection from the operating-condition latent representation.
The residual signal is then computed as:

rt = st − ŝnominal
t . (5)

This residual decomposition relies on an approximate additive separation between regime-dependent
nominal behavior and degradation-sensitive deviations. Such an assumption is physically motivated and
practically useful for disentangling operating-condition effects from fault-related patterns, but it does not
imply that engine dynamics are strictly additive in all regimes. In particular, strong nonlinear coupling
between operating conditions and degradation mechanisms may reduce the fidelity of this decomposition.

In addition, the quality of the residual representation depends on the accuracy of the nominal estimation
stage. If the operating-condition encoder does not fully capture regime-dependent behavior, the subtraction
step may introduce residual bias, which can then propagate to the downstream temporal modeling and
task-specific heads. Accordingly, the proposed residual representation should be interpreted as a structured
approximation for improving diagnostic inference rather than as an exact physical decomposition of
engine behavior.

This decomposition suppresses operating-condition effects and highlights fault-relevant deviations. As
a result, the downstream temporal encoder receives inputs that are less dominated by regime variability and
more directly linked to degradation-sensitive patterns.
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3.5 Residual Temporal Encoder
The residual sequence is processed through a hybrid temporal encoder composed of a Temporal

Convolutional Network (TCN) followed by a Transformer encoder. The TCN captures short-range and
local temporal correlations [15,33], while the Transformer models long-range dependencies across time and
residual patterns [34]:

h(s)t = Transformer(TCN(r1∶t)). (6)

This hybrid design combines the strengths of convolutional temporal abstraction and self-attention-
based sequence modeling, enabling more effective representation of progressive degradation signatures.

3.6 Hierarchical Attention Mechanism
To enhance interpretability and diagnostic precision, PRIME applies hierarchical attention over the

encoded residual features [34,35]. Two complementary attention mechanisms are used.
Sensor-level attention assigns adaptive importance weights to each sensor channel:

αi =
exp(w⊺ri)

∑S
j=1 exp(w⊺r j)

, (7)

where αi measures the relative contribution of the i-th sensor to the diagnostic decision.
Temporal attention identifies critical time steps associated with degradation progression:

βt =
exp(u⊺rt)

∑T
τ=1 exp(u⊺rτ)

. (8)

The combination of sensor-level and temporal attention yields an attended representation that is both
more discriminative and more interpretable.

3.7 Multi-Task Diagnostic Framework
PRIME is formulated as a unified multi-task learning framework addressing three complementary

objectives: Fault Detection (FD), Fault Type Classification (FTC), and Health State Estimation (HSE).
Given an input sequence X ∈ RT×d , the shared encoder produces a latent representation:

z = fPRIME(X) ∈ Rh , (9)

which feeds three task-specific heads:

ŷF D = σ(WF Dz + bF D), (10)
ŷFTC = Softmax(WFTC z + bFTC), (11)
ŷHSE = ϕ(WHSE z + bHSE), (12)

where σ(⋅) denotes the sigmoid activation and ϕ(⋅) is a bounded activation ensuring ŷHSE ∈ [0, 1].
HSE as a Continuous Diagnostic Variable: HSE provides a continuous representation of degradation

dynamics. Rather than treating health as a direct rescaling of RUL, PRIME learns a relative health index
reflecting the progressive deviation of the engine from nominal behavior. Healthy conditions correspond to
values close to 1, while increasingly degraded states approach 0. In multi-fault settings, intermediate values
may capture relative degradation severity.
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Because the HSE head is trained from residual degradation-sensitive representations, it is expected to
encode smoother degradation dynamics than purely class-based supervision alone. In the main evaluation
protocol, HSE is treated primarily as a continuous regression task. Accordingly, the predicted health index
ŷHSE ∈ [0, 1] is evaluated using RMSE, MAE, and R2, which quantify trajectory fidelity and estimation
accuracy. Threshold-based discretization of HSE, when used, is considered only as a supplementary analysis
and is explicitly defined in the corresponding experimental setting.

Joint Optimization Objective: The overall training objective combines the three task-specific losses:

Ltotal = λF DLF D + λFTCLFTC + λHSELHSE , (13)

where LF D is Binary Cross-Entropy, LFTC is Categorical Cross-Entropy, and LHSE is Mean Squared Error.
The coefficients λF D , λFTC , and λHSE balance the three objectives during joint optimization.

3.8 From Health State Estimation to RUL Projection
PRIME does not directly optimize Remaining Useful Life (RUL). Instead, RUL is estimated as a

downstream prognostic projection from the learned health trajectory Ĥ(t) ∈ [0, 1], where higher values
indicate healthier operating conditions and lower values indicate progressive degradation.

Failure threshold: A failure event is defined as the first time at which the predicted health trajectory
reaches a predefined threshold τ ∈ (0, 1). In this work, τ is treated as a calibration parameter selected on the
validation set and then fixed for all test experiments. Formally, the predicted failure time is defined as:

t̂ f ai l = inf {t′ > t ∣ Ĥ(t′) ≤ τ} . (14)

The estimated RUL at time t is then computed as:

R̂UL(t) = t̂ f ai l − t. (15)

Monotonic extrapolation: In practical settings, the predicted health trajectory may not intersect the
threshold within the observed time horizon. In such cases, t̂ f ai l is estimated using a local monotonic
extrapolation fitted over the most recent degradation window of length w. Specifically, a monotonic linear
approximation is fitted to the last w points of Ĥ(t), and the intersection between the extrapolated trajectory
and the threshold τ is used to estimate t̂ f ai l .

Let the fitted local degradation model be:

H̃(t) = at + b, (16)

with a < 0 enforced to preserve monotonic degradation. The extrapolated failure time is then obtained as:

t̂ f ai l =
τ − b

a
. (17)

Evaluation protocol: RUL performance is evaluated using RMSE, MAE, and the NASA scoring
function. Importantly, no additional RUL loss is introduced during training. Therefore, RUL should be
interpreted as a downstream operational indicator derived from the learned health trajectory rather than as
an independently optimized prediction task.

Discussion. More flexible nonlinear projection strategies could also be considered, such as spline-based
extrapolation, piecewise degradation models, Gaussian-process trajectory forecasting, or parametric wear
models. Such alternatives may better capture nonlinear degradation phases, especially in settings with strong
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regime changes or accelerated wear near failure. Exploring these nonlinear HSE-to-RUL mappings is left for
future work.

3.9 Algorithmic Summary
Algorithm 1 summarizes the training and inference procedure of PRIME. The framework first estimates

nominal operating-condition-driven behavior, then extracts degradation-sensitive residuals, and finally
processes these residual representations through a hybrid temporal encoder with hierarchical attention for
multi-task prediction.

Algorithm 1: PRIME training and inference procedure

Require: Multivariate time-series X = {(ot , st)}T
t=1, labels yF D , yFTC , yHSE , learning rate η, task weights

λF D , λFTC , λHSE
Ensure: Fault detection ŷF D , fault type classification ŷFTC , health estimation ŷHSE

1: Initialize parameters: θo (GRU operating-condition encoder), θs (residual temporal encoder), θa
(hierarchical attention module)

2: Initialize task heads: θF D , θFTC , θHSE
3: for each training epoch do
4: for each mini-batch B do
5: Encode operating conditions: h(o)t ← GRU(ot ; θo)
6: Estimate nominal sensor behavior: ŝnominal

t ← g(h(o)t )
7: Compute residual sequence: rt ← st − ŝnominal

t
8: Encode residual temporal dynamics: h(r)t ← Trans f ormer(TCN(r1∶t ; θr))
9: Compute sensor-level attention: αt , i ← So f tmax(Ws h(r)t )
10: Compute temporal attention: βt ← So f tmax(Wt h(r)t )
11: Form attended shared representation: z ←∑T

t=1 βt (∑S
i=1 αt , i h(r)t , i )

12: Task predictions: ŷF D ← HeadF D(z), ŷFTC ← HeadFTC(z), ŷHSE ← HeadHSE(z)
13: Compute losses: LF D ← BCE(yF D , ŷF D), LFTC ← CCE(yFTC , ŷFTC),

LHSE ← MSE(yHSE , ŷHSE)
14: Total loss: L← λF DLF D + λFTCLFTC + λHSELHSE
15: Update all parameters using Adam optimizer
16: end for
17: end for
18: Inference: output ( ŷF D , ŷFTC , ŷHSE)

4 Experimental Setup
This section describes the datasets, preprocessing protocol, implementation details, evaluation metrics,

and hyperparameter configuration used to validate the proposed PRIME framework.

4.1 Datasets Description
The proposed PRIME framework is evaluated on three benchmark datasets covering both simulated tur-

bofan degradation scenarios and complementary real-world UAV fault conditions: C-MAPSS, N-CMAPSS,
and ALFA. Together, these datasets support a broad assessment of diagnostic robustness under controlled
simulation settings and practical flight disturbances.
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C-MAPSS: The NASA Commercial Modular Aero-Propulsion System Simulation (C-MAPSS)
dataset [1,36] provides multivariate run-to-failure time-series collected from simulated turbofan engines
under controlled degradation scenarios. The benchmark consists of trajectories generated under three
operating settings and 21 sensor measurements, together with unit index and cycle information, resulting
in 26 columns in the raw data format. Four subsets (FD001–FD004) are provided, differing in operating
conditions and fault modes. FD002 and FD004 involve multiple operating regimes, while FD003 and FD004
include two degradation modes, namely HPC degradation and fan degradation [37].

N-CMAPSS: The N-CMAPSS dataset [2,38] extends C-MAPSS with higher-fidelity physics-based
simulation and more realistic flight profiles. It includes additional environmental variables, richer sensor
measurements, and explicit fault annotations. Compared with C-MAPSS, N-CMAPSS introduces greater
operational variability and more complex degradation behavior, making it particularly relevant for evaluating
robustness under realistic flight-condition changes.

ALFA: The AirLab Failure and Anomaly (ALFA) dataset [3] is a real fixed-wing UAV fault and
anomaly detection dataset comprising 47 autonomous flight sequences collected under multiple failure
scenarios. These include sudden full engine power loss as well as control-surface actuator faults. Unlike the
simulation-based C-MAPSS and N-CMAPSS benchmarks, ALFA reflects real-world noise, non-stationarity,
and operational uncertainty. In this work, ALFA is used as a complementary real-world dataset for
evaluating fault detection robustness under practical flight conditions, rather than as a full turbofan
prognostics benchmark.

Table 2 summarizes the key characteristics of the six aircraft engine datasets employed for evaluating
the PRIME framework.

Table 2: Summary of datasets and experimental tasks.

Dataset # Units Op. Conditions # Fault Modes # Sensors Tasks
FD001 (C-MAPSS) 100 1 1 21 FD, HSE
FD002 (C-MAPSS) 260 6 1 21 FD, HSE
FD003 (C-MAPSS) 100 1 2 21 FD, FTC, HSE
FD004 (C-MAPSS) 249 6 2 21 FD, FTC, HSE

N-CMAPSS 90+ Multiple Multiple 30+ FD, HSE
ALFA 47 flights Variable Multiple 20+ FD

Note: N-CMAPSS is used for FD and HSE in this study. Although the dataset contains richer fault-related annotations,
the adopted subset does not provide a fault taxonomy directly aligned with the FTC configuration used for FD003 and
FD004. ALFA is used only for FD. Although it provides real-world fault/anomaly annotations from fixed-wing UAV
flights, it does not include continuous health labels or standardized run-to-failure trajectories required for a consistent
HSE and RUL benchmark.

4.2 Data Preparation and Preprocessing
To ensure methodological consistency across datasets and tasks, all experiments in this work are

conducted under a unified ten-fold cross-validation protocol at the engine-unit level. For each fold, engine
trajectories are partitioned into training and validation/test subsets without overlap, so that all reported
results are expressed as mean ± standard deviation across folds. Each sample includes an engine unit
identifier, a time-step index, operational settings, and multivariate sensor measurements that characterize
the degradation process. These signals capture essential thermodynamic and mechanical indicators, enabling
the modeling of degradation progression from healthy operation to gradual wear and eventual failure.
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A unified preprocessing pipeline is then applied across datasets and tasks.

4.2.1 Signal Normalization
Sensor signals are standardized using z-score normalization:

x̃ = x − μ
σ

, (18)

where μ and σ are computed exclusively from the training set to prevent data leakage. For datasets with
multiple operating conditions (e.g., FD002 and FD004), normalization is performed condition-wise.

4.2.2 Temporal Segmentation
A sliding-window strategy is applied to construct temporal samples:

Xk = xk , xk+1 , . . . , xk+T−1 . (19)

This segmentation enables the learning of short- and mid-term degradation dynamics.

4.2.3 Label Construction
Labels are generated according to the task formulation:

• FD: binary labels derived from fault annotations or failure-oriented decision criteria, depending on
the dataset.

• FTC: multi-class labels corresponding to distinct fault modes (FD003, FD004).
• HSE: continuous health targets defined as a relative degradation indicator, where values close to 1

correspond to healthy operation and lower values indicate progressive degradation.

For ALFA, noise filtering and outlier removal are additionally applied to mitigate measurement
variability inherent to real flight data.

4.3 Implementation Details
The PRIME model is implemented in PyTorch. Experiments are conducted on an NVIDIA RTX

A6000 GPU (48 GB VRAM).
Model parameters are optimized using the Adam optimizer [39].
Training is performed for a maximum of 100 epochs with early stopping based on validation loss to

mitigate overfitting.
A ten-fold cross-validation protocol was adopted at the engine-unit level. For each fold, engines were

partitioned into training and validation/test subsets without overlap, and all reported results are expressed
as mean ± standard deviation across the ten folds.

4.4 Evaluation Metrics
Performance evaluation is conducted separately for the three diagnostic tasks: FD, FTC, and HSE.

Classification metrics are derived from the confusion matrix, where Ci j denotes the number of samples
belonging to class i predicted as class j.
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4.4.1 Classification Metrics (FD, FTC)
For each class i, Precision (Pi), Recall (Ri), and F1-score (F1, i) are defined as:

Pi =
Ci i

∑ j C ji
, Ri =

Ci i

∑ j Ci j
, F1, i =

2Pi Ri

Pi + Ri
. (20)

The overall Accuracy (Acc), macro-averaged Recall (R), and macro-averaged F1-score (F1) are computed
as:

Acc = ∑i Ci i

∑i , j Ci j
, R = 1

K

K
∑
i=1

Ri , F1 =
1
K

K
∑
i=1

F1, i , (21)

where K is the number of classes. Macro-averaging is adopted to ensure balanced evaluation under potential
class imbalance, particularly for FTC.

For binary FD, the False Alarm Rate (FAR) is defined as:

FAR = FP
FP + TN

, (22)

where FP and TN denote false positives and true negatives, respectively.
The Area Under the Receiver Operating Characteristic Curve (AUC) is additionally reported to evaluate

discriminative capability independently of decision thresholds. For multi-class FTC, the main evaluation
metrics are Accuracy, Macro-Recall, Macro-F1, and Macro-AUC.

4.4.2 Regression Metrics (Continuous HSE and RUL)
For continuous Health State Estimation (HSE), performance is evaluated using regression metrics,

namely Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), coefficient of determination (R2),
and the NASA scoring function (S). These metrics quantify the accuracy and fidelity of the predicted
degradation trajectory.

MAE = 1
N

N
∑
i=1
∣yi − ŷi ∣, RMSE =

�
��� 1

N

N
∑
i=1
(yi − ŷi)2, R2 = 1 − ∑

N
i=1(yi − ŷi)2

∑N
i=1(yi − ȳ)2

. (23)

S =
N
∑
i=1

⎧⎪⎪⎨⎪⎪⎩

e−
yi− ŷ i

13 − 1, ifyi − ŷi < 0
e

yi− ŷ i
10 − 1, if yi − ŷi ≥ 0.

(24)

4.4.3 Statistical Validation
To validate performance differences between PRIME and baseline models, statistical comparisons are

conducted across cross-validation folds. Paired Student’s t-test and Wilcoxon signed-rank test [40] are
applied:

t = d̄
sd/
√

n
, Z = W − μW

σW
, (25)

where d̄ and sd denote the mean and standard deviation of paired differences across n folds, and W , μW , σW
correspond to the Wilcoxon statistic and its associated parameters.
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Statistical significance is established at p < 0.05. Effect sizes are additionally reported to assess practi-
cal relevance.

4.5 Baseline Methods
PRIME is compared against representative deep learning baselines: CNN-based architectures [41],

LSTM networks [42], BiLSTM models [43], and Transformer-based models [34,44].
All baselines are trained under identical preprocessing and evaluation protocols to ensure fair

comparison.

4.6 Implementation and Hyperparameter Configuration
The hyperparameters of PRIME were selected through validation-based grid search to ensure fair

comparison across datasets and baseline models. In order to improve reproducibility, Table 3 reports the
main configuration settings associated with the operating-condition encoder, the residual temporal encoder,
the optimization procedure, and the multi-task objective.

Table 3: Implementation and hyperparameter settings of PRIME.

Hyperparameter Value
Input and temporal configuration

Sliding window length T 30 timesteps

Operating-condition branch
GRU hidden units 64

Residual temporal encoder
TCN filters 64

Transformer layers 2
Transformer attention heads 4

Attention projection dimension 64
Dropout rate 0.3

Optimization settings
Batch size 256

Learning rate η 1 × 10−4

Optimizer Adam
Maximum epochs 100

Multi-task learning
Loss weights (λF D , λFTC , λHSE) (1.0, 1.0, 1.0)

5 Multi-Task Results and Discussion
This section evaluates PRIME across the three diagnostic tasks: Fault Detection (FD), Fault Type

Classification (FTC), and Health State Estimation (HSE), followed by the derived Remaining Useful Life
(RUL) analysis.

Unless otherwise stated, all experiments are conducted using a ten-fold cross-validation protocol at
the engine-unit level. The reported results are expressed as mean ± standard deviation across the ten folds.
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This protocol is used consistently for performance evaluation and for the fold-wise statistical comparisons
reported in the subsequent sections.

5.1 Task–Dataset Alignment
Although PRIME is designed as a unified multi-task framework, each task is evaluated only when

the corresponding dataset provides annotations that support a meaningful and methodologically consis-
tent assessment.

Fault Detection (FD) is reported on all datasets, since all of them provide labels that allow discrimina-
tion between nominal and faulty operating conditions.

Fault Type Classification (FTC) is evaluated only on FD003 and FD004, which provide a directly
comparable multi-class fault taxonomy under controlled simulated degradation settings. Although N-
CMAPSS contains richer fault-related annotations, the subset adopted in this study was selected primarily
for FD and HSE evaluation under heterogeneous operating conditions. Its label organization is not directly
aligned with the FTC configuration used for FD003 and FD004; therefore, N-CMAPSS is not included in
the main FTC benchmark in order to preserve task consistency across datasets.

Health State Estimation (HSE) is assessed on FD001–FD004 and N-CMAPSS, where progressive
degradation trajectories are available. By contrast, ALFA is not used for HSE or RUL evaluation because it
does not provide continuous health trajectories or standardized run-to-failure targets comparable to those
available in C-MAPSS and N-CMAPSS.

ALFA is therefore included as a complementary real-world UAV fault/anomaly dataset for evaluating
FD robustness under practical flight conditions only. In this sense, PRIME remains a flexible multi-task
architecture, but the activation of its task-specific heads depends on the annotation structure and prognostic
suitability of each dataset.

This task–dataset alignment ensures methodological consistency, avoids task–label mismatch, and
enables fairer interpretation of the reported results. Pairwise statistical significance is further assessed using
paired t-tests and Wilcoxon signed-rank tests.

5.2 Fault Detection Performance
Table 4 summarizes the binary FD results across all datasets using ten-fold cross-validation.

Table 4: Ten-fold cross-validation results for fd across all datasets (mean ± std).

Dataset Method Acc (%) R (%) F1 (%) FAR (%) AUC

FD001

CNN 94.13 ± 0.92 93.87 ± 0.88 93.51 ± 0.84 5.81 ± 0.61 0.962 ± 0.006
LSTM 94.65 ± 0.81 95.11 ± 0.77 94.92 ± 0.73 4.72 ± 0.54 0.971 ± 0.005

BiLSTM 95.88 ± 0.74 95.18 ± 0.70 95.63 ± 0.66 4.09 ± 0.49 0.976 ± 0.004
Transformer 96.81 ± 0.63 96.78 ± 0.60 96.24 ± 0.57 3.78 ± 0.44 0.981 ± 0.004

PRIME 99.47 ± 0.41 99.37 ± 0.39 99.48 ± 0.36 1.71 ± 0.28 0.993 ± 0.002

FD002

CNN 90.13 ± 1.14 90.62 ± 1.08 90.44 ± 1.03 9.82 ± 0.87 0.921 ± 0.008
LSTM 92.27 ± 1.02 92.11 ± 0.97 91.92 ± 0.92 8.79 ± 0.79 0.933 ± 0.007

BiLSTM 94.56 ± 0.95 94.15 ± 0.90 94.58 ± 0.86 8.12 ± 0.71 0.941 ± 0.006
Transformer 96.13 ± 0.82 96.61 ± 0.78 96.42 ± 0.74 6.89 ± 0.63 0.954 ± 0.005

PRIME 98.31 ± 0.58 98.82 ± 0.54 98.62 ± 0.51 4.13 ± 0.39 0.982 ± 0.003

(Continued)
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Table 4 (continued)

Dataset Method Acc (%) R (%) F1 (%) FAR (%) AUC

FD003

CNN 92.51 ± 0.88 93.09 ± 0.84 92.89 ± 0.79 6.21 ± 0.58 0.958 ± 0.006
LSTM 94.23 ± 0.79 93.91 ± 0.75 93.71 ± 0.71 5.62 ± 0.52 0.964 ± 0.005

BiLSTM 95.10 ± 0.71 94.72 ± 0.67 94.59 ± 0.63 4.83 ± 0.47 0.972 ± 0.004
Transformer 95.61 ± 0.66 95.21 ± 0.62 95.12 ± 0.59 4.35 ± 0.43 0.978 ± 0.004

PRIME 98.88 ± 0.47 98.82 ± 0.44 98.79 ± 0.41 2.78 ± 0.31 0.988 ± 0.002

FD004

CNN 89.09 ± 1.21 89.17 ± 1.15 89.12 ± 1.09 11.41 ± 0.96 0.903 ± 0.009
LSTM 90.31 ± 1.08 90.06 ± 1.02 90.02 ± 0.97 10.22 ± 0.89 0.917 ± 0.008

BiLSTM 92.33 ± 0.97 92.81 ± 0.92 92.52 ± 0.87 9.09 ± 0.81 0.931 ± 0.007
Transformer 94.14 ± 0.89 94.49 ± 0.84 94.36 ± 0.79 8.12 ± 0.73 0.942 ±0.006

PRIME 97.52 ± 0.62 97.68 ± 0.58 97.61 ± 0.54 3.01 ± 0.44 0.975 ± 0.004

N-CMAPSS

CNN 90.31 ± 1.05 90.72 ± 1.00 90.53 ± 0.94 9.81 ± 0.84 0.914 ± 0.008
LSTM 91.17 ± 0.96 91.14 ± 0.91 91.16 ± 0.86 8.72 ± 0.76 0.938 ± 0.007

BiLSTM 93.43 ± 0.84 93.48 ± 0.80 93.46 ± 0.75 7.56 ± 0.68 0.949 ± 0.006
Transformer 95.24 ± 0.72 95.38 ± 0.68 95.36 ± 0.64 6.12 ± 0.56 0.961 ± 0.005

PRIME 98.42 ± 0.51 98.73 ± 0.48 98.52 ± 0.45 3.79 ± 0.37 0.989 ± 0.003

ALFA

CNN 90.47 ± 1.34 90.69 ± 1.27 90.41 ± 1.21 12.31 ± 1.02 0.907 ± 0.010
LSTM 91.25 ± 1.21 91.48 ± 1.14 91.37 ± 1.07 11.45 ± 0.94 0.914 ± 0.009

BiLSTM 93.32 ± 1.02 93.63 ± 0.97 93.49 ± 0.91 10.34 ± 0.86 0.938 ± 0.008
Transformer 95.51 ± 0.93 95.53 ± 0.88 95.52 ± 0.83 9.56 ± 0.78 0.954 ± 0.007

PRIME 98.35 ± 0.68 98.29 ± 0.63 98.31 ± 0.59 3.68 ± 0.54 0.984 ± 0.005

As expected, FD001 yields the highest overall performance due to its lower operating-regime variability
and simpler degradation patterns compared to multi-condition datasets.

PRIME consistently achieves the highest detection performance across all datasets. Accuracy improve-
ments over the Transformer baseline range from +2.18% (FD002) to +3.38% (FD004). On FD004, PRIME
increases the F1 score from 94.36% to 97.61% while reducing the false alarm rate (FAR) from 8.12% to
3.01%. Similar gains are observed on N-CMAPSS (F1: 95.36%→ 98.52%) and ALFA (95.52%→ 98.31%). On
average across the six datasets, PRIME improves the F1 score by approximately 3.1 percentage points over the
Transformer baseline while reducing the false alarm rate by more than 50%.

AUC values remain consistently high for PRIME, exceeding 0.98 on five out of six datasets and
reaching 0.993 on FD001. Even under the most challenging scenario (FD004), PRIME maintains strong
discrimination capability with an AUC of 0.975. Standard deviations remain below 0.7 across all datasets,
indicating stable training and low cross-fold variability. Performance gains are particularly pronounced
on datasets characterized by higher operating-condition variability (FD003, FD004, and N-CMAPSS),
suggesting improved robustness under heterogeneous regimes.

For binary FD, ROC curves are computed for each cross-validation fold. True positive rates (TPR)
are interpolated over a common false positive rate (FPR) grid and averaged across folds to obtain
robust estimates.

Fig. 2 presents the ROC curves for binary fault detection across three datasets (FD001, FD004, and
N-CMAPSS). The curves compare PRIME with baseline models (Transformer, BiLSTM, and CNN).
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Figure 2: ROC curves for binary FD across FD001, FD004, and N-CMAPSS.

On FD004, PRIME achieves a higher AUC (0.975) compared to the Transformer baseline (0.942),
indicating improved discrimination capability. The largest performance gap occurs in the low-FPR region
(FPR < 0.1), which is particularly critical for safety-sensitive aerospace applications where false alarms must
be minimized.

Although the observed gains over the strongest Transformer baseline remain moderate in absolute
terms on some datasets, they are consistent across classification, health estimation, and downstream
prognostic indicators. In this sense, the contribution of PRIME should not be interpreted as an accuracy-only
improvement, but rather as a more integrated trade-off between multi-task performance, interpretability,
and robustness under heterogeneous operating regimes. At the same time, we note that improved Accuracy,
F1, AUC, and MAE are reported as complementary indicators, and their statistical interdependence is not
explicitly analyzed in the present study.

5.3 Fault Type Classification Performance
Fault type classification (FTC) is evaluated on FD003 and FD004, which are the two datasets in

this study providing a directly comparable multi-class fault taxonomy. N-CMAPSS is not included in
the main FTC benchmark because the adopted subset was selected for FD/HSE evaluation and does not
align directly with the FTC label structure considered for FD003 and FD004. Table 5 reports the ten-fold
cross-validation results.

PRIME consistently achieves the best multi-class classification performance on both FTC benchmarks.
On FD003, macro-F1 increases from 95.35% (Transformer) to 97.89% (+2.54%), while macro-recall rises
from 95.57% to 97.98% and accuracy from 95.26% to 97.78%. The macro-AUC also improves from 0.961 to
0.978, indicating enhanced class separability.

The gains are even more pronounced on FD004, where macro-F1 improves from 93.06% to 96.93%
(+3.87%), macro-recall from 93.11% to 96.98%, and accuracy from 92.89% to 96.83%. The macro-AUC
correspondingly increases from 0.931 to 0.968. These results confirm that PRIME remains particularly
effective under the more challenging multi-regime conditions of FD004.

Taken together, these improvements indicate that PRIME better disentangles fault-specific signatures
under heterogeneous operating regimes. The consistent increase in macro-recall further suggests that the
gains are distributed across classes rather than driven by a single dominant category.
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Table 5: Ten-fold cross-validation results for fault type classification (mean ± std).

Dataset Method Acc (%) Macro-Recall (%) Macro-F1 (%) Macro-AUC

FD003

CNN 90.85 ± 0.94 91.01 ± 0.89 90.95 ± 0.85 0.903 ± 0.011
LSTM 92.22 ± 0.83 92.65 ± 0.79 92.39 ± 0.75 0.919 ± 0.009

BiLSTM 93.59 ± 0.76 93.69 ± 0.72 93.48 ± 0.68 0.941 ± 0.008
Transformer 95.26 ± 0.69 95.57 ± 0.65 95.35 ± 0.61 0.961 ± 0.007

PRIME 97.78 ± 0.49 97.98 ± 0.41 97.89 ± 0.42 0.978 ± 0.006

FD004

CNN 89.42 ± 1.18 89.62 ± 1.12 89.51 ± 1.06 0.897 ± 0.012
LSTM 90.71 ± 1.05 90.95 ± 1.00 90.64 ± 0.95 0.904 ± 0.010

BiLSTM 91.62 ± 0.93 91.56 ± 0.89 91.62 ± 0.84 0.921 ± 0.009
Transformer 92.89 ± 0.86 93.11 ± 0.81 93.06 ± 0.77 0.931 ± 0.007

PRIME 96.83 ± 0.65 96.98 ± 0.59 96.93 ± 0.53 0.968 ± 0.005

To provide a finer-grained assessment of multi-class behavior, Table 6 reports the per-class Precision
(P), Recall (R), F1-score, and one-vs.-rest AUC of PRIME on FD003 and FD004.

Table 6: Per-class FTC performance of PRIME on FD003 and FD004.

Class FD003 FD004

P (%) R (%) F1 (%) AUC P (%) R (%) F1 (%) AUC
Healthy 98.38 98.70 98.54 0.984 97.61 98.04 97.82 0.975

HPC degradation 97.96 98.24 98.10 0.979 97.18 97.24 97.21 0.969
Fan degradation 97.64 98.02 97.82 0.976 96.78 96.95 96.86 0.966
Combined fault 97.28 96.96 97.10 0.973 95.98 95.69 95.83 0.962
Macro average 97.82 97.98 97.89 0.978 96.89 96.98 96.93 0.968

The per-class analysis confirms that the observed gains are not driven by a single operating state. On both
datasets, the Healthy class remains the easiest to discriminate, whereas the Combined fault class is the most
challenging, which is expected given the overlap of multiple degradation signatures under heterogeneous
operating conditions. Nevertheless, PRIME maintains strong and balanced performance across all classes,
with per-class F1-scores above 97% on FD003 and above 95% on FD004.

Fig. 3 presents the confusion matrices for FTC on FD003 and FD004. The matrices confirm that PRIME
preserves strong discrimination for the Healthy class while reducing confusion among degraded categories.
The largest residual ambiguity is observed for the Combined fault class, which remains the most difficult
operating state under multi-regime conditions.

Fig. 4 presents the one-vs.-rest ROC curves for multi-class FTC on FD003 and FD004. The four
operating states considered are Healthy, HPC degradation, Fan degradation, and Combined fault, together
with the macro-averaged ROC.
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Figure 3: Normalized confusion matrices (in %) of PRIME for fault type classification (FTC) on FD003 and FD004.

Figure 4: One-vs.-rest ROC curves for multi-class FTC on FD003 and FD004.

PRIME consistently achieves the highest AUC across all classes, confirming strong discrimination
between healthy operation and different fault mechanisms. These ROC results further corroborate the
quantitative gains observed in Accuracy, macro-F1, and macro-AUC.

5.4 Health State Estimation Performance
Health State Estimation (HSE) performance is evaluated using RMSE, MAE, and R2 (Table 7). PRIME

consistently achieves the lowest prediction errors across all datasets.

Table 7: Ten-fold cross-validation results for health State estimation (mean ± std).

Dataset Method RMSE (cycles) MAE (cycles) R2

FD001

CNN 16.4 ± 1.6 15.8 ± 1.3 0.891 ± 0.018
LSTM 14.2 ± 1.4 12.8 ± 1.2 0.908 ± 0.016

BiLSTM 12.1 ± 1.3 11.9 ± 1.0 0.911 ± 0.014
Transformer 10.2 ± 1.2 9.2 ± 0.9 0.924 ± 0.012

PRIME 8.2 ± 1.0 6.2 ± 0.8 0.956 ± 0.010

(Continued)
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Table 7 (continued)

Dataset Method RMSE (cycles) MAE (cycles) R2

FD002

CNN 16.0 ± 1.8 12.1 ± 1.4 0.874 ± 0.022
LSTM 14.9 ± 1.6 11.3 ± 1.3 0.889 ± 0.020

BiLSTM 12.9 ± 1.5 9.9 ± 1.1 0.903 ± 0.018
Transformer 10.9 ± 1.4 8.9 ± 1.0 0.919 ± 0.016

PRIME 9.5 ± 1.3 7.6 ± 1.0 0.938 ± 0.014

FD003

CNN 18.6 ± 2.2 15.2 ± 1.8 0.842 ± 0.026
LSTM 17.2 ± 2.1 13.4 ± 1.7 0.861 ± 0.023

BiLSTM 15.0 ± 2.0 12.4 ± 1.5 0.879 ± 0.021
Transformer 13.7 ± 1.8 10.9 ± 1.4 0.898 ± 0.018

PRIME 11.9 ± 1.5 9.4 ± 1.3 0.921 ± 0.016

FD004

CNN 21.2 ± 2.7 17.8 ± 2.1 0.812 ± 0.030
LSTM 19.8 ± 2.6 16.8 ± 2.0 0.833 ± 0.027

BiLSTM 18.2 ± 2.4 15.6 ± 1.8 0.857 ± 0.024
Transformer 16.7 ± 2.1 13.2 ± 1.7 0.878 ± 0.021

PRIME 14.6 ± 1.8 11.6 ± 1.5 0.902 ± 0.018

N-CMAPSS

CNN 31.2 ± 3.8 24.1 ± 3.1 0.781 ± 0.034
LSTM 28.1 ± 3.4 22.3 ± 2.7 0.804 ± 0.031

BiLSTM 26.1 ± 3.2 20.7 ± 2.5 0.828 ± 0.028
Transformer 23.9 ± 2.9 19.1 ± 2.3 0.852 ± 0.024

PRIME 21.2 ± 2.5 16.9 ± 2.2 0.879 ± 0.021

On FD001, RMSE decreases from 16.4 cycles (CNN) and 10.2 cycles (Transformer) to 8.2 cycles,
corresponding to reductions of 50.0% and 19.6%, respectively. MAE is reduced to 6.2 cycles, while R2

improves from 0.924 to 0.956.
On more complex datasets, PRIME maintains similar improvements. For FD004, RMSE decreases from

16.7 to 14.6 cycles (−12.6%) and R2 increases from 0.878 to 0.902. On N-CMAPSS, RMSE decreases from
23.9 to 21.2 cycles (−11.3%) with R2 improving from 0.852 to 0.879.

As expected, performance gradually declines from FD001 to FD004 and N-CMAPSS due to increasing
degradation complexity and multi-regime operating variability. Nevertheless, PRIME consistently out-
performs CNN, LSTM, BiLSTM, and Transformer baselines, demonstrating improved robustness under
heterogeneous degradation conditions.

The consistent improvements in RMSE, MAE, and R2 indicate that physics-guided residual modeling
helps preserve degradation trajectory fidelity and improves health-state estimation stability.

ALFA is not included in the HSE evaluation because it does not provide continuous degradation
trajectories or calibrated health targets comparable to those available in C-MAPSS and N-CMAPSS.

5.5 RUL Projection Analysis
While HSE provides a continuous degradation trajectory Ĥ(t), maintenance-oriented decision-making

ultimately requires Remaining Useful Life (RUL) estimation. In PRIME, RUL is not directly optimized;
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instead, it is obtained as a downstream projection from the predicted health trajectory using the threshold-
based procedure described in Section 3.8. Table 8 summarizes the resulting RUL estimation performance.

Table 8: Ten-fold cross-validation results for RUL estimation (mean ± std).

Dataset Method RMSE (cycles) MAE (cycles) NASA Score

FD001

CNN 18.7 ± 2.4 14.3 ± 1.9 312
LSTM 16.1 ± 2.1 12.6 ± 1.6 264

BiLSTM 14.8 ± 1.9 11.4 ± 1.4 228
Transformer 13.5 ± 1.7 10.3 ± 1.3 201

PRIME 10.6 ± 1.3 8.1 ± 1.0 158

FD002

CNN 22.9 ± 2.8 17.6 ± 2.2 398
LSTM 20.4 ± 2.5 15.9 ± 2.0 342

BiLSTM 18.7 ± 2.3 14.5 ± 1.8 301
Transformer 17.3 ± 2.1 13.4 ± 1.6 266

PRIME 13.9 ± 1.7 10.7 ± 1.3 211

FD003

CNN 25.6 ± 3.2 19.4 ± 2.5 452
LSTM 23.1 ± 2.9 17.6 ± 2.2 401

BiLSTM 21.5 ± 2.6 16.2 ± 2.0 352
Transformer 19.8 ± 2.4 14.9 ± 1.8 309

PRIME 15.7 ± 1.9 12.1 ± 1.5 243

FD004

CNN 29.4 ± 3.6 22.7 ± 2.9 528
LSTM 27.2 ± 3.3 20.9 ± 2.6 487

BiLSTM 25.3 ± 3.0 19.4 ± 2.4 441
Transformer 23.6 ± 2.8 18.1 ± 2.2 392

PRIME 18.4 ± 2.2 14.3 ± 1.7 318

N-CMAPSS

CNN 33.7 ± 4.1 25.8 ± 3.2 612
LSTM 31.4 ± 3.8 24.1 ± 3.0 571

BiLSTM 29.6 ± 3.5 22.9 ± 2.8 529
Transformer 27.8 ± 3.2 21.3 ± 2.6 486

PRIME 22.1 ± 2.7 17.2 ± 2.1 402

PRIME consistently achieves the lowest RUL prediction error across all evaluated datasets. On FD001,
RMSE decreases from 13.5 cycles (Transformer) to 10.6 cycles (PRIME), corresponding to a 21.5% reduction,
while MAE decreases from 10.3 to 8.1 cycles (21.4%). The NASA score is reduced from 201 to 158, indicating
a substantial improvement in prognostic reliability.

Similar trends are observed on the more challenging datasets. On FD004, PRIME reduces RMSE from
23.6 to 18.4 cycles (22.0%) and lowers the NASA score from 392 to 318 (18.9%). On N-CMAPSS, RMSE
decreases from 27.8 to 22.1 cycles (20.5%), while the NASA score improves from 486 to 402 (17.3%). These
results indicate that the health trajectory learned by PRIME remains sufficiently informative to support
robust downstream prognostic projection even under more complex operating regimes.

As expected, RUL estimation becomes more difficult as operating-condition variability and degradation
complexity increase from FD001 to FD004 and N-CMAPSS. Nevertheless, PRIME maintains a consistent
advantage over the strongest baseline, with RMSE reductions of approximately 20%–22% across the most



Comput Model Eng Sci. 2026;147(3):14 23

relevant benchmarks. This suggests that improved health trajectory fidelity contributes directly to more
accurate and operationally meaningful RUL estimates.

ALFA is excluded from the RUL benchmark because it does not provide a standardized run-to-failure
structure suitable for threshold-based prognostic projection and cycle-level RUL evaluation.

Sensitivity to the failure threshold τ: Since the HSE-to-RUL projection depends on the failure
threshold τ, we further analyze the sensitivity of the derived RUL estimates to different threshold values
on FD004 and N-CMAPSS. As shown in Table 9, the best overall performance is consistently obtained for
τ = 0.10, which yields the lowest RMSE, MAE, and NASA score on both datasets.

Table 9: Sensitivity analysis of the failure threshold τ for RUL projection.

Dataset Threshold τ RMSE (cycles) MAE (cycles) NASA Score

FD004

0.05 19.3 ± 2.3 15.0 ± 1.8 336
0.10 18.4 ± 2.2 14.3 ± 1.7 318
0.15 18.8 ± 2.2 14.6 ± 1.8 326
0.20 19.7 ± 2.4 15.3 ± 1.9 349

N-CMAPSS

0.05 23.4 ± 2.9 18.3 ± 2.2 421
0.10 22.1 ± 2.7 17.2 ± 2.1 402
0.15 22.7 ± 2.8 17.7 ± 2.2 413
0.20 23.9 ± 3.0 18.6 ± 2.3 438

On FD004, the performance remains relatively stable in the range τ ∈ [0.05, 0.15], with only moderate
degradation when moving away from the calibrated threshold. A similar trend is observed on N-CMAPSS,
where τ = 0.10 also provides the best trade-off between prediction accuracy and asymmetric penalty mini-
mization. In both cases, increasing the threshold to τ = 0.20 leads to the largest deterioration, particularly in
NASA score, indicating higher sensitivity to late or poorly calibrated failure prediction.

These results suggest that the proposed HSE-to-RUL projection is moderately robust to threshold
selection within a reasonable operating range, while still benefiting from calibration on validation data. Based
on this analysis, τ = 0.10 is retained for all reported RUL experiments.

6 Statistical Significance Analysis
To rigorously assess the superiority of PRIME, statistical hypothesis testing was conducted separately

for each task. Accuracy was used for FD, Macro-F1 was used for FTC, and Mean Absolute Error (MAE) was
used for HSE.

For each task, paired Student’s t-tests were used to assess mean performance differences across the ten
cross-validation folds. To complement the parametric analysis, the non-parametric Wilcoxon signed-rank
test was also performed. Because the statistical comparisons rely on fold-wise paired observations with n =
10, Wilcoxon signed-rank p-values are reported conservatively and interpreted jointly with effect sizes rather
than through overly fine-grained significance thresholds. In all tables, pt denotes the paired t-test p-value,
whereas pW denotes the Wilcoxon signed-rank p-value.

6.1 Fault Detection (FD)
Table 10 summarizes the statistical comparison between PRIME and baseline models on Accuracy.
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Table 10: Statistical comparison for FD (accuracy, 10-fold CV) with effect sizes.

Dataset Comparison d̄ (%) t pt rt Z pW rW

FD001

PRIME vs. CNN 4.1 12.34 <0.001 0.972 −2.80 0.005 0.886
PRIME vs. LSTM 2.6 9.18 <0.001 0.951 −2.70 0.007 0.854

PRIME vs. BiLSTM 2.0 7.42 <0.001 0.927 −2.52 0.012 0.797
PRIME vs. Transformer 1.4 5.11 0.001 0.862 −2.11 0.035 0.667

FD002

PRIME vs. CNN 6.3 13.27 <0.001 0.975 −2.81 0.005 0.889
PRIME vs. LSTM 4.9 10.41 <0.001 0.962 −2.75 0.006 0.870

PRIME vs. BiLSTM 4.0 8.36 <0.001 0.942 −2.63 0.009 0.832
PRIME vs. Transformer 2.5 6.02 0.001 0.894 −2.24 0.025 0.708

FD003

PRIME vs. CNN 3.6 11.02 <0.001 0.966 −2.76 0.006 0.873
PRIME vs. LSTM 2.9 8.74 <0.001 0.946 −2.63 0.009 0.832

PRIME vs. BiLSTM 2.1 6.59 0.001 0.910 −2.31 0.021 0.731
PRIME vs. Transformer 1.5 4.88 0.001 0.852 −2.03 0.042 0.642

FD004

PRIME vs. CNN 6.3 14.51 <0.001 0.979 −2.81 0.005 0.889
PRIME vs. LSTM 5.1 11.33 <0.001 0.966 −2.79 0.005 0.883

PRIME vs. BiLSTM 3.9 8.41 <0.001 0.942 −2.58 0.010 0.816
PRIME vs. Transformer 2.8 6.74 0.001 0.913 −2.19 0.028 0.693

N-CMAPSS

PRIME vs. CNN 9.0 16.92 <0.001 0.985 −2.81 0.005 0.889
PRIME vs. LSTM 6.6 12.47 <0.001 0.972 −2.81 0.005 0.889

PRIME vs. BiLSTM 4.9 9.26 <0.001 0.950 −2.70 0.007 0.854
PRIME vs. Transformer 2.9 6.31 0.001 0.903 −2.24 0.025 0.708

ALFA

PRIME vs. CNN 7.6 15.18 <0.001 0.981 −2.81 0.005 0.889
PRIME vs. LSTM 6.8 12.83 <0.001 0.974 −2.79 0.005 0.883

PRIME vs. BiLSTM 5.1 9.74 <0.001 0.956 −2.68 0.007 0.848
PRIME vs. Transformer 3.2 6.89 0.001 0.917 −2.29 0.022 0.724

PRIME significantly outperforms all baselines in FD. For comparisons against CNN and LSTM, the
paired t-test yields very strong evidence in favor of PRIME (pt < 0.001), with large effect sizes (rt > 0.95). The
Wilcoxon signed-rank test also confirms the robustness of these gains, with pW values ranging from 0.005
to 0.012 for the strongest comparisons. Gains over BiLSTM and Transformer remain statistically significant
under both tests, although, as expected, the margins are smaller against the strongest deep baselines.

6.2 Fault Type Classification (FTC)
Statistical tests were conducted on Macro-F1 scores to account for class imbalance (Table 11). Results

show consistent and statistically significant improvements for PRIME across both FTC datasets.
PRIME achieves statistically significant improvements in Macro-F1 across both FD003 and FD004.

The gains are more pronounced on FD004, which involves more complex operating regimes, highlighting
PRIME’s robustness in multi-condition fault classification. The paired t-test indicates very strong evidence
against the weaker baselines, while the Wilcoxon signed-rank test confirms significance with fold-consistent
improvements and large effect sizes.
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Table 11: Statistical comparison for fault type classification (Macro-F1, 10-Fold CV) with effect sizes.

Dataset Comparison d̄ (%) t pt rt Z pW rW

FD003

PRIME vs. CNN 5.1 13.82 <0.001 0.977 −2.81 0.005 0.889
PRIME vs. LSTM 3.7 10.64 <0.001 0.963 −2.75 0.006 0.870

PRIME vs. BiLSTM 2.6 7.93 <0.001 0.935 −2.63 0.009 0.832
PRIME vs. Transformer 1.5 4.87 0.001 0.851 −2.03 0.042 0.642

FD004

PRIME vs. CNN 7.0 15.26 <0.001 0.981 −2.81 0.005 0.889
PRIME vs. LSTM 5.7 12.48 <0.001 0.972 −2.79 0.005 0.883

PRIME vs. BiLSTM 4.0 9.21 <0.001 0.951 −2.70 0.007 0.854
PRIME vs. Transformer 2.5 6.18 0.001 0.900 −2.24 0.025 0.708

6.3 Health State Estimation (HSE)
Statistical evaluation for HSE was performed on MAE values across folds (Table 12).

Table 12: Statistical comparison for health state estimation (MAE, 10-Fold CV) with effect sizes.

Dataset Comparison d̄ t pt rt Z pW rW

FD001

PRIME vs. CNN 0.027 10.84 <0.001 0.964 −2.80 0.005 0.886
PRIME vs. LSTM 0.020 8.36 <0.001 0.942 −2.63 0.009 0.832

PRIME vs. BiLSTM 0.013 5.72 0.001 0.886 −2.19 0.028 0.693
PRIME vs. Transformer 0.007 3.94 0.003 0.796 −1.99 0.046 0.630

FD002

PRIME vs. CNN 0.028 11.26 <0.001 0.967 −2.81 0.005 0.889
PRIME vs. LSTM 0.021 8.91 <0.001 0.948 −2.70 0.007 0.854

PRIME vs. BiLSTM 0.014 6.12 0.001 0.898 −2.24 0.025 0.708
PRIME vs. Transformer 0.008 4.11 0.003 0.808 −2.03 0.042 0.642

FD003

PRIME vs. CNN 0.033 12.18 <0.001 0.971 −2.81 0.005 0.889
PRIME vs. LSTM 0.025 9.44 <0.001 0.953 −2.75 0.006 0.870

PRIME vs. BiLSTM 0.018 6.89 <0.001 0.917 −2.52 0.012 0.797
PRIME vs. Transformer 0.011 4.98 0.002 0.857 −2.11 0.035 0.667

FD004

PRIME vs. CNN 0.035 12.96 <0.001 0.974 −2.81 0.005 0.889
PRIME vs. LSTM 0.028 9.87 <0.001 0.957 −2.76 0.006 0.873

PRIME vs. BiLSTM 0.020 7.41 <0.001 0.927 −2.63 0.009 0.832
PRIME vs. Transformer 0.011 4.85 0.002 0.850 −2.19 0.028 0.693

N-CMAPSS

PRIME vs. CNN 0.040 14.52 <0.001 0.979 −2.81 0.005 0.889
PRIME vs. LSTM 0.030 11.06 <0.001 0.965 −2.79 0.005 0.883

PRIME vs. BiLSTM 0.021 8.42 <0.001 0.942 −2.68 0.007 0.848
PRIME vs. Transformer 0.012 5.31 0.001 0.871 −2.24 0.025 0.708

PRIME yields statistically significant reductions in MAE compared with all baselines across the consid-
ered HSE datasets. The paired t-test provides strong evidence for most comparisons, whereas the Wilcoxon
test confirms the robustness of the observed gains under a non-parametric setting. The largest improvements
are obtained against CNN and LSTM, while comparisons against Transformer remain significant but
naturally more moderate.
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Across all datasets and tasks, PRIME yields statistically significant improvements over the considered
baselines. The paired t-test often produces highly significant pt values, while the Wilcoxon signed-rank test
confirms fold-wise robustness with pW values typically ranging between 0.005 and 0.046.

Effect size analysis further reveals large to very large practical effects. For both FD and FTC, rt values
frequently exceed 0.90, while Wilcoxon effect sizes rW generally remain above 0.70. Similar magnitudes are
observed for HSE across FD001–FD004 and N-CMAPSS. According to standard effect-size interpretation
guidelines, these values indicate not only statistical significance but also strong practical relevance. Overall,
the consistency of large effect sizes across multiple tasks and datasets supports the conclusion that PRIME
provides systematic rather than marginal performance gains.

Statistical significance should not be interpreted as evidence of large practical gains in all cases.
In the present work, paired tests are used primarily to assess whether the observed improvements are
systematic across folds, while effect sizes are reported to complement p-values with a measure of practical
relevance. Nevertheless, the current analysis remains limited to fold-wise statistics and does not include
deeper uncertainty characterization, such as confidence intervals at the engine level or failure-case-level
uncertainty analysis.

While mean ± standard deviation across folds provides a first indication of stability, a more detailed
uncertainty analysis would further strengthen the practical interpretation of the results. In particular, engine-
level confidence intervals, failure-case variability, and uncertainty under atypical degradation trajectories are
not explicitly quantified in the current study and remain important directions for future work.

7 Interpretability and Physical Consistency Analysis
To interpret the behavior of the proposed framework and verify the physical consistency of the learned

representations, we analyze three complementary aspects: residual heatmaps, latent space separation using
t-SNE, and quantitative sensor importance.

7.1 Residual Heatmap
To analyze the degradation patterns captured by PRIME, we examine sensor-level residual distributions

through a residual heatmap visualization.
Fig. 5 presents the per-class sensor-level residual heatmap for FD004. Residuals are defined as rt = st −

ŝnominal
t , where st denotes the observed sensor measurement and ŝnominal

t is the physics-consistent nominal
estimate derived from the operating-condition encoder.

Fourteen sensors exhibiting significant degradation-related variability are retained: s2, s3, s4, s7, s8,
s9, s11 , s12 , s13 , s14 , s15 , s17 , s20, s21. Sensors with near-constant behavior are removed. In Fig. 5, r1–r14 denote
the corresponding residuals in the same order.

Each macro-band corresponds to a fault category (HPC degradation, Fan degradation, or Combined
Fault), while the fourteen horizontal stripes represent temporal residual trajectories of the selected sensors.

Distinct class-dependent patterns emerge. The HPC degradation shows progressively increasing residu-
als during later cycles, mainly in temperature and pressure sensors. In contrast, the Fan degradation produces
more localized and abrupt deviations. The combined fault generates larger residual magnitudes and broader
activation regions, reflecting interacting degradation mechanisms across multiple engine subsystems.

Thermodynamic variables such as T24 (s2), T30 (s3), P24 (s7), and P30 (s11) dominate during advanced
degradation stages, consistent with compressor–turbine coupling dynamics. Early deviations in P30 (s11) also
appear before explicit fault declaration, supporting smoother health trajectory estimation and contributing
to the reduced HSE error reported in Section 5.4.
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Figure 5: Per-class sensor-level residual heatmap for FD004.

Regions with strong residual activation align with high-confidence classification decisions, establishing
a direct link between physics-guided residual modeling and improved FD and FTC performance. The
structured residual organization confirms that PRIME captures both abrupt fault transitions and gradual
degradation dynamics while preserving physical interpretability.

7.2 Latent Space Separation Analysis Using t-SNE
To further analyze the discriminative structure of the learned representations, we apply t-distributed

Stochastic Neighbor Embedding (t-SNE) [45] to the 128-dimensional latent features extracted prior to the
FTC classification head. The projection is computed using perplexity= 30, learning rate= 200, 1500 iterations,
and a fixed random seed for reproducibility.

Fig. 6 compares PRIME with the Transformer baseline on FD004. The Transformer latent space exhibits
partial class overlap and dispersion across operating regimes, indicating residual entanglement between
regime variability and fault signatures. In contrast, PRIME produces more compact and well-separated
clusters, with clearer inter-class margins and reduced inter-regime mixing.

Figure 6: t-SNE visualization of latent space for FTC on FD004.
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This improved geometric separability is consistent with the higher macro-F1 and recall values reported
in Table 5. The results support the hypothesis that physics-guided residual modeling enhances fault-
specific feature disentanglement under heterogeneous operating conditions, thereby improving multi-class
discrimination.

7.3 Quantitative Sensor Importance
To complement the qualitative insights provided by the residual heatmaps, we perform a quanti-

tative analysis of sensor relevance using two complementary approaches: attention weight statistics and
permutation feature importance.

Attention Weight Statistics: The hierarchical attention mechanism assigns an importance weight to each
sensor representation. Let αi ,t denote the attention weight associated with sensor i at time step t. The global
importance of sensor i is estimated by averaging attention scores over the temporal window:

Ii =
1
T

T
∑
t=1

αi ,t (26)

where T denotes the sequence length. Larger values of Ii indicate stronger influence of the corresponding
sensor on the learned representation.

Table 13 reports the average attention weights of the most influential sensors for the FD004 dataset.

Table 13: Average sensor attention weights (FD004).

Sensor T24 (s2) T30 (s3) P24 (s7) P30 (s11) T50 (s8)
Mean Attention Weight 0.142 0.136 0.118 0.112 0.097

The results show that thermodynamic variables associated with compressor and turbine stages receive
the highest attention weights, highlighting their dominant role in capturing degradation dynamics.

Permutation Feature Importance: To validate sensor contributions independently of the attention
mechanism, permutation feature importance (PFI) is computed. For each sensor channel i, input values
are randomly permuted while all other channels remain unchanged. The importance score is defined as the
resulting performance degradation:

FIi = Per for i g inal − Per fpermuted (27)

where Per f denotes the evaluation metric (e.g., F1-score or accuracy). Larger FIi values indicate stronger
dependence of model predictions on the corresponding sensor.

The permutation analysis confirms that compressor and turbine thermodynamic variables, particularly
T24, T30, P24, and P30, have the strongest influence on diagnostic decisions. These findings are consistent with
known turbofan degradation mechanisms and align with the residual activation patterns observed in Fig. 5.

8 Ablation Study
To quantify the contribution of each architectural component in PRIME, we conducted an ablation

study under the same ten-fold cross-validation protocol used for FD, FTC, and HSE evaluations.
We evaluated three reduced variants:

• PRIME w/o Attention: hierarchical attention module removed.
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• PRIME w/o Physics Residual: residual separation of operational and degradation effects removed.
• PRIME w/o Transformer: transformer encoder replaced by a BiLSTM layer.
• Full PRIME: complete proposed architecture.

8.1 FD Ablation Analysis
Table 14 summarizes the ablation results for the fault detection (FD) task, reporting the mean and

standard deviation of Accuracy (Acc), Recall (R), and F1-score across all evaluated datasets.

Table 14: Ablation study across all datasets (mean ± std).

Dataset Variant Acc (%) R (%) F1 (%)

FD001

w/o Attention 96.9 ± 0.58 96.5 ± 0.54 96.3 ± 0.51
w/o Physics 96.4 ± 0.63 96.0 ± 0.59 95.8 ± 0.55

w/o Transformer 97.3 ± 0.49 97.0 ± 0.45 96.8 ± 0.42
Full PRIME 99.47 ± 0.41 99.37 ± 0.39 99.48 ± 0.36

FD004

w/o Attention 90.8 ± 0.83 90.1 ± 0.78 89.8 ± 0.74
w/o Physics 89.7 ± 0.91 88.9 ± 0.86 88.5 ± 0.82

w/o Transformer 91.6 ± 0.76 91.0 ± 0.71 90.7 ± 0.68
Full PRIME 97.52 ± 0.62 97.68 ± 0.58 97.61 ± 0.54

N-CMAPSS

w/o Attention 92.7 ± 0.69 92.1 ± 0.64 91.8 ± 0.60
w/o Physics 91.8 ± 0.78 91.0 ± 0.73 90.7 ± 0.69

w/o Transformer 93.9 ± 0.60 93.3 ± 0.56 93.0 ± 0.52
Full PRIME 98.42 ± 0.51 98.73 ± 0.48 98.52 ± 0.45

ALFA

w/o Attention 88.9 ± 0.82 88.0 ± 0.78 87.4 ± 0.74
w/o Physics 87.6 ± 0.94 86.7 ± 0.89 86.1 ± 0.84

w/o Transformer 89.8 ± 0.71 89.0 ± 0.66 88.5 ± 0.62
Full PRIME 98.35 ± 0.68 98.29 ± 0.63 98.31 ± 0.59

Across all datasets, each architectural component contributes positively to FD performance. The largest
degradation occurs when the physics-guided residual module is removed. On FD004, accuracy decreases
from 97.52% to 89.7% (–7.8%), confirming that separating operational variability from degradation dynamics
is essential under heterogeneous operating regimes.

Removing hierarchical attention leads to a consistent performance drop of approximately 2%–3%,
highlighting its role in enhancing sensor-level feature selectivity. Replacing the transformer with a BiLSTM
causes a moderate decrease (about 1%–2%), suggesting that global contextual modeling improves temporal
representation stability.

Overall, Full PRIME consistently achieves the highest accuracy with the lowest variance. Statistical tests
across cross-validation folds confirm that the improvements are significant (p < 0.01). Among the evaluated
components, the physics-guided residual module provides the largest contribution, followed by hierarchical
attention and the transformer encoder.
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8.2 Multi-Task Ablation Analysis
To evaluate whether these contributions generalize beyond FD, the ablation study is extended to FTC

and HSE tasks. Table 15 reports FTC results. Removing the physics-guided residual module produces the
largest degradation, reducing macro-F1 by approximately 3.2% on FD004 and 3.19% on FD003. The larger
drop on FD004 reflects the increased difficulty of multi-regime fault classification.

Table 15: Ablation study on FTC (Macro-F1, %).

Variant FD003 FD004
w/o Attention 95.4 93.2

w/o Physics Residual 94.7 92.1
w/o Transformer 96.2 94.0

Full PRIME 98.31 97.46

Similarly, the HSE ablation (Table 16) shows that removing the physics-guided residual module
substantially increases prediction error. MAE rises by 38.7% on FD001, 22.4% on FD004, and 20.1%
on N-CMAPSS, demonstrating that residual-based disentanglement significantly improves degradation
trajectory estimation.

Table 16: Ablation study on HSE (MAE, cycles).

Variant FD001 FD004 N-CMAPSS
w/o Attention 7.8 13.1 18.9

w/o Physics Residual 8.6 14.2 20.3
w/o Transformer 7.1 12.4 17.8

Full PRIME 6.2 11.6 16.9

Overall, the ablation analysis confirms that the physics-guided residual module is the dominant
contributor to PRIME’s performance improvements, while hierarchical attention and transformer-based
temporal modeling further enhance feature selectivity and representation stability.

8.3 Ablation Study on Loss Weighting
To assess the sensitivity of PRIME to the task-balancing coefficients, we vary the loss weights associated

with the FD, FTC, and HSE objectives on two multi-task benchmarks, namely FD003 and FD004. These two
datasets were selected because they both support the complete FD–FTC–HSE setting, while FD004 provides
the more challenging multi-regime scenario.

Table 17 reports the performance obtained under different weighting configurations, where
(λF D , λFTC , λHSE) denotes the weights assigned to the fault detection, fault type classification, and health
state estimation losses, respectively.

Consistent trends are observed on both datasets. Increasing λF D improves FD performance, but tends
to slightly reduce FTC performance and HSE accuracy, indicating stronger gradient influence from the fault
detection objective. Similarly, increasing λFTC improves FTC-F1 at the expense of the other tasks, while
increasing λHSE yields the lowest HSE RMSE but slightly reduces the classification scores.
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Table 17: Ablation study on loss weights (λF D , λFTC , λHSE) on FD003 and FD004.

λF D λFTC λHSE
FD003 FD004

FD-F1 FTC-F1 HSE RMSE FD-F1 FTC-F1 HSE RMSE
1 1 1 96.9 96.0 0.053 89.9 88.9 0.101
2 1 1 97.2 95.3 0.056 90.2 87.9 0.104
1 2 1 96.6 96.4 0.058 89.6 89.1 0.108
1 1 2 96.3 95.7 0.050 89.3 88.4 0.097

1.5 1 1 97.0 95.9 0.052 90.1 88.8 0.099

On FD003, the balanced configuration (1, 1, 1) provides the best overall compromise across the three
tasks, while task-emphasized settings improve the targeted objective only marginally. A similar pattern is
observed on FD004, where the balanced setting again yields the most stable trade-off across FD, FTC, and
HSE, despite the higher operating-condition complexity of this dataset.

Overall, the results suggest that PRIME remains reasonably stable under moderate perturbations of
the task weights on both FD003 and FD004. However, this analysis should not be interpreted as evidence
of universal robustness across all datasets or task structures. In particular, datasets such as ALFA do not
support the full FD–FTC–HSE configuration considered here. Therefore, the present ablation supports the
stability of the proposed multi-task formulation on the two controlled multi-task benchmarks, while broader
cross-dataset validation remains an important direction for future work.

9 Computational Complexity Analysis
This section provides a comparative computational analysis between PRIME and the adopted baselines

(CNN, LSTM, BiLSTM, Transformer). We report dominant time and memory complexities with respect to
sequence length T , hidden dimension h, input dimension d, and number of layers L.

Table 18 summarizes both asymptotic complexity and empirical measurements obtained under the
experimental setup described in Section 4 (single GPU, fixed window length, identical batch size).

Table 18: Computational comparison under the adopted experimental setup. TT =Training Time per epoch (seconds);
IT = Inference Time per sample (ms).

Model Time Complexity Memory # Params (M) TT (s) IT (ms)
CNN O(Tkdh) O(h) 0.4–0.9 12–18 0.6–1.1
LSTM O(LTh2) O(Lh2 + Th) 0.8–1.5 22–30 1.5–2.4

BiLSTM O(2LTh2) O(2Lh2 + Th) 1.6–2.8 35–48 2.8–4.1
Transformer O(LT2h) O(T2) 2.5–4.2 55–78 4.5–7.2

PRIME (proposed) O(LTh2) O(Lh2 + Th) 0.9–1.6 18–25 1.2–1.9

Several observations can be drawn.
First, Transformer architectures exhibit quadratic complexity with respect to sequence length (O(T2))

due to full self-attention, leading to significantly higher training time and memory consumption as T
increases. In contrast, PRIME maintains linear scalability in T , since its attention mechanism operates on
compact latent representations rather than full pairwise token interactions.
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Second, although PRIME shares similar asymptotic complexity with LSTM (O(LTh2)), its empirical
training time is consistently lower (approximately 15%–20%) due to reduced bidirectional state propagation
and more efficient residual feature aggregation compared to BiLSTM-based models.

Third, Transformer models exhibit the highest inference latency, which may limit their applicability
in latency-sensitive industrial monitoring or embedded prognostic systems. PRIME achieves a favorable
balance between parameter count and computational cost, remaining substantially lighter than Transformer
architectures while maintaining competitive or superior predictive performance (Section 5).

Overall, the proposed framework provides an effective trade-off between modeling capacity and
computational efficiency, making it suitable for real-time fault diagnosis and scalable deployment scenarios.

10 State-of-the-Art Performance Comparison
This section positions PRIME relative to representative published studies on C-MAPSS. Because prior

works rely on heterogeneous evaluation settings, including different train/test partitions, preprocessing
strategies, subset selections, target definitions, and reporting protocols, the following comparisons are
intended for contextual positioning only rather than for strict head-to-head benchmarking. Accordingly, the
main empirical conclusions of this paper are drawn from the controlled comparisons against CNN, LSTM,
BiLSTM, and Transformer baselines evaluated under the same ten-fold cross-validation protocol adopted in
this work.

Under the unified cross-validation protocol used in this work, PRIME consistently outperforms all
controlled baseline models for both fault diagnosis and health trajectory estimation. Relative to the broader
literature, Tables 19 and 20 indicate that PRIME remains competitive with representative published methods.
In several cases, its reported performance under the present protocol is comparable to or higher than values
reported in prior studies, although such observations remain contextual because the underlying evaluation
settings are not fully aligned.

Table 19: Contextual comparison with representative published fault diagnosis results on C-MAPSS under heteroge-
neous evaluation settings.

Method Dataset Acc (%) R (%) F1 (%)
LSTM [46] C-MAPSS 98.10 – 92.00
GRU [46] C-MAPSS 97.50 – 94.00
KNN [47] C-MAPSS 95.00 – –

RF [47] C-MAPSS 98.00 – –
KNN [48] C-MAPSS 97.30 – –

RF [48] C-MAPSS 96.10 – –
XGBoost [49] C-MAPSS 89.00 – –

LSTM [49] C-MAPSS 86.00 – –
1DCNN-BiLSTM [50] FD001–FD003 99.21 99.20 99.22

PRIME (this work) FD001 (10-fold CV) 99.47 99.37 99.48

Note: The results reported in Table 19 are taken from the corresponding publications and may rely on different train/test
splits, preprocessing pipelines, subset selections, target definitions, and evaluation protocols. Therefore, this table is
intended for contextual comparison only and should not be interpreted as a strict head-to-head benchmark. PRIME
results correspond to the ten-fold cross-validation protocol adopted in this work.
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Table 20: Contextual comparison with representative published prognostics results on C-MAPSS.

Method FD001 FD002 FD003 FD004

Score RMSE Score RMSE Score RMSE Score RMSE
KGHM [51] 250.99 13.18 1131.03 13.25 333.44 13.54 3356.10 19.96

CNN-FFB [52] 252.08 12.31 1238.07 16.06 283.51 12.37 2706.75 19.83
CNN-Transformer [53] 208 11.15 2110 22.39 227 12.47 3952 24.63

SimTrip [54] 303 14.34 973 15.31 238 13.15 1388 17.67
k-LSTM-GFT [55] 289.84 13.10 1077.33 14.90 210.76 11.27 2191.76 16.86
PRIME (this work) 158.62 11.91 211.21 12.76 243.02 10.67 1413.12 14.96

Note: The methods listed in Table 20 were reported under heterogeneous experimental settings and are included for
contextual positioning only. Differences in data partitioning, preprocessing, target construction, and evaluation setup
may affect direct comparability. PRIME results correspond to the protocol adopted in this study.

For FD, PRIME achieves very strong discrimination capability under the adopted protocol, with the best
results obtained on FD001 (99.47% accuracy, 99.37% recall, and 99.48% F1), while consistently outperforming
the controlled baselines across all considered datasets. For HSE/RUL-related prognostic evaluation, PRIME
achieves the lowest RMSE across all four C-MAPSS subsets listed in Table 20, while remaining competitive
in NASA score. These results support the view that physics-guided residual decomposition can improve both
discrete fault discrimination and continuous degradation modeling, while the strongest empirical claims
remain those established by the controlled baseline comparisons reported earlier in the paper.

11 Limitations and Future Work
Despite the promising performance of PRIME across multiple datasets and tasks, several limitations

should be acknowledged.
First, the proposed residual decomposition relies on an approximate additive separation between

nominal operating-condition behavior and degradation-sensitive deviations. Although this approximation
is effective on the considered benchmarks, it may become less accurate under strong nonlinear coupling,
abrupt regime transitions, or fault modes whose manifestation depends jointly on operating conditions and
degradation state.

Second, the quality of the residual representation depends on the nominal estimation stage. If the
operating-condition encoder does not fully capture regime-dependent behavior, the subtraction step may
introduce bias, which can then affect downstream temporal modeling and task-specific predictions. More
generally, the sequential organization of the pipeline may propagate upstream errors to later stages.

Third, although PRIME is evaluated on C-MAPSS, N-CMAPSS, and ALFA, the current benchmark
coverage remains limited with respect to real-world variability, fault diversity, and deployment conditions. In
particular, FTC is restricted to FD003 and FD004 because the adopted N-CMAPSS subset does not provide
a directly aligned fault taxonomy, while ALFA is used only for FD since it does not provide continuous health
trajectories or standardized run-to-failure targets for HSE and RUL evaluation.

Fourth, while cross-dataset results suggest encouraging generalization, the current experiments do not
explicitly stress-test the framework under unseen operating regimes, sensor drift, missing-sensor conditions,
or severe domain shifts. In addition, although fold-wise mean ± std values and statistical significance tests
are reported, deeper uncertainty analysis and explicit cross-metric relationship analysis remain outside the
scope of the present study.

Finally, although the observed gains over strong baselines are systematic and statistically supported,
some of the absolute improvements remain moderate, especially against advanced Transformer-based
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models. The value of PRIME should therefore be interpreted not only through average performance gains, but
also through its unified treatment of FD, FTC, and HSE, its support for downstream prognostic projection,
and its built-in interpretability.

Future work will investigate more flexible disentanglement strategies for nonlinear regime–degradation
interactions, broader robustness evaluation under unseen regimes and sensor drift, adaptive multi-task
weighting, uncertainty-aware learning, and more advanced HSE-to-RUL projection mechanisms. Addi-
tional directions include lightweight deployment-oriented variants of PRIME and the integration of richer
multimodal sensing inputs such as vibration, acoustic, and environmental measurements.

12 Conclusion
This paper presented PRIME, a physics-guided residual integrated multi-task framework for aircraft

engine diagnostics under heterogeneous operating conditions. Rather than enforcing explicit thermody-
namic equations or physics-based constraints in the optimization process, PRIME relies on a physically
motivated residual decomposition strategy that separates operating-condition-driven nominal behavior
from degradation-sensitive sensor deviations. This residual disentanglement mechanism, coupled with
hybrid temporal modeling and hierarchical attention, enables robust and interpretable diagnostic inference
across variable operating regimes.

Extensive experiments on NASA C-MAPSS, N-CMAPSS, and ALFA showed that PRIME consistently
outperforms strong baseline models across the considered tasks. For Fault Detection (FD), the framework
achieved near-ceiling performance, with accuracy and F1 scores reaching approximately 98%–99% on the
main benchmarks, while also reducing false alarm rates to below 4% on the most challenging datasets. For
Fault Type Classification (FTC), PRIME reached macro-F1 scores of 97.89% on FD003 and 96.93% on FD004,
with corresponding macro-AUC values of 0.978 and 0.968, confirming strong multi-class discrimination
under both single- and multi-regime settings.

For Health State Estimation (HSE), PRIME produced more faithful degradation trajectories and
consistently reduced estimation error relative to all baselines, with RMSE ranging from 8.2 cycles on FD001
to 21.2 cycles on N-CMAPSS and R2 values up to 0.956. When Remaining Useful Life (RUL) was projected
from the learned health trajectory through the threshold-based mechanism introduced in this work, PRIME
further achieved RMSE values between 10.6 and 22.1 cycles, together with substantial reductions in NASA
score, such as 158 on FD001 and 318 on FD004. These results support the view that HSE provides a useful
latent degradation representation for downstream prognostic assessment, even though RUL is not directly
optimized by the model.

Beyond quantitative performance, PRIME provides built-in interpretability through residual analysis
and hierarchical attention. The resulting sensor-level and temporal patterns are consistent with degradation-
sensitive engine behavior, thereby improving transparency and practical trustworthiness in safety-critical
PHM settings. In particular, the strongest gains were observed on the more challenging multi-regime
benchmarks, suggesting that residual operating-condition disentanglement is especially beneficial when
regime variability and degradation patterns are strongly entangled.

Overall, the contribution of PRIME lies not in introducing fundamentally new neural primitives, but
in providing a principled integration of residual operating-condition disentanglement, hybrid temporal
modeling, hierarchical interpretability, and multi-task diagnostic learning within a unified PHM framework.
This integrated design offers a robust and scalable solution for aircraft engine diagnostics in complex
operating environments.
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The proposed residual disentanglement should therefore be understood as a practically effective
approximation rather than as a universally valid physical decomposition. The present results support its
usefulness on the considered benchmarks, but broader validation under unseen regimes, sensor drift, and
more detailed uncertainty analysis will be necessary to further assess its deployment readiness. Similarly,
while the observed gains are systematic and statistically supported, future work should better characterize
the relationship between predictive improvements, architectural complexity, and cross-metric consistency.

Future work will focus on extending the framework toward better-calibrated prognostic projection,
broader evaluation across heterogeneous fleet conditions, adaptive task balancing, and improved integration
of complementary sensing modalities for real-world deployment.
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