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ABSTRACT ARTICLE HISTORY
Remaining useful life prediction is essential for condition-based Received 23 February 2026
maintenance in safety-critical industries, but existing deep learning Accepted 11 April 2026
approaches often exhibit degraded accuracy under variable oper- KEYWORDS

ating conditions apd provide Ilmlted |nterpretablll'§y. This paper Prognostics and health
presents an explainable CNN-BiLSTM framework incorporating management; condition-

regime-specific normalisation and degradation-aware feature engi- based maintenance; feature
neering. The methodology employs clustering-based regime iden- engineering; operating
tification with condition-specific normalisation to mitigate regime normalisation;
covariate shift, alongside two complementary feature types: delta-  turbofan engines; C-MAPSS

from-baseline features capturing cumulative deviation from healthy
states, and first-order temporal differences encoding instantaneous
degradation rates. Validation on the NASA C-MAPSS benchmark
demonstrates competitive performance under single operating
conditions and substantial improvements over existing methods
under variable conditions, particularly on the most challenging
multi-regime, multi-fault subset. Post-hoc explainability analysis
reveals that engineered features dominate model predictions,
accounting for over 82% of total importance, whilst raw sensor
values contribute minimally. The analysis further identifies three
degradation mode clusters with characteristic feature utilisation
patterns, indicating that the model learns to recognise multiple
degradation signatures. Prediction accuracy improves markedly as
engines approach failure, demonstrating highest precision when
accurate forecasts are most consequential for maintenance
decisions.

1. Introduction

In the era of Industry 4.0 and smart manufacturing, cyber-physical systems generate large
volumes of sensor data, and the prediction of remaining useful life (RUL) has become
a central topic in prognostics and health management. RUL is commonly defined as the
estimated time from the present until an asset can no longer perform its intended
function. Reliable RUL estimates support informed operational decisions by translating
complex sensor measurements into an interpretable indicator of future availability [1,2].
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Accurate RUL prediction is particularly important in safety-critical industries, such
as aerospace and nuclear power, where unexpected failures can cause severe safety
consequences, major financial losses, and environmental harm [3]. Beyond accident
prevention, RUL prediction underpins condition-based maintenance by enabling
timely interventions, improved planning of maintenance windows, and more efficient
inventory management. When implemented effectively, these benefits can reduce
unnecessary preventive replacements whilst limiting the risk of disruptive breakdowns
[4].

Despite its importance, RUL prediction remains one of the most challenging tasks in
predictive maintenance because industrial data rarely satisfy ideal modelling assumptions
[5]. Assets operate under varying loads, speeds, and environmental conditions, and they
may exhibit interacting fault mechanisms that obscure degradation patterns [6]. These
realities often create distribution differences between training datasets and operational
deployments. Many existing approaches demonstrate robust performance under single
operating conditions but exhibit substantial accuracy degradation when applied to multi-
regime scenarios where covariate shift obscures degradation signatures. In addition,
high-quality run-to-failure data are difficult to obtain because safety policies and opera-
tional constraints typically prevent equipment from being operated until failure [7,8].

As a result, much of the literature relies on benchmark datasets such as C-MAPSS
(commercial modular aero-propulsion system simulation) released by NASA (national
aeronautics and space administration), which emulate practical complications through
high-dimensional multivariate time series with sensor noise and variable conditions
[9,10]. Although deep learning (DL) has produced substantial gains, many proposed
workflows still face obstacles to industrial uptake, including limited interpretability,
insufficient uncertainty characterisation, and high computational cost. Maintenance
engineers require transparency regarding which features and temporal patterns drive
model predictions to establish operational trust; without such interpretability, even
accurate models may face resistance in deployment [11]. These gaps motivate a careful
review of existing approaches, their assumptions, and the remaining barriers to depend-
able RUL deployment in real settings.

The foregoing considerations reveal 3 persistent gaps in the current literature. First,
whilst numerous architectures demonstrate impressive performance on single-condition
benchmarks, their accuracy frequently degrades under variable operating regimes.
Second, the relative contribution of raw sensor measurements versus engineered tem-
poral features remains insufficiently characterised, limiting principled guidance for
preprocessing pipeline design. Third, although interpretability is increasingly recognised
as essential for industrial adoption, few studies provide systematic analysis of how DL
models utilise different feature types or whether distinct degradation modes exist within
homogeneous fleets.

The novelty of the present work lies not in a single architectural component but in the
integration of operating-condition standardisation, degradation-aware feature construc-
tion, and post-hoc interpretability analysis within one prognostic framework. This
combined strategy aims to improve robustness under variable conditions and to clarify
how different feature groups contribute to RUL prediction. To address the above gaps,
this paper presents an explainable CNN-BiLSTM framework with the following
contributions:
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(1) A regime-normalised preprocessing pipeline employing clustering-based regime
identification and condition-specific normalisation to mitigate covariate shift in
multi-regime scenarios.

(2) A degradation-aware feature engineering strategy comprising delta-from-baseline
features capturing cumulative deviation from healthy states, and first-order tem-
poral difference features encoding instantaneous degradation rates.

(3) Systematic experimental validation demonstrating competitive performance
under single operating conditions and substantial improvements under variable
conditions on the C-MAPSS benchmark.

(4) A comprehensive post-hoc explainability analysis quantifying feature type impor-
tance and identifying distinct degradation mode clusters with characteristic fea-
ture utilisation patterns, providing interpretability insights relevant to industrial
deployment.

The remainder of this paper is organised as follows. Related works reviews related work
on data-driven RUL prediction. Methodology and methods describes the proposed
methodology. Case study presents the case study and experimental setup. Results and
discussion reports and discusses the results, including the explainability analysis.
Conclusion concludes with limitations and future directions.

2. Related works

Early data-driven approaches utilised shallow architectures such as support vector
regression (SVR), multilayer perceptron, and relevance vector machine [12]. For exam-
ple, Abdelghafar et al. [13] proposed an optimised SVR achieving fast convergence for
RUL classification, whilst Ramasso [14] introduced RULCLIPPER using computational
geometry and case-based reasoning to handle imprecise health indicators. These models
depend heavily on manual feature engineering and domain expertise, and their shallow
architectures have limited capacity to exploit such features effectively in high-
dimensional, multi-regime data. Furthermore, shallow architectures struggle to capture
the nonlinear hierarchies, and long-term temporal dependencies present in high-
frequency sensor data [15].

Recurrent architectures, particularly long short-term memory (LSTM) and gated
recurrent units, became prevalent due to their capacity for modelling long-term depen-
dencies in sequential data [16]. Stacked LSTMs have demonstrated superior performance
over traditional hidden Markov models by addressing the vanishing gradient problem
[17]. Asif et al. [2] further enhanced LSTM performance by incorporating a piecewise
linear degradation model to identify degradation onset points. Bidirectional variants
(BiLSTM) extend this capability by capturing context from both past and future time
steps within input sequences, enabling richer temporal representations [18]. However,
standalone recurrent architectures often treat all time steps as equally important, poten-
tially failing to distinguish between healthy background variation and critical degrada-
tion signatures [19].

Convolutional neural networks (CNNs) offer complementary strengths by extracting
local spatial patterns from multivariate sensor sequences. Hybrid CNN-LSTM and CNN-
BiLSTM architectures have emerged to leverage both spatial feature extraction and
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temporal modelling capabilities [16,20]. Zhao et al. [20] demonstrated that such hybrid
designs achieve improved accuracy over single-paradigm approaches. Li et al. [21]
employed multi-scale convolutional blocks to capture patterns across different time
granularities in aero-engine degradation data. These architectures provide a foundation
for robust feature learning, though their performance under variable operating condi-
tions and their interpretability remain areas requiring further investigation. In a related
direction, You et al. [22] combined a quadratic neural network with BiLSTM for bearing
fault diagnosis, demonstrating that hybrid architectures can achieve both computational
efficiency and interpretability through visualisation of convolutional kernel responses
and hidden states.

Recent state-of-the-art models have explored attention mechanisms and Transformer
architectures. Guo et al. [23] proposed the multi-scale Hourglass-Transformer using
pyramid self-attention to reduce computational complexity. Lin et al. [24] introduced
channel attention and temporal attention-based temporal convolutional network
employing dual-attention to identify informative signal combinations. Boujamza and
Elhaq [25] integrated attention mechanisms with LSTM to weight temporal contribu-
tions adaptively. Whilst these approaches achieve competitive accuracy, they typically
introduce additional architectural complexity and remain opaque regarding which spe-
cific features or degradation patterns drive their predictions. Complementary work has
explored interpretability within Transformer-based fault diagnosis frameworks through
attention weight visualisation and feature contribution analysis, though such analyses
remain limited to fault classification rather than prognostic RUL estimation [26].

To address distribution shifts between operating conditions, transfer learning
approaches have been developed. Yu et al. [1] utilised maximum mean discrepancy to
align features from different operating regimes in a shared latent space. Siahpour et al.
[27] introduced consistency-based regularisation for incomplete target datasets. Li et al.
[28] proposed TFMPINN, a meta-learning framework integrating temporal state model-
ling with Fourier physics-constrained networks, demonstrating rapid adaptation cap-
abilities for aero-engine RUL prediction under varying operating conditions. Wang et al.
[29] proposed the degradation manifold dynamic consistency network, which defines
a differentiable embedded degradation manifold to achieve dynamic consistency between
state representation and intrinsic evolutionary trends, enabling probabilistic RUL pre-
diction. These methods require substantial prior knowledge of operating conditions and
often assume availability of complete run-to-failure cycles in target domains, assump-
tions frequently violated in practice. An alternative approach involves explicit regime
identification and condition-specific normalisation during preprocessing, which can
mitigate covariate shift without requiring domain adaptation during training.

The importance of interpretability for industrial adoption has received increasing
attention [30]. Li et al. [31] proposed sensor-aware capsule network with uncertainty
coverage scoring, providing some transparency regarding sensor contributions. In the
broader context of interpretable machinery diagnostics, multimodal information fusion
approaches have also been developed to enhance both diagnostic accuracy and model
transparency [32], with attention-based mechanisms enabling interpretable weighting of
heterogeneous signal modalities [33]. Permutation-based feature importance methods
offer model-agnostic insights without architectural modifications [34]. However, sys-
tematic analysis of feature type contributions (raw measurements versus engineered
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temporal features) and investigation of whether DL models implicitly learn to distinguish
degradation modes remain unexplored. This gap limits understanding of model beha-
viour and hinders the development of principled preprocessing guidelines for prognostic
applications.

The preceding review reveals persistent limitations in handling variable operating
conditions, characterising feature contributions, and providing interpretability for indus-
trial adoption. The methodology presented in the following section addresses these
challenges.

3. Methodology and methods

This section presents the proposed framework for RUL prediction of complex engineer-
ing systems. The methodology comprises a multi-stage pipeline incorporating data
preprocessing, degradation-aware feature engineering, operating regime normalisation,
and a hybrid CNN-BiLSTM DL architecture. An extensive hyperparameter optimisation
procedure is conducted to identify optimal model configurations. Figure 1 illustrates the
overall framework architecture.

3.1. Data preprocessing module

The preprocessing pipeline transforms raw sensor measurements into regime-
normalised representations through variance-based sensor filtering, k-means operating
condition clustering, and condition-specific standardisation. A piecewise linear

Figure 1. Schematic of the designed CNN-BIiLSTM framework.
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degradation model is applied to construct target RUL labels that reflect the assumption of
an initial healthy operating phase.

3.1.1. Sensor selection

In complex monitored systems, not all sensors necessarily provide informative degrada-
tion signatures. Sensors exhibiting constant or near-constant readings throughout the
system lifecycle contribute no discriminative information for RUL prediction and may
introduce noise into the learning process. A variance-based filtering criterion is therefore
applied to identify and retain only those sensors demonstrating meaningful temporal
variation. Specifically, for each sensor j, the standard deviation o; is computed across all
training observations. Sensors satisfying o; > T, where 7 represents a predefined thresh-
old, are retained for subsequent processing. This filtering step reduces input dimension-
ality whilst preserving degradation-relevant information.

3.1.2. Target variable construction
The true RUL at each operational cycle is defined as the number of cycles remaining until
system failure. For training data, the RUL at cycle ¢ for unit i is computed as:

RUL, =T, —t (1)

where T; denotes the total lifecycle duration of unit i. However, empirical evidence and
domain knowledge suggest that degradation is typically not detectable during the initial
healthy operating phase. Wang et al. [35] demonstrated that segmenting monitoring data
into distinct degradation stages through trend detection techniques, combined with
dynamic feedback mechanisms for adaptive parameter adjustment, can improve RUL
prediction accuracy for rotating machinery. A piecewise linear degradation model is
therefore adopted, wherein the RUL is capped at a maximum value Ry

RULS®P*Y = min(RUL;, Rias) @)

This formulation assumes that the health state remains constant during the initial
operational phase, with measurable degradation commencing only after a threshold
point. The specific value of Ry, should be determined based on domain knowledge or
empirical analysis of the degradation characteristics of the system under consideration.

3.1.3. Operating regime normalisation
Many complex systems operate under multiple distinct operating conditions charac-
terised by varying environmental or operational parameters. Identical sensor readings
may indicate different degradation states under different operating regimes, necessitating
condition-aware normalisation to prevent cross-regime interference.

A k-means clustering algorithm is applied to the operational settings space to identify
k distinct regimes. Let o, € ™ denote the m-dimensional operational settings vector at
cycle t. The clustering results centroid vectors {c, c;, - -, ¢k}, and each observation is
assigned to its nearest regime:

r; = argmin;|| o, — ¢j |2 (3)
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For each regime r, the mean u(") and standard deviation (") are computed from the
training data. Feature normalisation is then applied on a per-regime basis:

(norm) __ (xt B ‘ngr)) (4)

X =
ot
For systems operating under a single condition, global z-score normalisation is
applied using statistics computed from the entire training set. This regime-aware
approach ensures that the normalised features reflect degradation state rather than
operating condition variations.

3.2. Degradation-aware feature engineering

To enhance the model’s sensitivity to degradation patterns, two complementary feature
engineering strategies are employed: baseline deviation features and temporal difference
features.

3.2.1. Delta-from-baseline features

The initial operational cycles typically represent the healthy baseline state of each unit.

Deviation from this baseline provides a direct measure of accumulated degradation. For

each unit 4, the baseline feature vector b; is computed as the mean of the first Nj cycles:
1 &

b,‘ x,‘7t (5)

=
The delta-from-baseline features at each subsequent cycle are then computed as:
Axiy = xiy — b; (6)

These features capture the cumulative drift from the healthy operating state, enabling
the model to learn degradation trajectories relative to each unit’s initial condition.

3.2.2. First-order temporal difference features
Whilst delta-from-baseline features capture absolute deviation from baseline, first-order
differences capture the instantaneous rate of change between consecutive cycles:

Vxis = Xiy — Xip—1 (7)

For the first cycle of each unit (t = 1), the difference is set to zero. These features
enable the model to detect acceleration or deceleration in the degradation process, which
may indicate transitions between degradation phases.

3.2.3. Delta-difference features

The first-order temporal difference operation is applied to the concatenated feature set
comprising both raw sensor measurements and delta-from-baseline features. This con-
cludes an additional feature type: first-order differences of the delta-from-baseline
features, termed delta-difference features:
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VAx; s = Axjp — Axip g (8)

These features encode the rate of change of accumulated degradation, indicating
whether deviation from the healthy baseline is accelerating or stabilising. Whereas delta-
from-baseline features quantify total degradation magnitude and first-order differences
capture instantaneous sensor dynamics, delta-difference features specifically represent
degradation trajectory curvature.

3.2.4. Feature vector composition
The final feature vector at each cycle comprises 4 complementary components concate-
nated in sequence: (i) original sensor readings x, providing absolute measurements; (ii)
delta-from-baseline features Ax, capturing cumulative deviation from healthy conditions;
(iif) first-order difference features Vx, encoding instantaneous sensor changes; and (iv)
delta-difference features VAx, representing the rate of degradation accumulation. For
a system with F retained sensors after variance-based filtering, the resulting feature
dimensionality is 4F (excluding operational settings and cycle features where applicable).
This composite representation provides multiple complementary perspectives on the
degradation process.

In summary, the feature engineering pipeline transforms each observation from
a single vector of sensor readings into a composite representation encoding 4 comple-
mentary views of the degradation process: absolute measurements, cumulative deviation
from the healthy baseline, instantaneous rates of change, and the acceleration of degra-
dation accumulation. This enriched input is designed to reduce the representational
burden on the subsequent network, allowing the CNN layers to extract local patterns
across these feature types and the BiLSTM layers to model their temporal evolution.

3.3. Network architecture

The proposed architecture employs a hybrid CNN-BiLSTM design that leverages the
complementary strengths of convolutional and recurrent neural networks; these steps are
elaborated in the following sections.

3.3.1. Convolutional feature extraction module

The convolutional module comprises two sequential 1D convolutional layers designed to
extract local patterns and spatial features from the multivariate sensor sequences. The
first convolutional layer applies f; filters with kernel size k;, followed by batch normal-
isation and ReLU activation. The second convolutional layer applies f, filters with kernel
size k;, similarly followed by batch normalisation and ReLU activation. Same-padding is
employed to preserve the temporal dimension. A dropout layer with probability p is
applied after the convolutional block to mitigate overfitting.

3.3.2. Bidirectional LSTM temporal modelling module

The temporal modelling module consists of two stacked Bidirectional LSTM layers.
Unlike standard LSTMs, BiLSTMs process sequences in both forward and backward
directions, enabling the network to capture context from both past and future time steps
within each input window. The first BILSTM layer contains u; units and outputs the full
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sequence, allowing the subsequent layer to process the complete temporal representation.
Layer normalisation is applied after this layer to stabilise training dynamics. The second
BiLSTM layer contains u, units and outputs only the final hidden state, aggregating the
sequential information into a fixed-dimensional representation. Layer normalisation is
again applied, followed by dropout regularisation.

The choice of layer normalisation over batch normalisation in the recurrent pathway
is motivated by its independence from mini-batch statistics, which is particularly advan-
tageous for sequence modelling where batch composition may vary significantly.

3.3.3. Regression head

The regression head comprises a fully connected layer with h hidden units and ReLU
activation, followed by dropout, and a final fully connected layer producing the scalar
RUL prediction. The network is trained to minimise the mean squared error between
predicted and true RUL values.

3.4. Training strategy

The training procedure combines sliding window sequence generation with engine-wise
validation splitting and Adam optimisation, incorporating learning rate scheduling and
regularisation techniques to ensure stable convergence and prevent overfitting.

3.4.1. Sliding window sequence generation
Input sequences are generated using a sliding window approach with window length W
and stride 1. For each unit trajectory, windows are extracted starting from cycle W
onwards, with each window’s target RUL corresponding to the RUL at the final cycle of
that window. This approach generates multiple training samples per unit whilst preser-
ving temporal ordering within each sample.

For units with fewer than W cycles in the test set, zero-padding is applied at the
beginning of the sequence to maintain consistent input dimensions.

3.4.2. Validation strategy

To prevent data leakage and ensure unbiased model selection, validation is performed at
the unit level rather than the sample level. Specifically, a fraction v of training units are
randomly held out as the validation set. This approach ensures that all sequences from
a given unit appear exclusively in either the training or validation set, preventing the
model from exploiting inter-sequence correlations within individual unit trajectories.

3.4.3. Optimisation and regularisation
The network is trained using the Adam optimiser with an initial learning rate #,.
A piecewise learning rate schedule reduces the learning rate by a decay factor y every n
epochs. Training proceeds for a maximum number of epochs with early stopping based
on validation loss. The model achieving the lowest validation loss is retained for
evaluation.

Regularisation is applied through multiple mechanisms: L, weight decay, dropout
after convolutional and recurrent layers, and gradient clipping to prevent exploding
gradients.
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3.5. Hyperparameter optimisation

A systematic grid search is conducted over key architectural hyperparameters: sequence
length (W), dropout probability (p), number of LSTM units (u;), and number of
convolutional filters (f;). The search space is defined based on preliminary experiments
and computational constraints.

Each configuration is evaluated independently, with model selection based on valida-
tion loss and final evaluation performed on the held-out test set. To ensure reproduci-
bility, a fixed random seed is employed throughout the experimental procedure.

3.6. Evaluation metrics

Model performance is assessed using two complementary metrics:
Root Mean Squared Error (RMSE) provides a measure of average prediction accuracy:

RMSE = LYy~ : 9
= (N) 2 Ui =) (9

Asymmetric Scoring Function penalises late predictions more heavily than early
predictions, reflecting the greater operational risk of underestimating remaining life in
safety-critical applications:

N
Score = Zsi (10)
i=1
where the individual score s; for each prediction is defined as:

s;i = exp(—d;/a) — 1, If d; <0 (early prediction)

si = exp(d;/B) — 1, If d; > 0 (late prediction) (11)
where d; = ¥; — y; represents the prediction error, and « and f are asymmetry para-
meters reflecting the domain-specific cost structure. The condition o> f3 ensures that late
predictions (which may lead to unexpected failures) incur greater penalties than early
predictions.

4, Case study

The empirical validation of the proposed methodology is centred upon the C-MAPSS
dataset, a high-fidelity software tool developed by NASA to replicate the degradation
dynamics of a 90,000-Ib thrust class turbofan engine. This system operates as a complex,
non-linear environment where performance deterioration is influenced by an intricate
interplay of atmospheric conditions, flight profiles, and internal component wear.
A schematic representation of the engine architecture, detailing the connectivity between
the fan, high-pressure compressor (HPC), low-pressure compressor (LPC), the combus-
tor, high-pressure turbine (HPT), and low-pressure turbine (LPT), is presented in
Figure 2.

This dataset is partitioned into four subsets (FD001 to FD004) to evaluate prognostic
performance across varying levels of environmental and mechanical complexity. Each



NONDESTRUCTIVE TESTING AND EVALUATION 1

Figure 2. Simplified schematic of the used engine in C-MAPSS dataset [36].

Table 1. Technical specifications of the C-MAPSS sub-datasets.

Sub-dataset Operational Conditions Fault Modes Training Trajectories  Testing Trajectories
FDOO1 1 (Sea Level) 1 (HPC Degradation) 100 100
FD002 6 (Variable) 1 (HPC Degradation) 260 259
FD003 1 (Sea Level) 2 (HPC, Fan) 100 100
FD004 6 (Variable) 2 (HPC, Fan) 249 248

subset contains multivariate time-series data from multiple engine units, which are
assumed to be in a healthy state at the commencement of their respective records. As
operational cycles accumulate, these units exhibit degradation until a system failure is
declared. The specific technical characteristics of these subsets, including the number of
trajectories and the simulated mechanical fault modes, are summarised in Table 1.

In the simulation environment, 21 sensors are deployed across critical engine loca-
tions to record performance signatures. These instruments monitor a variety of physical
parameters, primarily focusing on gas path temperatures, pressures, and rotational
speeds. Each observation in the raw dataset constitutes a snapshot of a single operational
cycle, comprising 26 columns: the engine unit identifier, the current cycle number, 3
operational settings (Altitude, Mach number, and Throttle Resolver Angle), and the 21
sensor measurements.

For subsets FD002 and FD004, the engines are subjected to 6 distinct operating
regimes based on various combinations of Altitude (0-42000 ft), Mach number (0-0.84),
and Sea-level temperature. This diversity in flight conditions results in a significant
covariate shift, where the distribution of sensor measurements varies depending on the
current regime.

5. Results and discussion

To evaluate the proposed RUL estimation framework, the training set of each C-MAPSS
subset (FD001-FD004) was partitioned into training and validation sets at an 85:15 ratio
using an engine-wise split, ensuring that entire engine trajectories were assigned exclu-
sively to either training or validation to prevent data leakage. The official C-MAPSS test
set, provided separately with corresponding end-of-life RUL values, was strictly held out
throughout the entire hyperparameter optimisation process. All model selection
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decisions, including grid search ranking and early stopping, were based exclusively on the
internal validation loss. The test set was used only once for final performance evaluation
after the optimal configuration had been identified. All experiments were executed in
MATLAB® 2025b.

5.1. RUL estimation performance

For each dataset, a grid search over 400 hyperparameter combinations was performed.
For each combination, the model was trained and evaluated using 10 random seeds to
account for training variability. The best model per dataset was selected using the
validation RMSE criterion (computed on the validation windows). After selecting the
best hyperparameter configuration, final performance was reported on the test set by
computing the meanz+std across the 10 seeds for RMSE and the C-MAPSS score. The
sensor selection threshold was selected as 0.001. Application of this threshold retained 15
sensors for FD0O01, 21 for FD002, 16 for FD003, and 21 for FD004, reflecting the greater
sensor variability introduced by multiple operating regimes in FD002 and FD004.

The grid search varied 4 hyperparameters, while all remaining parameters were held
constant. The candidate values for the searched hyperparameters, and the constants used
throughout all experiments, are listed in Table 2.

After executing the full framework for each dataset, the most optimum sets of
hyperparameters for them were found as specified in Table 3.

The best performing models, selected using validation RMSE, were then evaluated on
their corresponding test sets. Performance was reported using RMSE and the asymmetric
scoring function. Figure 3 summarises the test set RMSE values across datasets for the 10

Table 2. Hyperparameter values used for RUL estimation.

Hyperparameter Value Hyperparameter Value
Sequence length 20, 30, 40, 50 Regime normalisation Enabled
Dropout probability 0.15, 0.25, 0.35, 0.45 FC hidden units 128
First BiLSTM units (uq) 96, 128, 160, 192, 224 Max epochs 80
CNN filters (conv1) 32, 48, 64, 80, 96 Mini-batch size 128
CNN filters (conv2) 2 x conv1filters Initial learning rate 1x1073
Training/validation split 85/15 (engine-wise) L2 regularisation 2x 1074
Baseline cycles 5 Gradient clip threshold 1
RUL cap 125 Seeds per trial 10
Number of operating regimes 6 Sensor variance threshold 1x1073
Learning rate drop factor 0.5 Learning rate drop period 8 epochs
Early stopping patience 10 Second BiLSTM units max(32, |uq/2])
Conv1 kernel size 5 Conv2 kernel size 3

Table 3. Optimal hyperparameter configurations selected for each C-MAPSS
dataset (FDOO1-FD004).

Value
Hyperparameter FD0O01 FD002 FD003 FD004
Sequence length 30 50 20 50
Dropout probability 0.25 0.35 0.25 0.35
BiLSTM units 160 192 96 224
CNN filters (conv1) 48 48 32 32

CNN filters (conv2) 96 96 64 64
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Figure 3. Test set RMSE across FD001 to FD004 for 10 random seeds.

random seeds. The black solid line indicates the mean RMSE across the 10 seeds. For the
score metric, the asymmetry parameters were set to « = 13 and 5 = 10. Using the baseline
seed, the achieved scores for FD001, FD002, FD003, and FD004 were 201, 675, 195, and
645, respectively.

Figure 3 shows that test set RMSE is consistent across the 10 seeds, with small standard
deviations for FD001, FD003, and FD004. FD002 exhibits the largest variability and the
highest mean RMSE, indicating greater sensitivity to initialisation and a more challen-
ging operating regime. Although FD001 and FD004 have similar mean RMSE values,
their base seed scores differ, reinforcing that the asymmetric scoring function captures
a different risk profile than RMSE alone.

To visualise the framework’s RUL prediction performance, plots in Figure 4-a to
4-d present the true and predicted RUL trajectories for units 31, 62, 99, and 22 from the
FDO001, FD002, FD003, and FD004 test sets, respectively.

Figure 4. True and predicted RUL trajectories for representative test units: (a) unit 31 (FD001), (b) unit
62 (FD002), (c) unit 99 (FD003), and (d) unit 22 (FD004).
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From Figure 4, it can be observed that the proposed CNN-BiLSTM framework
effectively captures the degradation trajectory across all 4 sub-datasets. In the initial
operational phase, where the RUL is capped at 125 cycles, the model maintains predic-
tions close to the cap value, reflecting the piecewise linear assumption that degradation is
not detectable during healthy operation. As the engines progress towards failure, the
predicted RUL closely tracks the true RUL with minimal deviation. The shaded uncer-
tainty bands, representing the mean plus or minus one standard deviation across the 10
random seeds, demonstrate consistent predictions with narrow confidence intervals,
particularly in the later stages of degradation where accurate predictions are most critical
for maintenance decision-making. Notably, all 4 representative units exhibit smooth
prediction trajectories without significant oscillations, indicating that the model has
learned robust temporal patterns rather than overfitting to noise. The prediction accu-
racy visibly improves as engines approach end-of-life, which aligns with the expectation
that degradation signatures become more pronounced and distinguishable in the final
operational phase.

5.2. Post-hoc explainability and degradation mode identification

To address the interpretability limitations inherent in DL models, a comprehensive post-
hoc explainability analysis was conducted on the FD0O01 test set. This analysis aimed to
identify which features and sensors contributed most significantly to the model’s pre-
dictions and to investigate whether distinct degradation patterns exist across the engine
fleet. Permutation-based feature importance was employed as the primary explainability
method, wherein each feature was systematically permuted across time steps and the
resulting change in prediction was measured. This approach provides model-agnostic
insights into feature contributions without requiring architectural modifications or
access to internal gradients.

The analysis was performed across all 100 test engines in FD001, with 30 permutations
per feature to ensure statistical stability. For each engine, feature importance scores were
computed and normalised to sum to 100%, enabling direct comparison across engines
with different prediction magnitudes. Additionally, time-step importance was computed
by permuting all features at each temporal position within the input window, revealing
which portions of the historical sequence most influenced the predictions. The global
feature importance rankings averaged across all test engines are presented in Figure 5.

As shown in Figure 5, engineered features dominate the model’s decision-making
process. Specifically, the delta-difference features (denoted delta_diff in figures, corre-
sponding to VA x as defined in Equation 8), first-order difference features (denoted diff
in figures, corresponding to Vx as defined in Equation 7), and delta-from-baseline
features (denoted delta in figures, corresponding to A x as defined in Equation 6) are
distinguished from raw sensor values throughout the following analysis. Among these,
the delta-difference features exhibit the highest importance. The top-ranked feature,
Sens7_delta_diff, achieved a mean importance of 2.29% with a standard deviation of
1.05%, followed by Sens2_delta_diff at 2.10% and Sens3_delta_diff at 2.07%. Notably, the
top 20 features are composed of delta_diff and diff variants, whilst raw sensor values
appear with lower rankings.
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Figure 5. Global feature importance averaged across all 100 test engines in FD0O1. Error bars indicate
+1 standard deviation across engines, reflecting variability in feature utilisation across the fleet.

A quantitative analysis of feature type contributions revealed that delta_diff
features collectively account for 31.5% of total model importance, followed by first-
order difference features (diff) at 30%, delta-from-baseline features at 20.6%, and
raw sensor values at only 17.9%. This distribution strongly validates the degrada-
tion-aware feature engineering approach described in the previous sections, demon-
strating that capturing temporal dynamics and deviation from healthy baseline
conditions is more informative for RUL prediction than raw sensor measurements
alone.

When aggregating importance across all feature variants for each sensor, the analysis
identified Sensor 15 (bypass ratio) as the most influential with a total importance of
7.13%, followed by Sensor 7 (high-pressure compressor outlet temperature) at 6.69% and
Sensor 3 (high-pressure compressor outlet temperature at an alternative location) at
6.67%. These findings align with domain knowledge of turbofan degradation physics,
where thermal stress indicators and combustion efficiency parameters serve as primary
signatures of component wear.

To investigate whether the model relies on uniform feature utilisation across all
engines or adapts its attention based on degradation characteristics, k-means clustering
was applied to the 100-dimensional feature importance vectors. Three distinct clusters
emerged, each exhibiting characteristic feature importance profiles. The comparative
feature importance patterns across these clusters are illustrated in Figure 6.

Figure 6 reveals substantial differences in feature utilisation across the three clusters.
Cluster 1 relies on temperature-related delta_diff features (Sens7, Sens2, Sens8), whilst
Cluster 2 shows elevated importance for Sensor 6 variants. Most notably, Cluster 3
exhibits a distinctive pattern wherein raw sensor values (Sens12, Sens7) assume greater
importance than engineered features. These divergent profiles suggest that the model has
learned to recognise multiple degradation signatures rather than applying a uniform
prediction strategy. The detailed characteristics of each cluster are summarised in
Table 4.
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Figure 6. Feature importance profiles for the 3 identified degradation mode clusters, showing the top
15 features ranked by average importance; error bars indicate +1 standard deviation across 10
independent training runs.

Table 4. Characteristics of the three degradation mode clusters identified in the FD0OO1 test set.
Cluster Engines  Percentage  Mean RUL (cycles) Mean Absolute Error (cycles) Dominant Features

1 77 77% 79.1+359 8.8 Sens7_delta_diff,
Sens2_delta_diff,
Sens8_delta_diff

2 11 11% 108.7+17.3 15.68 Sens6__ diff,
Sens6_delta_diff,
Sens13_delta_diff

3 12 12% 13.3+6.6 2.28 Sens12,
Sens7,
Sens11_delta

As presented in Table 4, Cluster 1 comprises 77 engines (77% of the fleet) and
represents the predominant degradation mode. Engines in this cluster span a wide
range of true RUL values (10 to 125 cycles) and exhibit a mean absolute prediction
error of 8.80 cycles, closely matching the overall fleet performance.

Cluster 2 contains 11 engines (11%) with notably higher mean RUL values (108.7 +
17.3 cycles), indicating engines in earlier degradation stages. This cluster exhibits dis-
tinctly different feature utilisation, with Sensor 6 variants dominating rather than Sensors
7 and 2. The mean absolute error for this cluster is 15.68 cycles, the highest among the
three groups, suggesting that predicting RUL for engines far from failure presents greater
challenges.

Cluster 3 encompasses 12 engines (12%) characterised by low RUL values (13.3 + 6.6
cycles), representing engines approaching imminent failure. Notably, this cluster exhibits
the lowest prediction error at 2.28 cycles and demonstrates a distinctive shift towards raw
sensor values rather than engineered features. This finding suggests that as engines
approach failure, absolute sensor magnitudes become more diagnostic than relative
changes, likely because degradation has progressed sufficiently to produce clearly anom-
alous readings.
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It should be noted that FD001 contains only a single fault mode (HPC degradation),
and therefore the 3 clusters represent distinct degradation stages within the same failure
mechanism rather than different physical fault types. The correspondence between
cluster assignment and mean RUL values (108.7, 79.1, and 13.3 cycles for Clusters 2, 1,
and 3, respectively) supports this interpretation. Extension of this analysis to multi-fault
subsets, such as FD003, where HPC and fan degradation coexist, could potentially reveal
mechanism-specific clusters and is identified as a direction for future investigation.

A principal component analysis (PCA) was conducted to visualise the separation
between clusters in reduced dimensional space, as presented in Figure 7.

The left panel of Figure 7 displays engines coloured by their cluster assignment,
revealing clear boundaries between the three degradation modes in the principal com-
ponent space. The right panel colours engines by their true RUL value, demonstrating
a gradient pattern wherein engines with similar remaining life tend to occupy proximate
regions in the feature importance space. This correspondence further supports the
interpretation that the model adapts its attention mechanism based on the degradation
stage of each engine, with feature utilisation patterns systematically varying as a function
of remaining life.

The relationship between degradation mode and prediction accuracy is examined in
Figure 8.

As evident from the box plots in Figure 8, Cluster 3 (near-failure engines) exhibits
lower prediction errors with a tighter distribution compared to the other clusters. Cluster
2 (early-life engines) shows the highest errors with the greatest variability, whilst Cluster
1 occupies an intermediate position. This pattern has important practical implications:
the model achieves highest accuracy precisely when accurate predictions are most critical
for maintenance planning, i.e., in the period immediately preceding failure. The mean

Figure 7. Principal component analysis visualisation of engine feature importance patterns. Left panel:
engines coloured by cluster assignment. Right panel: engines coloured by true RUL value.
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Figure 8. Distribution of absolute prediction errors across the 3 degradation mode clusters.

Figure 9. Time-step importance profiles for each degradation mode cluster, showing how temporal
attention varies across the 20-cycle input window.

absolute errors annotated above each box plot quantify this relationship, with Cluster 3
achieving 2.28 cycles compared to 15.68 cycles for Cluster 2.

The temporal attention patterns across the three clusters are illustrated in Figure 9.

Figure 9 demonstrates that all three clusters exhibit distributed importance across the
input window rather than concentration on the most recent time steps. The final 5 time
steps account for approximately 11% of total importance on average, indicating that the
model does not disproportionately weight recent observations. This distributed temporal
attention suggests that the BiLSTM architecture effectively leverages the full historical
context, capturing both gradual degradation trends and short-term fluctuations. The
similarity in temporal profiles across clusters indicates that whilst feature importance
varies between degradation modes, the temporal weighting strategy remains consistent.

The explainability analysis results in multiple key insights regarding the model’s
behaviour. First, the dominance of engineered features (82.1% combined importance)



NONDESTRUCTIVE TESTING AND EVALUATION 19

over raw sensor values (17.9%) empirically validates the feature engineering methodol-
ogy and suggests that similar preprocessing strategies may benefit other prognostic
applications. Second, the identification of three distinct degradation modes indicates
that the model has learned to recognise multiple failure signatures rather than applying
a uniform prediction strategy, enhancing its robustness across heterogeneous operating
histories. Third, the inverse relationship between remaining life and prediction accuracy,
wherein near-failure engines achieve the lowest errors, represents a desirable character-
istic for maintenance applications where precision near the failure threshold directly
impacts operational decisions.

5.3. Ablation study

To quantify the contribution of the proposed feature engineering components, an
ablation study was conducted by systematically removing each feature type from the
full pipeline. Three ablation configurations were evaluated: (1) No Diff, wherein first-
order temporal difference features were excluded whilst retaining delta-from-baseline
features; (2) No Delta, wherein delta-from-baseline features were removed whilst retain-
ing difference features; and (3) Raw Only, wherein all engineered features were removed,
and the model received only the original sensor measurements. The first two configura-
tions isolate the marginal contribution of each feature type, whilst the third establishes
the baseline performance achievable without degradation-aware preprocessing. All con-
figurations utilised the optimal hyperparameters identified for each dataset and were
evaluated using the mean RMSE across 10 random seeds. The results are presented in
Figure 10.

As shown in Figure 10, removing any feature engineering component results in
performance degradation across all four datasets, with standard deviations across 10
random seeds remaining below 0.53 RMSE in all configurations, confirming the statis-
tical robustness of these findings. The removal of delta-from-baseline features (No Delta)
produces the most substantial RMSE increase, with FD001 exhibiting a 62.1% degrada-
tion (from 11.40 £ 0.36 to 18.48 £ 0.53) and FD003 showing a 64.4% increase (from 10.71

Figure 10. Ablation study results showing RMSE degradation when feature engineering components
are removed from the full pipeline.



20 N. REZAZADEH ET AL.

+0.32 to 17.61 + 0.48). The removal of difference features (No Diff) results in moderate
performance reduction, with RMSE increases ranging from 10.7% on FD001 (from 11.40
+0.36 to 12.62 + 0.44) to 18.6% on FD004 (from 11.53 + 0.32 to 13.68 £ 0.29). The Raw
Only configuration, retaining no engineered features, produces the largest degradation
across all subsets, with RMSE increasing by 68.8% on FDO001 (from 11.40 + 0.36 to 19.24
+0.41) and 46.1% on FD004 (from 11.53 +0.32 to 16.84 £ 0.45). Notably, the non-
overlapping standard deviation intervals between the Full Pipeline and each ablated
configuration across all datasets indicate that the observed performance differences are
not attributable to weight initialisation variability.

These findings are consistent with the post-hoc explainability analysis presented in the
previous section, which identified delta-diff and diff features as accounting for 61.5% of
total model importance. The ablation results empirically confirm that delta-from-
baseline features capture the most critical degradation information, aligning with the
observation that deviation from healthy baseline conditions serves as the primary
indicator of accumulated wear. The greater sensitivity to delta-from-baseline feature
removal in single operating condition datasets (FD001, FD003) compared to variable
condition datasets (FD002, FD004) may reflect the more consistent baseline reference
available under uniform operating regimes.

5.4. Comparison study

The effectiveness of the designed RUL estimation framework was compared with related
state-of-the-art DL methods reported in the literature. Given the extensive body of work
utilising the C-MAPSS benchmark dataset, 10 methods were selected to represent
a progressive architectural trajectory relevant to the proposed framework. The selection
begins with standalone recurrent networks (LSTM, BiLSTM) as foundational temporal
baselines, followed by convolutional architectures (DCNN) to represent spatial feature
extraction. Hybrid models (CNN-LSTM, CNN-BiLSTM) serve as direct architectural
comparators, whilst attention-enhanced variants (LSTM-Attention, CNN-LSTM-
Attention, CNN-BiLSTM-Attention) represent the current trend of incorporating adap-
tive temporal weighting. Finally, PPL-LSTM and TFIM were included because they
emphasise preprocessing and feature-level innovation rather than architectural complex-
ity, making them the most relevant comparators for the feature engineering contribution
of this work.

Table 5 presents the comparative results for both RMSE and Score metrics across all
four C-MAPSS sub-datasets.

It should be noted that PPL-LSTM is a preprocessed piecewise-linear labelling method
combined with LSTM and TFIM stands for the time-feature interaction model. Lower
values indicate superior performance for both metrics. The comparative RMSE perfor-
mance across all methods is visualised in Figure 11 for enhanced clarity.

As illustrated in Table 5 and Figure 11, the proposed framework demonstrates
competitive performance on the single operating condition sub-datasets (FD001 and
FDO003) whilst achieving superior results on the multi-condition sub-datasets (FD002 and
FD004). On FD001, the proposed method achieves an RMSE of 11.40, which is compe-
titive with established methods such as TFIM (10.74) and CNN-LSTM (11.56). On
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Table 5. Performance comparison between the proposed method and state-of-the-art approaches on
the C-MAPSS dataset.

RMSE Score
Method FD001 FD002 FD003 FD004 FD001 FD002 FD003 FD004 Reference
LSTM 16.14 2449 16.18 28.17 338 4450 852 5550 Zheng et al. [37]
BiLSTM 13.65 23.18 1374 2486 295 4130 317 5430 Wang et al. [38]
DCNN 1261 2236 1264 2331 274 10412 284 12466 Lietal. [21]
CNN-LSTM 11.56 1767 1298 20.19 247 1743 808 3051 Shietal. [16]
CNN-BILSTM 1258 1934 1218 20.03 231 2650 257 3400 Zhao et al. [20]
LSTM-Attention 13.95 17.65 1272 2021 320 2102 223 3100 Boujamza and Elhaq [25]

CNN-LSTM-Attention 1598 1445 1391 16.64 - - - - Deng and Zhou [39]
CNN-BiLSTM-Attention 1249 20.32 1234 26.54 267 1576 226 3905 Yu et al. [40]

PPL-LSTM 7.78 1764 83 1763 100 1443 104 2395 Asifetal. [2]
TFIM 1074 1332 11.05 142 164 729 281 879  Zhevnenko et al. [41]
Proposed Method 1140 12.44 1071 11.53 201 675 195 645 -

RMSE-based Comparison Study

PPL-LSTM
30
Proposed Method 25 LSTM

TFIM BiLSTM
CNN-BiLSTM-

Attention DCNN

CNN-LSTM-Attention CNN-LSTM

LSTM-Attention CNN-BIiLSTM

—&—RMSE FD001 —@®—RMSE FD002 —@—RMSE FD003 -—@®— RMSE FD004

Figure 11. RMSE comparison across state-of-the-art methods and the proposed framework on the
C-MAPSS dataset.

FD003, the proposed framework attains the second-best RMSE of 10.71, surpassed only
by PPL-LSTM (8.30).

The distinguishing characteristic of the proposed framework emerges when examin-
ing performance under variable operating conditions. On FD002, which encompasses 6
distinct operational regimes with a single fault mode, the proposed method achieves an
RMSE of 12.44, representing a 6.6% improvement over TFIM (13.32) and a 29.5%
improvement over PPL-LSTM (17.64). The performance differential becomes even
more pronounced on FD004, which represents the most challenging scenario combining
six operating conditions with two fault modes. The proposed framework achieves an
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Table 6. Trainable parameters for the optimal model configuration of each C-MAPSS

dataset.
Dataset BiLSTM Units CNN Filters (f1, f2) Trainable Parameters
FDOO1 160 48, 96 639,793
FD002 192 48, 96 877,553
FD003 96 32,64 248,545
FD004 224 32,64 1,073,249

RMSE of 11.53, demonstrating an 18.8% improvement over TFIM (14.20) and a 34.6%
improvement over PPL-LSTM (17.63). Similarly, on the Score metric, the proposed
method achieves 675 on FD002 and 645 on FDO004, representing improvements of
7.4% and 26.6% over TFIM, respectively.

The superior performance under variable operating conditions can be attributed to
a couple of synergistic design elements. The operating regime normalisation strategy
employs k-means clustering to identify distinct operational regimes and applies condi-
tion-specific z-score normalisation, effectively mitigating covariate shift induced by
varying flight profiles. The degradation-aware feature engineering, comprising delta-
from-baseline and first-order temporal difference features, provides stable degradation
indicators that remain interpretable across different flight regimes. As demonstrated in
the explainability analysis, these engineered features account for over 82% of the model’s
predictive importance. Additionally, the CNN-BiLSTM architecture provides comple-
mentary spatial and temporal feature extraction capabilities well-suited to multi-
condition scenarios, whilst the systematic hyperparameter optimisation ensures that
architectural parameters are tailored to the specific complexity of each sub-dataset.

Beyond numerical performance, the proposed framework offers interpretability
advantages that distinguish it from competing approaches. The post-hoc explainability
analysis demonstrates that the framework permits comprehensive feature importance
characterisation and identification of degradation mode clusters, which is increasingly
recognised as essential for industrial adoption where maintenance engineers require
understanding of model behaviour to establish operational trust.

5.5. Computational efficiency

All experiments were performed in MATLAB® 2025b on a workstation equipped with an
NVIDIA Quadro P2000 (5 GB GDDR5, 1024 CUDA cores), 192 GB of physical memory,
and Microsoft Windows 11 Pro for Workstations. To provide a hardware-independent
characterisation of the framework’s computational cost, Table 6 reports the total train-
able parameters and input feature dimensionality for the optimal configuration of each
dataset.

The parameter counts range from approximately 249K (FD003) to 1.07 M (FD004),
reflecting differences in both the optimal hyperparameter configurations (Table 3) and
the number of sensors retained after variance-based filtering. The higher dimensionality
of the multi-regime subsets (FD002, FD004), where all 21 sensors exhibit sufficient
variance, contributes to their larger parameter counts. This modest model complexity
indicates compatibility with deployment on standard industrial hardware without requir-
ing high-end accelerators.
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6. Conclusion

This paper has presented an explainable CNN-BiLSTM framework for Remaining Useful
Life prediction that addresses two persistent challenges in prognostics: accuracy degra-
dation under variable operating conditions and insufficient model interpretability.

The regime-normalised preprocessing pipeline, combining clustering-based regime
identification with condition-specific z-score normalisation, effectively mitigates covari-
ate shift induced by varying flight profiles. On the multi-condition C-MAPSS subsets, the
framework achieves RMSE values of 12.44 (FD002) and 11.53 (FD004), representing
improvements of 6.6% and 18.8% over the strongest competing methods. Performance
on single-condition subsets remains competitive, with RMSE values of 11.40 (FD001)
and 10.71 (FD003).

The degradation-aware feature engineering strategy has demonstrated substantial
value through both ablation studies and explainability analysis. Removing delta-from-
baseline features increases RMSE by up to 64.4%, confirming their critical role in
capturing accumulated wear. The post-hoc analysis establishes that engineered features
collectively account for 82.1% of predictive importance, with delta-difference and first-
order difference features alone contributing 61.5%, providing evidence-based guidance
for preprocessing pipeline design in related prognostic applications.

The explainability framework revealed three different degradation mode clusters
within the FDO0O1 test fleet, each exhibiting characteristic feature utilisation patterns.
Cluster 1, comprising 77% of engines, relies on temperature-related delta-from-baseline
features. Cluster 2, containing 11% of early-degradation engines, exhibits elevated
importance for pressure-ratio indicators. Cluster 3, encompassing 12% of near-failure
engines, demonstrates a shift towards raw sensor magnitudes. This heterogeneity indi-
cates that the model implicitly learns to distinguish degradation signatures rather than
applying a uniform prediction strategy. A particularly significant finding concerns the
relationship between degradation stage and prediction accuracy. Near-failure engines
achieve mean absolute errors of 2.28 cycles, compared to 15.68 cycles for early-life
engines. This inverse relationship represents a desirable characteristic for maintenance
applications, as prediction precision is highest when accurate forecasts are most con-
sequential for operational decisions.

A number of limitations warrant acknowledgement. The experimental validation
relies exclusively on the C-MAPSS benchmark, a simulation environment that may not
fully capture real-world complexities including sensor noise, missing data, and measure-
ment artefacts. The framework lacks explicit uncertainty quantification mechanisms;
whilst standard deviations across random seeds provide rudimentary variability mea-
sures, this approach does not distinguish between epistemic and aleatory uncertainty,
both essential for risk-informed maintenance planning. The post-hoc explainability
analysis was conducted only on FD001, and generalisability of degradation mode find-
ings to multi-condition scenarios remains to be established. Additionally, the regime
normalisation strategy requires prior specification of operating condition counts, which
may be unavailable for novel systems.

These limitations suggest multiple directions for future investigation. Validation on
operational industrial datasets exhibiting incomplete run-to-failure trajectories and
sensor failures would establish practical applicability beyond benchmark performance.
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Integration of principled uncertainty quantification methods would enable calibrated
confidence intervals essential for risk-informed maintenance policies. Three candidate
approaches are particularly compatible with the proposed architecture. First, MC-
Dropout, which is directly applicable since the framework already employs dropout
layers, would require only that dropout remain active during inference to generate
a distribution of predictions from which confidence bounds can be derived. Second,
deep ensembles, which the current multi-seed evaluation partially approximates, could
be formalised by training a set of independently initialised models and aggregating their
predictions to estimate both mean RUL and predictive variance. Third, evidential deep
learning could replace the regression head with a layer parameterising a higher-order
distribution, enabling the model to distinguish between epistemic uncertainty (arising
from limited training data) and aleatory uncertainty (arising from inherent system
variability) within a single forward pass. Extension of the explainability analysis to multi-
condition subsets would strengthen claims regarding degradation mode identification
under variable operating regimes. In particular, applying this analysis to multi-fault
subsets such as FD003 could determine whether the clustering approach identifies
physically distinct failure mechanisms rather than degradation stages alone. Further
development could address adaptive regime detection through online clustering or
change-point algorithms, eliminating requirements for prior specification of operating
condition counts. Transfer learning techniques also warrant exploration for scenarios
where labelled run-to-failure data are scarce, a common constraint in industrial settings
where safety policies preclude operation until failure.
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