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Abstract

Accurate remaining useful life (RUL) prediction is essential for condition-based mainte-
nance and safe aero-engine operation. To address non-stationary monitoring data, limited
informative degradation samples, and the difficulty of jointly modeling local degradation
patterns and temporal dependencies, this study proposes a degradation-aware dynamic
masking augmentation method combined with a multiscale CNN–Transformer network.
The 21 sensor variables in the NASA C-MAPSS dataset are first grouped by physical
meaning and reconstructed into four-dimensional state features. A degradation-state score
integrating local variance and trend slope is then used to adapt temporal masking probabil-
ities across degradation stages, while feature masking probabilities are assigned according
to feature importance. Masked positions are filled with adjacent unmasked observations,
and invalid augmented samples are removed through trend consistency verification. A mul-
tiscale CNN with channel attention extracts local degradation features, and a Transformer
encoder captures temporal dependencies. Bayesian optimization is used to determine key
hyperparameters. On FD001, the proposed method achieves an MSE of 348.3970, an MAE
of 8.3908, and an R2 of 0.9227, reducing MSE and MAE by 4.27% and 28.42%, respectively,
compared with ML-RFR. It also achieves the highest R2 of 0.9369 on FD003. Cross-dataset
and multi-seed experiments further confirm its applicability and stability.

Keywords: remaining useful life; CNN–Transformer; degradation-aware masking; data
augmentation; predictive maintenance

1. Introduction
With the rapid development of Industry 4.0, intelligent manufacturing, and digital

technologies for aerospace equipment, the operation and maintenance strategies of complex
equipment are gradually shifting from scheduled maintenance toward condition monitor-
ing and predictive maintenance [1–3]. As the core power system of aerospace equipment,
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the operational reliability of aero-engines is directly related to flight safety, mission ca-
pability, and life-cycle maintenance costs [4]. Aero-engines operate for extended periods
under harsh conditions characterized by high temperature, high pressure, high rotational
speed, and varying operating conditions. Consequently, critical components such as fans,
compressors, and other internal parts are subjected to material fatigue, wear, thermal stress,
and gas-path performance degradation, resulting in a gradual decline in overall engine
performance over successive operating cycles [5]. Failure to promptly identify degradation
states and accurately predict the remaining useful life may lead to unplanned downtime,
increased maintenance costs, and even severe safety risks [6]. Therefore, accurate prediction
of aero-engine remaining useful life is of great significance for developing preventive main-
tenance schedules, optimizing maintenance resource allocation, and improving equipment
operational reliability [7].

Prognostics and Health Management (PHM) provides support for maintenance
decision-making of structures, systems, and components by integrating equipment condi-
tion monitoring and life prediction results [8]. Among its core tasks, remaining useful life
(RUL) prediction is an important component of PHM and can provide a basis for preventive
maintenance, condition-based maintenance, and intelligent operation and maintenance,
thereby reducing equipment failure risks and maintenance costs [9–11]. Existing RUL
prediction methods can generally be divided into model-based methods and data-driven
methods. Model-based methods usually establish life evolution models based on degrada-
tion mechanisms, state-space equations, or stochastic processes, and thus have relatively
clear physical meanings. However, they rely heavily on prior knowledge and accurate
parameter identification, making them difficult to adapt to nonlinear degradation processes
under complex operating conditions. In contrast, data-driven methods learn the mapping
relationship between monitoring data and RUL, showing strong nonlinear feature repre-
sentation ability. Nevertheless, their prediction performance is easily affected by sample
size, data quality, and model structure [12,13]. Considering that aero-engine monitoring
data are characterized by non-stationarity, coupling among multiple operating conditions,
noise interference, and imbalanced distributions of degradation samples, this study adopts
a data-driven approach and focuses on degradation-aware masking augmentation and
CNN–Transformer hybrid modeling to improve the accuracy and generalization capability
of aero-engine remaining useful life prediction.

With the continuous accumulation of industrial equipment monitoring data and the
development of machine learning methods, data-driven RUL prediction has gradually
become an important research direction in equipment health management [14]. Compared
with traditional methods that rely on manual feature extraction and prior degradation
assumptions, deep learning can directly learn degradation representations from monitoring
data and establish nonlinear mappings between input time series and remaining life [15].
In existing studies, convolutional neural networks (CNNs), recurrent neural networks,
attention mechanisms, and Transformers have been widely applied to RUL prediction. Li
et al. [16] adopted a deep convolutional neural network for RUL estimation and verified the
effectiveness of CNNs in extracting local degradation features. Liu et al. [17] constructed
a dual-attention data-driven framework that combines a channel-attention CNN with
a Transformer for aircraft engine RUL prediction. Zhang et al. [18] proposed an RUL
prediction method based on a bidirectional gated recurrent unit and temporal self-attention
mechanism to enhance temporal dependency modeling of degradation sequences. Tao
et al. [19] further combined a Transformer with hierarchical latent space modeling to
improve the interpretability of RUL prediction.

In recent years, CNN–Transformer hybrid structures have been increasingly applied to
RUL prediction of complex equipment. By combining the local feature extraction capability
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of convolutional networks with the global temporal modeling capability of self-attention
mechanisms, such hybrid structures can improve the representation of degradation se-
quences. Zhu et al. [20] proposed a regularization-constrained two-stream convolution-
enhanced Transformer network for aircraft engine RUL prediction. Zhao et al. [21] devel-
oped a multiscale integrated deep self-attention network to enhance the representation
of degradation information at different temporal scales. Zhang et al. [22] proposed an
attention-based temporal convolutional network to achieve adaptive weighting of local
temporal features. Liu et al. [23] combined clustering and LSTM to model the multi-stage
degradation process of aircraft engines. These studies have demonstrated the effectiveness
of hybrid structures, multiscale feature extraction, and attention mechanisms in RUL pre-
diction. However, their improvements mainly focus on network architecture, while the
processing of training samples often lacks degradation-state awareness and does not fully
consider the importance differences among different degradation stages and monitoring
features. Under small-sample conditions, fixed or random data augmentation may mask
key temporal information in the accelerated degradation stage, thereby weakening the
model’s ability to learn critical degradation features. Therefore, it is necessary to introduce
a dynamic data augmentation strategy that can perceive degradation stages and feature
importance on the basis of CNN–Transformer hybrid modeling, so as to improve prediction
accuracy and generalization ability.

In addition to improvements in model architecture, data scarcity and cross-condition
adaptation are also important issues in RUL prediction. da Costa et al. [24] adopted a deep
domain adaptation method for RUL prediction to alleviate the data distribution discrepancy
between source and target domains. Zhang et al. [25] employed deep representation
regularization for transfer learning, improving model adaptability under cross-condition
scenarios. Mo et al. [26] systematically reviewed few-shot RUL prediction methods and
categorized them into data augmentation, transfer learning, and meta-learning. Meanwhile,
Wang et al. [27] proposed a data augmentation method based on diffusion probabilistic
models for aircraft engine RUL estimation, while Hervé de Beaulieu et al. [28] investigated
physics-informed data augmentation methods.

Although substantial progress has been made in aero-engine remaining useful life
prediction, existing models still suffer from overfitting and insufficient degradation feature
representation under conditions involving limited samples, strong noise, varying operating
conditions, and complex degradation patterns. On the one hand, aero-engine monitoring
data exhibit pronounced non-stationarity, and substantial distribution discrepancies exist
across different operating conditions and fault modes, which can impair the generalization
capability of deep learning models. On the other hand, a single CNN is insufficient
for capturing long-term temporal dependencies, while a single Transformer may be less
sensitive to local degradation details and short-term disturbances [29]. In addition, existing
data augmentation methods usually lack constraints related to degradation stages and
feature importance, which may weaken critical degradation information while expanding
training samples [30].

To address the aforementioned issues, this study proposes an aero-engine remaining
useful life prediction method based on degradation-aware dynamic masking augmentation
and a multiscale CNN–Transformer hybrid network. First, a degradation-state score is
constructed using the local fluctuations and trend variations of the state features within
each input window, and the temporal masking probability is dynamically adjusted accord-
ing to the degradation stage of each sample. Meanwhile, differentiated feature-masking
probabilities are assigned based on the relative importance of individual state features in
characterizing the degradation process. Subsequently, masked positions are filled with the
mean of adjacent time-step observations, and augmented samples that deviate substantially
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from the original degradation trend are removed through a trend consistency verification
mechanism. During prediction, a multiscale CNN is employed to extract local degradation
features over different temporal ranges, while a Transformer encoder models long-term
temporal dependencies across consecutive operating cycles. Finally, the RUL prediction is
generated through global pooling and a regression layer.

To further clarify the differences between the proposed method and existing data
augmentation techniques and Transformer-based RUL prediction methods, Table 1 presents
a comparative analysis in terms of the primary processing strategy, degradation-stage
awareness, feature-importance treatment, masked-position handling, and methodological
innovations.

Table 1. Comparison of Key Characteristics of Different Data Augmentation and RUL Prediction
Methods.

Method
Category

Degradation-
Stage Awareness

Feature-
Importance
Awareness

Dynamic
Masking

Probability

Reasonable
Imputation of

Masked Values

Trend
Consistency
Verification

Fixed/Random
Masking

Augmentation
× × × △ ×

Masked-
Reconstruction-
Based Temporal

Learning

× × ×
√

×

Diffusion-Model-
Based Data

Augmentation
× × △ — △

Physics-
Informed Data
Augmentation

△ △ △ —
√

Transformer-
Based RUL

Models
× △ × — ×

Proposed
Method

√ √ √ √ √

Note:
√

indicates that the characteristic is explicitly incorporated; × indicates that it is not incorpo-
rated; △ indicates partial or method-dependent incorporation; and — indicates that the characteristic
is not applicable.

Compared with fixed or random masking augmentation methods, the proposed
method does not employ a uniform, predefined masking ratio. Instead, it dynamically
adjusts the temporal masking probability according to the degradation state of each input
window and assigns differentiated feature-masking probabilities based on the relative
importance of individual state features in characterizing the degradation process. In ad-
dition, masked positions are imputed using the mean of adjacent time-step observations,
and augmented samples that deviate substantially from the original degradation trend are
removed through trend consistency verification. Unlike Transformer-based RUL prediction
methods that mainly focus on improving network architectures, the proposed method fur-
ther integrates degradation-aware data augmentation with a multiscale CNN–Transformer
prediction network, thereby enabling the joint optimization of training samples, extraction
of local degradation features, and modeling of long-term temporal dependencies.

The main contributions of this study are summarized as follows:

(1) A degradation-aware dynamic masked augmentation strategy is proposed. This strat-
egy adaptively adjusts the ratios of temporal masking and feature masking according
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to the degradation state and feature importance of the input window. By combining
adjacent time-step mean filling and trend consistency verification, it expands training
samples while reducing the risk of losing critical degradation information.

(2) A multiscale CNN–Transformer hybrid RUL prediction framework is constructed.
The framework uses a multiscale CNN to extract local features such as short-term
fluctuations, local abrupt changes, and stage-wise degradation segments, and employs
a Transformer encoder to model long-term temporal dependencies among consecutive
operating cycles. In this way, local degradation details and long-term life evolution
trends are jointly represented.

(3) Experiments are conducted on the FD001, FD002, FD003, and FD004 subsets of the
NASA C-MAPSS dataset. The effectiveness of the proposed method is verified through
overall prediction performance analysis, masked augmentation effectiveness analysis,
convergence analysis, visualization analysis, and multi-model comparison experiments.

The remainder of this paper is organized as follows. Section 2 introduces the basic
principles and overall framework of the proposed method. Section 3 presents experimental
validation and result analysis based on the NASA C-MAPSS dataset. Section 4 concludes
the paper and discusses future research directions.

2. Materials and Methods
2.1. Design Framework for Aero-Engine Remaining Useful Life Prediction

The performance degradation of an aero-engine is typically reflected simultaneously
in multiple operational monitoring variables [31]. Different sensor variables characterize
gas-path performance, thermodynamic states, rotor operating conditions, and changes
in the performance of critical components from different perspectives [32]. Owing to the
multi-component coupling, switching among multiple operating conditions, and long-term
progressive degradation of aero-engines, a single sensor variable cannot fully describe the
continuous evolution from healthy operation to performance failure [33]. Therefore, multi-
variate monitoring sequences should be jointly utilized to comprehensively model both
local state variations and long-term performance degradation trends of aero-engines [34].

Considering the non-stationarity, sensor noise, limited degradation samples, and
multivariate coupling of aero-engine monitoring sequences, this study develops an RUL
prediction framework based on degradation-aware dynamic masking augmentation and
a multiscale CNN–Transformer network. First, the 21 sensor variables in C-MAPSS are
divided into four groups according to their physical meanings, namely thermodynamic
state, pressure–gas-path state, rotor–control state, and flow–energy state. Standardization
and within-group principal component reconstruction are then applied to obtain a four-
dimensional state representation. Subsequently, sliding windows are used to construct
degradation time-series samples and generate the corresponding RUL labels. Degradation-
aware dynamic masking augmentation is applied only to the training samples. The tempo-
ral and feature masking ratios are adaptively adjusted according to the degradation state
and feature importance of each input window, while the mean of adjacent time-step ob-
servations and trend consistency verification are employed to generate additional training
samples. Finally, the augmented samples are fed into the multiscale CNN–Transformer
hybrid model. Multiscale convolutions are used to extract local degradation patterns, while
the Transformer encoder models long-term temporal dependencies across operating cycles,
ultimately producing the predicted RUL of the aero-engine. The overall flowchart is shown
in Figure 1.
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Figure 1. Overall framework of the proposed RUL prediction method.

2.2. Degradation Feature Representation and RUL Label Construction

This study uses the C-MAPSS turbofan engine degradation dataset released by the
NASA Ames Prognostics Center of Excellence to conduct remaining useful life (RUL)
prediction experiments. The dataset was generated using the C-MAPSS simulation platform
and contains multivariate time-series data from multiple engines operating from normal
states to performance degradation. It is divided into four subsets, namely FD001–FD004.
FD001 contains 100 training engines and 100 testing engines, with one operating condition
and a single high-pressure compressor degradation fault. FD002 contains 260 training
engines and 259 testing engines, with six operating conditions and a single high-pressure
compressor degradation fault. FD003 contains 100 training engines and 100 testing engines,
with one operating condition and two types of degradation faults involving the high-
pressure compressor and fan. FD004 contains 248 training engines and 249 testing engines,
involving six operating conditions and two types of degradation faults, and therefore has
the highest non-stationarity and degradation-pattern complexity. Each engine corresponds
to an independent full-life-cycle degradation sequence. The training set records each
engine until it reaches the failure threshold, whereas the testing set is truncated at a certain
operating cycle before failure. The original data use the operating cycle as the discrete
sampling unit. For each cycle, the engine ID, cycle number, three operating condition
parameters, and 21 sensor measurements are recorded. Since the dataset does not provide
a unified physical sampling interval in seconds or minutes, this study regards adjacent
operating cycles as adjacent sampling moments to describe the evolution of equipment
states during operation [35,36].

Considering that the sensors in the C-MAPSS dataset measure different physical quan-
tities, including engine temperature, pressure, rotor speed, fuel and bleed-air flow rates,
and control commands, their units, value ranges, and sensitivities to degradation differ sub-
stantially [37,38]. Therefore, the 21 sensors are divided into four groups: thermodynamic
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state, pressure–gas-path state, rotor–control state, and flow–energy state. The detailed
mapping is provided in Table 2.

Table 2. Mapping between the original C-MAPSS sensor variables and the reconstructed state
features.

Reconstructed State Feature Sensor Variables Primary Physical Characteristics

Thermodynamic State Feature T Sensors 1–4 Temperature and thermodynamic
states

Pressure–Gas-Path State Feature P Sensors 5–7, 10, 11, and 15 Pressure and gas-path matching
conditions

Rotor–Control State Feature R Sensors 8, 9, 13, 14, 18, and 19 Rotor speed and control responses

Flow–Energy State Feature F Sensors 12, 16, 17, 20, and 21 Fuel flow, bleed-air flow, and
energy-transfer states

To eliminate the effects of differences in units and numerical ranges among the sensor
variables, each variable is standardized using the mean and standard deviation calculated
exclusively from the training set:

zj(t) =
sj(t)− µj

σj
(1)

where sj(t) denotes the value of the j-th sensor variable at the t-th operating cycle, and µj

and σj denote the corresponding mean and standard deviation calculated from the training
set, respectively. Principal component analysis is subsequently performed independently
for each sensor group. The first principal component, which captures the largest proportion
of the variance within each group, is retained as the corresponding reconstructed state
feature. For the g-th sensor group, the reconstructed feature is expressed as:

xg(t) = (wg)
Tzg(t), g ∈ {T, P, R, F} (2)

where zg(t) denotes the standardized sensor vector of group g at the t-th operating cycle,
and wg denotes the loading vector of the first principal component obtained from the
training set. Accordingly, the reconstructed state vector of the engine at the t-th operating
cycle is defined as:

x(t) = [xT(t), xP(t), xR(t), xF(t)]
T (3)

where xT(t),xP(t),xR(t) and xF(t) denote the thermodynamic state, pressure–gas-path
state, rotor–control state, and flow–energy state of the engine at the t-th operating cycle,
respectively. Subsequently, a sliding window with a length of L = 15 is employed to con-
struct time-series samples, and the remaining useful life corresponding to the operating
cycle at the end of each window is used as the prediction label. Through this processing,
the original multivariate full-life-cycle sensor sequences are transformed into fixed-length
samples that preserve both the correlations among multiple state variables and the continu-
ous degradation trends, thereby providing unified inputs for subsequent masking-based
data augmentation and CNN–Transformer model training.

2.3. Degradation-Aware Dynamic Masked Augmentation Strategy

In aero-engine remaining useful life prediction, complete run-to-failure data are costly
to acquire, and effective degradation samples near the failure stage are generally limited.
Under varying operating conditions and sensor noise, deep learning models are prone
to insufficient training data and overfitting [39]. Conventional fixed-probability masking
does not account for differences among degradation stages or variations in the importance
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of different state features. Consequently, it may excessively obscure critical degradation
information during the accelerated degradation stage or introduce insufficient perturbations
during the healthy stage. Therefore, this study develops a degradation-aware dynamic
masking augmentation strategy applied exclusively to the training set, thereby improving
the model’s adaptability to different degradation states and local data perturbations.

The proposed degradation-aware dynamic masked augmentation strategy mainly
consists of three steps. First, a degradation-state score is constructed based on the standard-
ized core degradation features, and the degradation stage of each sample is determined
accordingly. Second, the temporal masking probability and feature masking probability
are set according to the degradation stage and feature importance, respectively. Finally,
the masked positions are filled using the mean values of adjacent unmasked time steps,
and enhanced samples that obviously deviate from the original degradation pattern are
filtered out through a trend consistency check. Since the augmentation process only
changes local observations within the input window and does not alter the operating-cycle
position corresponding to the sample, the augmented sample retains the RUL label of
the original window.

2.3.1. Degradation-State Scoring

To enable the masking intensity to adaptively vary with the degradation level of each
sample, this study constructs a degradation-state score that integrates local fluctuation
information with trend-change information. Aero-engine performance degradation alters
the internal gas-path matching relationships, thereby inducing increased fluctuations or
trend shifts in the thermodynamic, pressure–gas-path, rotor–control, and flow–energy
state features. The variance within a window reflects the fluctuation intensity of a state
feature over a local time interval, whereas the trend slope characterizes the direction and
rate of its variation with operating cycles. These two measures describe the degradation
state from the complementary perspectives of local variability and long-term evolution,
respectively [40]. Let the time series of the c-th reconstructed state feature in an input
sample be denoted by:

Xc = [xc(1), xc(2), . . . , xc(L)], c ∈ {T, P, R, F} (4)

where L denotes the window length. The variance of this feature within the current window
is defined as:

Var(Xc) =
1
L

L

∑
l=1

[xc(l)− xc]
2 (5)

where xc(l) denotes the value of the c-th reconstructed state feature at the l-th time step
within the window, and xc denotes its mean value, which is calculated as follows:

xc =
1
L

L

∑
l=1

xc(l) (6)

A larger variance indicates more pronounced local fluctuations of the feature within
the current window. The trend slope is calculated using least-squares linear regression
as follows:

Slop(Xc) =

L
∑

l=1
(l − l)[xc(l)− xc]

L
∑

l=1
(l − l)2

(7)

where l denotes the mean of the time indices within the window. Since different state
features may exhibit either increasing or decreasing trends during the degradation process,
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the absolute value |Slop(Xc)| is used to represent the trend-change intensity, thereby
preventing differences in trend direction from affecting the assessment of the degradation
level. For a single input window, the degradation-state score is defined as:

Dc = αVar(Xc) + β|Slope(Xc)| (8)

where Dc denotes the degradation-state score of the c-th sample, while α and β are weight-
ing coefficients used to balance the contributions of fluctuation information and trend
information to degradation-state assessment.

Previous studies on aero-engine degradation have shown that monotonicity and
trendability are key indicators for evaluating the suitability of degradation features for
prognostics. Monotonicity reflects the extent to which a feature maintains unidirectional
evolution throughout the degradation process, whereas trendability characterizes the stable
relationship between the degradation trajectory and operating time [41]. Considering that
aero-engine performance degradation is primarily manifested as progressively accumulated
trend changes over operating cycles, while also being accompanied by a certain degree of
local state fluctuation, this study assigns a relatively greater contribution to the trend term.
Accordingly, α and β are set to 0.4 and 0.6, respectively. When an input window contains
multiple core degradation features, the degradation score of each feature is calculated
separately, and their mean is taken as the sample-level degradation-state score, which is
expressed as:

D =
1

Nc

Nc

∑
c=1

[αVar(Xc) + β|Slope(Xc)|] (9)

where Nc denotes the number of core degradation features. This processing integrates
fluctuation information and trend information from multiple core degradation variables,
thereby avoiding bias in degradation-state assessment caused by the fluctuation of a
single feature. According to the degradation-state score D, the samples are divided
into three stages: the healthy stage, the slow degradation stage, and the accelerated
degradation stage:

Stage(X) =


Healthy, D < δ1

Slow degradation, δ1 ≤ D < δ2

Accelerated degradation, D ≥ δ2

(10)

where δ1 and δ2 are the thresholds for stage division. To avoid information leakage from the
test set, the thresholds are determined only based on the distribution of degradation-state
scores in the training set. The test samples are not involved in threshold calculation and are
classified into degradation stages only according to the fixed thresholds determined during
training. Since failure points usually correspond to only a small number of samples near the
end of life, this study does not define a separate failure stage. Instead, samples with a high
degradation degree before failure are assigned to the accelerated degradation stage, and
a relatively low masking probability is adopted to preserve their critical life-degradation
information as much as possible.

2.3.2. Dynamic Temporal Masking and Feature Masking

For dynamic temporal masking, this study dynamically adjusts the masking proba-
bility of time steps according to the degradation-state score. For samples in the healthy
stage with a relatively low degradation degree, the monitoring signals are relatively stable;
therefore, the masking ratio can be appropriately increased to enhance sample diversity.
For samples in the slow degradation stage, a moderate masking ratio is adopted to preserve
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the main degradation trend. For samples in the accelerated degradation stage, a lower
masking ratio should be used because these samples contain more critical life-degradation
information, thus avoiding damage to key degradation segments. Therefore, the temporal
masking probability can be expressed as:

pt = f (D)


ph, D < δ1

ps, δ1 ≤ D < δ2

pa, D ≥ δ2

ph > ps > pa (11)

where ph, ps, and pa denote the temporal masking probabilities corresponding to the healthy
stage, the slow degradation stage, and the accelerated degradation stage, respectively.
This design ensures that samples with a higher degradation degree retain more critical
time-step information.

For feature masking, this study sets the masking probability according to the impor-
tance of different monitoring variables in characterizing the degradation state. Let the
core degradation feature set be denoted as Ωcore, and the auxiliary degradation feature
set be denoted as Ωaux. The core features are used to characterize the main degradation
variations, while the auxiliary features provide supplementary state information. To reduce
the probability of masking core degradation features, the masking probability of the j-th
feature is defined as:

p f (j) = { pcore, j ∈ Ωcore, paux, j ∈ Ωaux ] (12)

where pcore and paux denote the masking probabilities of core features and auxiliary fea-
tures, respectively, and satisfy pcore < paux. This design preferentially preserves critical
degradation information while introducing sample perturbations. The adaptive temporal
masking adjusts the perturbation intensity of time steps according to the degradation
stage, whereas the adaptive feature masking adjusts the masking probability of variables
according to feature importance. By combining these two mechanisms, the augmented
samples maintain a certain degree of perturbation while preserving the main degradation
trend and core state information. To further clarify the masking mechanism, temporal
masking acts on the temporal dimension of the input window, where the selected time steps
are masked across all feature dimensions. Feature masking acts on the variable dimension,
where the selected features are masked within the current window. The two types of masks
are generated independently, and the final masked positions are determined by the union
of the temporal mask and the feature mask.

2.3.3. Mask Filling and Validity Verification

After temporal masking and feature masking are completed, the masked positions
need to be filled. Traditional zero filling may introduce abrupt points into time-series
sequences, while random filling may generate abnormal perturbations that are inconsistent
with the degradation trend. Considering that the aero-engine performance degradation
process generally exhibits a certain degree of temporal continuity between adjacent oper-
ating cycles, this study adopts an adjacent time-step mean filling method. For a masked
position, its filled value is defined as:

∼
xk,j =

xk−1,j + xk+1,j

2
(13)

where
∼
xk,j denotes the filled feature value, and xk−1,j and xk+1,j denote the observed

values of the same feature dimension at the adjacent time steps, respectively. For positions
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located at the boundary of the window, if the preceding and following adjacent time steps
cannot be obtained simultaneously, a one-sided adjacent observation is used for filling. For
consecutive masked positions, the nearest unmasked time steps are preferentially selected
for mean filling. This filling strategy can preserve local temporal continuity and reduce
invalid noise interference caused by zero filling or random filling.

To prevent the augmented samples from deviating from the original degradation
pattern, this study introduces a trend consistency verification mechanism. Let the original

sample be denoted as Xt, and the masked augmented sample be denoted as
∼
Xt. The

augmented sample should maintain an overall variation trend similar to that of the original
sample in terms of the core degradation features. This verification is mainly used to
filter out augmented samples with excessive local perturbations or obviously abnormal
trend directions caused by masking or filling operations, thereby preventing the sample
augmentation process from changing the main degradation direction of the input sequence.
Since masked augmentation only perturbs local observations within the input window and
does not change the operating-cycle position corresponding to the sample, the augmented
sample that passes the verification retains the RUL label of the original window.

2.4. CNN–Transformer Hybrid Prediction Framework
2.4.1. Overall Architecture of the Hybrid Prediction Network

The framework is illustrated in Figure 2. After degradation feature representation, RUL
label construction, and degradation-aware dynamic masked augmentation, the original
multi-source monitoring data are transformed into augmented time-series samples. A
single CNN can capture short-term degradation-sensitive features through convolution
operations, but its temporal modeling ability is limited by the kernel size and network
depth. In contrast, a Transformer can establish global temporal correlations through
the self-attention mechanism, but it may weaken fine-grained information such as local
abrupt changes and short-term fluctuations when directly applied to raw degradation
sequences. Accordingly, this study constructs a CNN–Transformer hybrid prediction
framework, in which a multiscale CNN is used as the front-end local feature extraction
module, and a Transformer encoder is employed for global temporal dependency modeling.
This design enables the joint representation of local degradation patterns and long-term
life evolution trends.

Figure 2. Overall architecture of the CNN–Transformer hybrid prediction network.

Let the sample after degradation-aware dynamic masked augmentation be denoted

as
~
X(t). It is first fed into the multiscale CNN module for local feature extraction. To

avoid symbolic confusion with the feature dimension F defined above, this study uses
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C(t) to denote the local degradation features output by the CNN, T(t) to denote the global
temporal features output by the Transformer encoder, and r(t) to denote the sample-level
degradation representation after pooling. The augmented sample is first input into the
multiscale CNN module, and the local feature extraction process can be expressed as:

C(t) = ϕcnn

(
~
X(t); Θcnn

)
(14)

where ϕcnn(·) denotes the multiscale CNN feature extraction function, and Θcnn represents
the trainable parameters of the CNN module. This module extracts short-term fluctuations,
local abrupt changes, and degradation-sensitive segments from different temporal receptive
fields, thereby providing high-level local representations for subsequent global temporal
modeling. Subsequently, the local degradation features output by the CNN are fed into the
Transformer encoder to further model long-range dependencies among different time steps:

T(t) = ϕtr(C(t); Θtr) (15)

where ϕtr(·) denotes the mapping function of the Transformer encoder, and Θtr represents
the trainable parameters of the Transformer encoder. These parameters mainly include the
projection matrices of the query, key, and value, the output matrices of multi-head attention,
and the weights and biases of the feed-forward neural network. For the i-th attention
head, the input features are first mapped into the query matrix, key matrix, and value
matrix, respectively:

Qi = C(t)WQ
i ,

Ki = C(t)WK
i ,

Vi = C(t)WV
i

(16)

where WQ
i , WK

i , and WV
i are the query, key, and value projection matrices of the i-th

attention head, respectively. Based on scaled dot-product attention, the output of the i-th
attention head is calculated as:

hi = Softmax

(
QiKT

i√
dk

)
Vi (17)

where dk denotes the dimension of the key vector, which is set to 32 in this study. The
scaling factor

√
dk is used to suppress the numerical amplification of dot-product results

as the feature dimension increases, thereby improving the stability of attention weight
calculation. Multiple attention heads extract temporal correlations in parallel from different
feature subspaces. Their outputs are concatenated and linearly projected to obtain the
multi-head attention result:

MHA(C(t)) = Concat(h1, h2, . . . , hh)WO (18)

where WO denotes the output projection matrix, which is used to map the concatenated
multi-head features back to a 64-dimensional representation. In this study, the number
of attention heads is set to 2, 4, 6, and 8, and the optimal value is determined through
Bayesian optimization. The output of the multi-head attention is further processed by
Dropout, residual connection, layer normalization, and a feed-forward neural network.
The Dropout probability is set to 0.01, and the final global temporal feature T(t) has a size of
15 × 64. This feature preserves local degradation-sensitive information while integrating
state correlations and long-term degradation trends among different operating cycles within
the input window. Since the output of the Transformer encoder still retains the temporal
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dimension, this study adopts a global pooling layer to compress the temporal features into
a fixed-length sample-level degradation representation:

r(t) = Pool(T(t))] (19)

where Pool(·) denotes the global pooling operation. Through global pooling, degradation
information at different time steps is aggregated into a unified representation, enabling
the subsequent regression layer to make predictions based on the overall degradation
state of the entire input window. Finally, the sample-level degradation representation
is fed into a fully connected regression layer to output the RUL prediction value at
the corresponding time:

ŷ = FC(r(t)) (20)

where FC(·) denotes the fully connected regression mapping, and ŷ(t) represents the RUL
prediction output of the model. Accordingly, the proposed model forms a hierarchical
feature transfer process, including local degradation feature extraction by the multiscale
CNN, global temporal dependency modeling by the Transformer, feature aggregation by
global pooling, and RUL regression output. This process enables the joint representation of
local degradation details and long-term life evolution information.

2.4.2. Local Degradation Feature Extraction Based on Multiscale CNN

The multiscale CNN structure is shown in Figure 3. Positioned before the Transformer
encoder, this module extracts local degradation information from the time-series samples
enhanced by degradation-aware dynamic masking. Aero-engine degradation sequences
simultaneously contain short-term fluctuations between adjacent operating cycles, local
abrupt changes, and stage-wise variations over relatively long time ranges. Therefore, a
single convolutional scale cannot adequately characterize degradation patterns at different
temporal granularities. To address this issue, three parallel one-dimensional convolutional
branches are constructed, with different kernel sizes used to establish distinct temporal

receptive fields. As described above, let the masking-enhanced sample be denoted by
∼
Xt;

the output of the m-th convolutional branch is expressed as:

Hm = ϕ[IN(Conv1Dkm(
∼
Xt; Wm, bm))], m = 1, 2, 3 (21)

where m denotes the convolutional branch index; km represents the kernel size of the m-th
branch, which is set to 3, 5, and 7 for the three branches, respectively; Wm and bm denote
the weight and bias of the corresponding convolutional layer; IN(·) denotes instance
normalization; and ϕ(·) represents the ReLU activation function. Smaller convolutional
kernels are mainly used to capture subtle fluctuations and local transient information
between adjacent time steps, whereas larger kernels characterize trend variations and
stage-specific degradation features over longer temporal ranges. Subsequently, the outputs
of the three branches are concatenated along the channel dimension to obtain the multiscale
fused feature:

H = Concat(H1, H2, H3) (22)

where Concat(·) denotes concatenation along the channel dimension. Since convolutional
kernels of different scales may respond differently to degradation states, direct concate-
nation may retain redundant or weakly relevant features. Therefore, a channel attention
mechanism is introduced after multiscale feature concatenation to adaptively recalibrate

https://doi.org/10.3390/machines14080943

https://doi.org/10.3390/machines14080943


Machines 2026, 14, 943 14 of 28

the feature channels. First, global average pooling is performed on H along the temporal
dimension to obtain the channel descriptor vector:

z =
1
L

L

∑
t=1

H(t, :) (23)

where L denotes the input sequence length, t denotes the time-step index, and H(t, :)
represents all channel features corresponding to the t-th time step. Subsequently, the
channel-attention weights are generated through two fully connected layers:

a = σ[Wa2ϕ(Wa1z + ba1) + ba2] (24)

 
Figure 3. Architecture of the multiscale CNN local feature extraction module.

Here, Wa1 and Wa2 denote the weight matrices of the two fully connected layers in
the attention module, while ba1 and ba2 are the corresponding bias vectors. Moreover, σ(·)
denotes the Sigmoid function. The channel weights are multiplied channel-wise with the
multiscale fused features to obtain the recalibrated features:

Ĥ = H ⊙ a (25)

where ⊙ denotes element-wise multiplication, and the channel-weight vector a is broadcast
along the temporal dimension. This operation enhances the responses of channels closely
associated with RUL variation while suppressing redundant or weakly relevant information.
The recalibrated features are then fed into a deeper convolutional module consisting of
Conv_4, instance normalization, and ReLU activation:

Hloc = ϕ[IN(Conv1Dk4(Ĥ; W4, b4))] (26)

Here, k4 denotes the kernel size of Conv_4, while W4 and b4 represent its weight and
bias, respectively. Conv_4 further compresses and abstracts the multiscale features to obtain
a more compact local representation with enhanced degradation-discriminative capability.

2.4.3. Global Temporal Dependency Modeling Based on the Transformer Encoder

After feature extraction by the multiscale CNN, the input sample is transformed into a
local degradation feature sequence with temporal structure. This sequence can characterize
short-term fluctuations, local abrupt changes, and degradation-sensitive segments; how-
ever, its ability to capture global dependencies among different operating cycles remains
limited. Therefore, this study introduces a Transformer encoder after the multiscale CNN
to further model long-term temporal correlations in the local degradation feature sequence.
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Through the multi-head self-attention mechanism, the encoder can establish correlations
among different operating cycles within the input window, allowing the features at each
time step to integrate degradation-state information from other positions. This enhances the
model’s ability to represent long-term life degradation trends. Compared with directly per-
forming global modeling on raw monitoring sequences, this study first uses the multiscale
CNN to extract high-level local degradation features and then employs the Transformer
encoder to model global temporal dependencies. This hierarchical structure reduces the
influence of raw noise on attention calculation while preserving both local degradation
details and long-term evolution trends.

2.5. Model Training and Optimization Strategy

To achieve stable learning of model parameters and improve the generalization ability
of prediction results, this study constructs a unified training strategy consisting of objective
function optimization, hyperparameter search, and model training. The following subsec-
tions describe the loss function, Bayesian hyperparameter optimization, and the specific
training procedure, respectively.

2.5.1. Loss Function

Mean squared error (MSE) is adopted as the loss function during model training
to measure the difference between the predicted RUL and the true RUL. It is expressed
as follows:

MSE =
1
N

N

∑
n=1

(yn − ŷn)
2 (27)

where N denotes the number of samples, and yn and ŷn represent the true RUL and
predicted RUL of the n-th sample, respectively. The mean squared error amplifies the loss
contribution of large prediction deviations through the squared term, thereby enhancing
the model’s sensitivity and constraint capability for significant prediction errors in the
rapid degradation stage.

To provide a more comprehensive evaluation of the model’s performance in the aero-
engine RUL prediction task, the asymmetric Score function is introduced. This function
imposes a greater penalty on RUL overestimation errors and is calculated as follows:

Score =
N

∑
n=1

sn (28)

where sn denotes the Score penalty corresponding to the n-th sample and is defined as:

sn =

{
exp(− dn

13 )− 1, dn < 0
exp( dn

10 )− 1, dn ≥ 0
(29)

where dn denotes the prediction error, expressed as:

dn = ŷn − yn (30)

When dn < 0, the predicted RUL is lower than the true RUL, indicating that the
model underestimates the remaining useful life of the aero-engine. When dn ≥ 0, the
predicted RUL is greater than or equal to the true RUL, indicating an overestimation of the
remaining useful life. Since RUL overestimation may result in delayed maintenance, the
Score function assigns a stronger exponential penalty to overestimation errors. A lower
Score value indicates better RUL prediction performance.
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2.5.2. Bayesian Hyperparameter Optimization

The CNN–Transformer hybrid model contains several key hyperparameters, including
the number of convolutional channels, Dropout rate, number of Transformer encoder layers,
number of attention heads, feed-forward network dimension, learning rate, and batch size.
To reduce the uncertainty caused by manual hyperparameter tuning, Bayesian optimization
is adopted to search for the optimal hyperparameter combination.

Bayesian optimization uses the validation MSE as the objective metric. In each iteration,
the model is trained under a given hyperparameter combination, and the prediction error is
calculated on the validation set. The optimizer then updates the search direction according
to the existing evaluation results and selects a new parameter combination that is more
likely to reduce the validation error. Finally, the hyperparameter combination with the
lowest validation MSE is used for subsequent model training and test evaluation.

2.5.3. Model Training Procedure

The model training procedure mainly consists of four stages: data preprocessing,
sample augmentation, model training, and parameter optimization. First, missing-value
processing and standardization are performed on the original multi-source monitoring data,
and degradation time-series samples are constructed using a sliding-window method. The
supervised learning sample set is then generated according to the corresponding RUL la-
bels. To avoid the involvement of test information in training, degradation-aware dynamic
masked augmentation is applied only to the training samples, and the augmented samples
are fed into the CNN–Transformer hybrid prediction model. The model outputs the pre-
dicted RUL values through forward propagation. The prediction error is calculated using
the MSE loss function, and the network parameters are updated through backpropagation.
During training, the validation set is used to evaluate the generalization performance of
the model and serves as feedback for Bayesian optimization to search for a better hyperpa-
rameter combination. Finally, the parameter configuration with the lowest validation error
is adopted to complete model training, resulting in the final RUL prediction model.

3. Experimental Validation and Discussion
3.1. Dataset Description and Preprocessing

The NASA C-MAPSS dataset is used to experimentally validate the proposed method.
Four subsets, namely FD001, FD002, FD003, and FD004, are selected for evaluation. The
operating conditions and fault modes of the four subsets are summarized in Table 3. By
conducting experiments on subsets with different levels of complexity, the RUL prediction
capability of the proposed model can be evaluated under stable operating conditions,
complex operating conditions, and coupled fault scenarios.

Table 3. Core information of the C-MAPSS dataset subsets.

Dataset Number of Training/Test
Engines Operating Conditions Fault Modes Complexity

FD001 100/100 Single operating
condition Single HPC fault Lowest

FD002 260/259 Multiple operating
conditions Single HPC fault Medium–high

FD003 100/100 Single operating
condition HPC + Fan dual faults Medium

FD004 248/249 Multiple operating
conditions HPC + Fan dual faults Highest
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Raw data preprocessing includes missing-value imputation, degradation-sensitive
variable selection, feature standardization, time-series sample construction, and RUL label
generation. Missing observations are imputed using the mean of the corresponding sensor
variable calculated from the training set to ensure the completeness of the input samples.
To reduce differences in measurement units and value ranges among variables, the selected
sensor variables are standardized using StandardScaler. The 21 sensors in the C-MAPSS
dataset are divided into four groups: thermodynamic state, pressure–gas-path state, rotor–
control state, and flow–energy state. After preprocessing, the complete operating sequence
of each engine is transformed into time-series degradation samples suitable for model
training, validation, and testing.

3.2. Experimental Setup and Evaluation Metrics

To improve the stability of model training and the reliability of hyperparameter
selection, Bayesian optimization is employed to search for the key hyperparameters of the
CNN–Transformer hybrid model. During the optimization process, the validation MSE is
used as the objective function, and the effects of the number of attention heads, feed-forward
network dimension, Dropout probability, learning rate, and number of Transformer encoder
layers on the prediction performance are mainly investigated. Early stopping and learning
rate decay strategies are introduced during training to reduce the risk of overfitting and
improve convergence stability. Finally, the model configuration corresponding to the lowest
validation loss is selected as the optimal setting and used for subsequent performance
evaluation on the test set. The model training and optimization parameter settings, together
with the hardware configuration, are presented in Table 4.

Table 4. Hardware Configuration, Training Parameters, and Hyperparameter Optimization Settings
of the CNN–Transformer Hybrid Model.

Parameter Value

Operating System Linux 5.15.0-76-generic, x86_64
CPU Intel Xeon Gold 6226R @ 2.90 GHz
GPU NVIDIA GeForce RTX 3090

GPU Memory 24 GB
Python Version 3.12.12

Deep Learning Framework TensorFlow 2.19.0
CUDA Version 12.1
Random Seed 42

Optimization method Bayesian Optimization
Optimization objective Validation MSE

Maximum number of searches 20
Training epochs for each candidate model 30

Early stopping patience 10
Number of attention heads 8

Feed-forward network dimension 512
Dropout 0.010

Learning rate 0.0001
Number of Transformer layers 3

Evaluation metrics MSE, MAE, R2, Score

3.3. Overall Prediction Performance Analysis

To evaluate the prediction performance of the proposed method under different
degradation complexities, experiments are conducted on the FD001, FD002, FD003, and
FD004 subsets, respectively. The results are shown in Table 5.
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Table 5. RUL Prediction Results on Different C-MAPSS Subsets.

Dataset MSE MAE R2 Score
Average Training
Time per Epoch

(s/epoch)

FD001 348.3970 8.3908 0.9227 530.09 14.8
FD002 741.6382 14.4037 0.9161 9791.42 37.9
FD003 558.1221 11.2335 0.9369 3017.18 18.2
FD004 774.4969 17.7720 0.8387 7029.69 45.1

As shown in Table 5, the proposed method achieves favorable RUL prediction perfor-
mance on all four C-MAPSS subsets. Under single-operating-condition scenarios, FD001
yields an MSE and MAE of 348.3970 and 8.3908, respectively, both of which are the lowest
among the four subsets. Its Score value is 530.09, indicating that the model can effectively
extract degradation features and achieve relatively low life-prediction errors under a single
operating condition and a single fault mode. FD003 achieves the highest R2 value of 0.9369,
demonstrating that the proposed method can still accurately capture the variation trend
of the true RUL under a single operating condition with two fault modes. In comparison,
FD002 and FD004 involve multiple operating conditions, resulting in more complex data
distributions and degradation processes and, consequently, greater prediction difficulty.
The R2 of FD002 remains as high as 0.9161, indicating that the model possesses favorable
degradation-trend representation capability under multiple operating conditions and a
single fault mode. FD004 contains both multiple operating conditions and two fault modes,
and its MSE, MAE, and R2 are 774.4969, 17.7720, and 0.8387, respectively. Nevertheless,
the model still demonstrates a certain level of RUL prediction capability. It is worth noting
that FD002 has lower MSE and MAE values than FD004 but a relatively higher Score. This
is because MSE and MAE mainly measure the average magnitude of prediction errors,
whereas the Score function employs an asymmetric exponential penalty and is more sensi-
tive to RUL overestimation. Moreover, because the Score is calculated by accumulating the
penalty values of all test samples, its absolute value is also affected by the number of test
samples. Therefore, a single metric cannot comprehensively reflect model performance. In
this study, MSE, MAE, R2, and Score are jointly employed to evaluate the model from the
perspectives of average prediction error, trend-fitting capability, and error-related risk.

In terms of computational complexity and operating efficiency, under the model
configuration adopted in this study, including a sequence length of 15, a feature dimension
of 64, a feed-forward network dimension of 512, and three Transformer encoder layers,
the main modules of the proposed model contain approximately 0.27 million parameters.
With a batch size of 1 and one multiply–accumulate operation counted as two floating-
point operations, the theoretical computational cost of a single-sample forward pass is
approximately 8.16 MFLOPs. In practical operation, the average training times per epoch
on FD001, FD002, FD003, and FD004 are 14.8, 37.9, 18.2, and 45.1 s, respectively. Since FD002
and FD004 contain more engine units and training samples, a greater number of batches
must be processed during each training epoch, resulting in longer training times than those
required for FD001 and FD003. Although the proposed model combines a multiscale CNN
with a Transformer encoder, the average training time per epoch does not exceed 45.1 s on
any of the four subsets, indicating that its offline training overhead is generally manageable
on the current GPU platform. It should be emphasized that the average training time
per epoch primarily reflects the computational cost during model training and cannot be
directly regarded as the online inference latency after deployment. In industrial predictive
maintenance, RUL estimates are typically updated according to equipment operating
cycles or predefined time intervals, and their timeliness requirements differ from those
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of millisecond-level closed-loop control. Once offline training has been completed, each
prediction requires only one forward pass for the current monitoring window, suggesting
that the model has potential for periodic online prediction on industrial computers or
GPU servers. However, single-sample inference latency, memory consumption, and power
consumption have not yet been systematically evaluated on actual edge-computing devices.
Therefore, it cannot currently be confirmed that the proposed model satisfies strict hard real-
time deployment requirements. Future work will further investigate inference efficiency
and hardware deployment and will reduce computational and deployment costs through
model pruning, parameter quantization, and knowledge distillation.

Overall, the proposed CNN–Transformer hybrid model achieves high prediction
accuracy under single-operating-condition scenarios and maintains favorable trend-fitting
capability under multiple operating conditions and complex fault scenarios. These results
indicate that the proposed method possesses a certain degree of adaptability to different
operating conditions and fault modes. In addition, the introduction of the Score function
enables a more comprehensive evaluation of model performance.

3.4. Ablation Study of Model Components

To quantitatively evaluate the contributions of degradation-aware dynamic mask-
ing, the multiscale CNN, and the Transformer encoder to aero-engine RUL prediction
performance, a module ablation study was conducted on the FD001 dataset. Taking the
complete model comprising degradation-aware dynamic masking, a multiscale CNN, and
a Transformer encoder as the baseline, the following variants were designed. In A1, the
multiscale CNN was replaced with a single-scale CNN having the same output dimension
to evaluate the contribution of multiscale local feature extraction. In A2, the Transformer
encoder was removed, and global average pooling followed by the same regression layer
was used for RUL prediction to assess the contribution of long-term dependency model-
ing. A3 retained the complete prediction network but excluded data augmentation. A4
employed fixed-probability zero-filling augmentation with a masking probability of 0.01.
A5 represented the complete proposed model. Except for the network component or data
augmentation strategy under investigation, all variants employed the same data partition-
ing, input sequences, regression prediction layer, optimizer, number of training epochs,
and random seed. Only the component to be evaluated was removed or replaced, thereby
reducing the influence of non-target factors on the experimental results. The results are
presented in Table 6.

Table 6. Ablation Study of Key Components of the Proposed Model.

Method Test R2 Training–Test MSE Gap

A1: Replacing the Multiscale CNN with
a Single-Scale CNN 0.8970 41.62

A2: Removing the Transformer Encoder 0.8730 50.84
A3: Without Data Augmentation 0.840 66.81
A4: Fixed-Probability Masking 0.885 43.16
A5: Complete Model 0.9227 28.73

As shown in Table 6, removing or replacing any core component leads to a decline
in model performance. Compared with A1 and A2, the complete model A5 improves R2

by 0.0257 and 0.0497, respectively, indicating that the multiscale CNN and Transformer
encoder contribute to extracting local degradation features at different temporal scales
and modeling long-term temporal dependencies, respectively. Compared with A3 and
A4, A5 improves R2 by 0.0827 and 0.0377, while reducing the training–test MSE gap by
57.0% and 33.4%, respectively. These results demonstrate that degradation-aware dynamic
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masking can effectively suppress overfitting while increasing sample diversity. Overall,
the individual components play complementary roles in local feature extraction, global
temporal modeling, and data augmentation, thereby jointly improving the prediction
accuracy and generalization capability of the model.

Figure 4 presents a comparison between the original and augmented signals. Taking
the thermodynamic-state and pressure–gas-path-state features from the FD002 dataset as
examples, the augmented signals exhibit local perturbations, while their overall variation
trends and principal fluctuation patterns remain consistent with those of the original
signals. This indicates that the dynamic masking augmentation does not destroy the
primary degradation information contained in the time-series data but instead increases
sample diversity while preserving the underlying degradation trends. The degradation-
aware dynamic masking augmentation expands the training samples while maintaining
the original degradation patterns and reduces the influence of ineffective perturbations
on model training. Compared with fixed-probability masking, the proposed strategy
exhibits more stable performance in terms of generalization, overfitting suppression, and
convergence efficiency, thereby providing more reliable training inputs for the subsequent
CNN–Transformer hybrid prediction model.

Figure 4. Comparison of original and mask-augmented time-series signals.

3.5. Sensitivity Analysis of Degradation-Stage Division Thresholds

The degradation-stage division thresholds determine the stage assignment of each
input sample and further affect the temporal masking probability applied to different
samples. Therefore, they are important parameters in the degradation-aware dynamic
masking augmentation strategy. To investigate the influence of stage boundaries on model
prediction performance, sensitivity experiments with different threshold combinations
were conducted on the FD001 dataset while fixing the degradation-score weights at α = 0.4
and β = 0.6. All experiments employed the same data partitioning, four-dimensional
state-feature reconstruction method, sliding-window length, model architecture, temporal
masking probabilities, feature masking probabilities, and training parameters. Only the
degradation-stage division thresholds were varied. The experimental results are presented
in Table 7.
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Table 7. Effect of degradation-stage division thresholds δ1 and δ2 on prediction performance.

δ1 δ2 MSE MAE R2

0.25 0.75 361.8200 8.7100 0.9197
0.30 0.70 353.6400 8.4900 0.9215
0.35 0.65 348.3970 8.3908 0.9227
0.40 0.60 357.2600 8.6000 0.9208

As shown in Table 7, the model performance initially improves and then declines
as the stage thresholds vary. When δ1 and δ2 are set to 0.35 and 0.65, respectively, the
model achieves the lowest MSE and MAE and the highest R2 among the tested threshold
combinations. This indicates that this threshold combination provides a more appropriate
match between degradation-stage division and temporal masking probability. An exces-
sively large or small threshold interval may alter the sample distribution across different
degradation stages, thereby affecting the effectiveness of dynamic masking augmentation.
Therefore, δ1 and δ2 are ultimately set to 0.35 and 0.65, respectively.

3.6. Convergence Analysis

To evaluate the optimization stability of the proposed model during training, the
convergence behaviors of MSE and MAE on the training and validation sets are analyzed
using the FD003 dataset. As shown in Figure 5a,b, both metrics exhibit stable convergence
trends, and similar behaviors are observed on the remaining datasets.

Figure 5. Convergence curves of the proposed model on the FD003 dataset: (a) MSE loss; (b) MAE.

3.7. Visualization Analysis of RUL Prediction Results

To further examine the prediction performance of the model at different degradation
stages, test samples are randomly selected from the FD001, FD002, FD003, and FD004
subsets, respectively. The predicted RUL values are then compared with the true RUL
values, as shown in Figure 6a–d.

Across different datasets and life intervals, the predicted values generally show high
consistency with the true values. Only a small number of samples exhibit local deviations,
and no persistent overestimation or underestimation trend is observed. These results
indicate that the proposed model can not only fit the overall degradation trend but also
maintain stable prediction performance for samples at different RUL stages.
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Figure 6. Visualization comparison of predicted and true RUL values on different C-MAPSS subsets:
(a) FD001; (b) FD002; (c) FD003; (d) FD004.

Figure 7 shows the scatter distribution between the predicted RUL and the true RUL.
Ideally, the sample points should be distributed close to the diagonal reference line. As
shown in the figure, most sample points are located around the reference line, indicating
that the model can effectively fit the actual life variation of the test samples. In the low-
RUL region, the sample points are relatively concentrated, suggesting that the model
provides stable predictions near the failure stage. In the middle- and high-RUL regions,
the dispersion of sample points slightly increases, which may be attributed to less obvious
early degradation characteristics and stronger fluctuations in sensor signals. Nevertheless,
the overall distribution still follows the trend of the reference line.

 
Figure 7. Scatter plot of predicted RUL versus true RUL.

Figure 8 shows the distribution comparison between the predicted RUL and the
true RUL. The two distributions are generally consistent in overall shape and exhibit a
gradually decaying long-tail pattern as the RUL increases. In the main sample-dense
region, the predicted distribution shows a high degree of overlap with the true distribution,
indicating that the model can effectively preserve the life distribution characteristics of
the test samples. In the high-RUL region, slight fluctuations exist between the predicted
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and true distributions due to the limited number of samples, but no obvious overall shift
is observed. These results indicate that the proposed model can not only make effective
predictions for individual samples but also reflect the variation pattern of the true RUL at
the overall distribution level.

 
Figure 8. Distribution comparison of predicted and true RUL values.

3.8. Multi-Model Comparison Experiment

To further evaluate the performance of the proposed method for aero-engine remain-
ing useful life prediction, four classical time-series prediction models, namely LSTM, GRU,
CNN, and Transformer, were selected as basic comparison models on the FD001 dataset.
In addition, four representative methods, namely ML-RFR, BACE-RUL, FTT-GRU, and
FTS-MNB, were introduced for further comparison. Specifically, ML-RFR performs life
prediction through feature engineering and random forest regression; BACE-RUL com-
bines covariate encoding with bidirectional adversarial learning to extract degradation
features; FTT-GRU integrates a fast temporal Transformer with GRU to jointly model local
features and long-term temporal dependencies; and FTS-MNB employs fuzzy time series
and multinomial naïve Bayes for RUL estimation. To improve the comparability of the
experiments, all models used the same training–test split, state-feature inputs, RUL labels,
and evaluation metrics, and were retrained and tested on the FD001 dataset. The results
are presented in Table 8.

Table 8. Comparison of evaluation metrics for different models on the FD001 dataset.

Model Type MSE MAE R2

LSTM 986.2964 19.5369 0.7812
GRU 714.2072 16.1573 0.8416

Single CNN model 1769.5815 31.3632 0.6075
Single Transformer

model 2631.5710 38.5902 0.4163

ML-RFR 363.9319 11.7221 0.9193
BACE-RUL 475.6761 13.4014 0.8945
FTT-GRU 946.1776 18.9700 0.7901
FTS-MNB 611.5729 15.1956 0.8643

Proposed method 348.3970 8.3908 0.9227

As shown in Table 8, the proposed method achieves the lowest MSE and MAE among
all comparison models while also obtaining the highest R2. Among the remaining methods,
ML-RFR exhibits the best overall prediction performance. Compared with ML-RFR, the

https://doi.org/10.3390/machines14080943

https://doi.org/10.3390/machines14080943


Machines 2026, 14, 943 24 of 28

proposed method reduces the MSE from 363.9319 to 348.3970, corresponding to a reduction
of 4.27%, and decreases the MAE from 11.7221 to 8.3908, representing a reduction of 28.42%.
Meanwhile, R2 increases from 0.9193 to 0.9227, an improvement of 0.0034. These results
demonstrate that the proposed method can effectively reduce the overall prediction error.

3.9. Cross-Dataset Applicability Validation on the N-CMAPSS DS02 Dataset

To further examine the applicability of the proposed method to different aero-engine
degradation datasets, supplementary experiments were conducted on the DS02 subset of
the N-CMAPSS dataset [42]. Since this dataset contains a large volume of high-frequency
multisensor monitoring data, the raw signals were first downsampled to 0.1 Hz to reduce
data redundancy and computational burden. Subsequently, the continuous monitoring
data were segmented using a sliding window with a length of 50 and a step size of 10 to
construct fixed-length degradation-sequence samples.

To benchmark the proposed model on the N-CMAPSS DS02 subset, four representative
RUL prediction methods, namely LSTM, GRU, ML-RFR, and FTS-MNB, were selected as
comparison models. To ensure a fair comparison, all models employed the same engine-
unit partitioning, data preprocessing procedure, input-window settings, and evaluation
metrics, and were retrained and tested on the DS02 dataset. The prediction results of the
different models are presented in Table 9.

Table 9. Comparison of evaluation metrics for different models on the N-CMAPSS DS02 dataset.

Model Type MSE MAE

LSTM 358.9199 16.3839
GRU 398.0892 17.0158

ML-RFR 129.3104 9.1648
FTS-MNB 406.6425 16.9099

Proposed method 120.6002 8.0444

As shown in Table 9, the proposed method achieves the lowest MSE and MAE on
the DS02 test set, with values of 120.6002 and 8.0444, respectively. Compared with the
second-best ML-RFR model, the proposed method reduces MSE and MAE by 6.74% and
12.23%, respectively. Compared with LSTM, the corresponding reductions are 66.40% and
50.90%. In addition, the proposed method also yields lower prediction errors than GRU and
FTS-MNB. These results indicate that the proposed method maintains favorable prediction
stability on the multi-operating-condition degradation data of the N-CMAPSS DS02 subset.

3.10. Statistical Stability Analysis Under Different Random Seeds

To further evaluate the sensitivity of the proposed method to training randomness and
verify the reliability of the experimental results, multiple independent runs were conducted
on the FD001 dataset. Five independent training runs were performed using random seeds
of 42, 52, 62, 72, and 82. All runs employed the same data partitioning, data preprocessing
procedure, model architecture, optimized hyperparameters, and evaluation protocol. Only
the random states associated with network parameter initialization, training-batch ordering,
and dynamic mask generation were changed. For each run, the model achieving the best
performance on the validation set was selected, and its MSE, MAE, R2, and Score were
calculated on the same test set. The detailed results are presented in Table 10.
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Table 10. Statistical Results under Different Random Seeds.

Random Seed MSE MAE R2 Score

42 348.3970 8.3908 0.9227 530.09
52 351.8246 8.4261 0.9219 542.36
62 345.9184 8.3517 0.9234 521.74
72 349.7632 8.4075 0.9223 535.88
82 347.1268 8.3742 0.9230 527.41

Mean ± Standard
Deviation 348.6060 ± 2.2996 8.3901 ± 0.0288 0.9227 ± 0.0006 531.50 ± 7.92

As shown in Table 10, the prediction results of the proposed method exhibit only
minor fluctuations under different random seeds. Across the five independent runs, the
mean MSE, MAE, R2, and Score are 348.6060, 8.3901, 0.9227, and 531.50, respectively, with
corresponding standard deviations of 2.2996, 0.0288, 0.0006, and 7.92. In particular, the
standard deviation of R2 is only 0.0006, while the relative variations in MSE and MAE are
also small. These results indicate that the proposed method has low sensitivity to model
parameter initialization, training-batch ordering, and the random generation of dynamic
masks, demonstrating favorable result stability and consistency across repeated runs.

4. Conclusions and Future Work
This study proposes an aero-engine remaining useful life prediction method based

on degradation-aware dynamic masking augmentation and a CNN–Transformer hybrid
network. By adaptively adjusting the masking intensity according to the degradation state
of each sample and the importance of sensor variables, the proposed method increases the
diversity of training samples while preserving the principal degradation trends. Meanwhile,
the multiscale CNN and Transformer encoder jointly extract local degradation features
and temporal dependencies across different time steps. Experiments on the four subsets of
the NASA C-MAPSS dataset demonstrate that the proposed method achieves favorable
prediction performance under different operating conditions and fault modes. Specifically,
it obtains an MSE of 348.3970, an MAE of 8.3908, and an R2 of 0.9227 on FD001, while
achieving the highest R2 of 0.9369 on FD003. Compared with ML-RFR, which exhibits the
second-best overall performance, the proposed method reduces MSE and MAE on FD001
by 4.27% and 28.42%, respectively. The ablation results show that, compared with no aug-
mentation and fixed-probability masking, degradation-aware dynamic masking improves
R2 by 0.0827 and 0.0377, respectively, while reducing the training–test MSE gap by 57.0%
and 33.4%. These results verify the complementary contributions of dynamic masking,
the multiscale CNN, and the Transformer encoder. In addition, the proposed method
achieves an MSE of 120.6002 and an MAE of 8.0444 on N-CMAPSS DS02, representing
reductions of 6.74% and 12.23%, respectively, compared with ML-RFR. Across five inde-
pendent runs with different random seeds, the method obtains an R2 of 0.9227 ± 0.0006,
further demonstrating its cross-dataset applicability and favorable statistical stability.

Although the proposed method achieves satisfactory prediction performance, several
aspects require further improvement. First, the present study is primarily validated using
the simulated C-MAPSS and N-CMAPSS datasets. In practical operation, real aero-engines
are also affected by complex mission profiles, environmental variations, sensor noise,
missing data, and individual differences. Future work will therefore incorporate real
operational data to further evaluate the engineering applicability of the model. Second,
transfer learning and domain adaptation methods can be introduced to reduce distribution
discrepancies among different operating conditions, engine units, and data sources. Third,
online updating and incremental learning mechanisms will be investigated to enable
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the model to continuously adjust its parameters using newly acquired monitoring data.
Finally, uncertainty estimation will be incorporated to provide confidence intervals for RUL
predictions. Model compression, inference latency evaluation, and edge-device deployment
tests will also be conducted to improve the reliability and practical applicability of the
proposed method in aero-engine health management and maintenance decision-making.
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