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Abstract: Research on the assessment of the remaining useful life (RUL) has garnered
significant attention because of its critical relevance in prognostics and health manage-
ment (PHM) across various sectors. Recently, data-driven methodologies have become
increasingly important for RUL prediction. However, these methods often struggle to
capture long-term dependencies and possess a limited receptive field, restricting their
effectiveness in various RUL prediction scenarios. To address these limitations, this study
proposes a novel approach called the scope-coordinated attention-based (SCAB) network
for RUL prediction. The initial design features a novel multichannel feature integration
block, which aims to effectively capture and integrate essential information from raw
sensor data. Additionally, it is designed to expand the receptive field by capturing rich
and diverse features for improved representation. Subsequently, a dual-attention block
refines information and further expands the receptive field in both the channel and spatial
domain. Moreover, a feature pyramid block with adaptive self-attention is developed to
effectively capture long-term dependencies, further enhancing the information’s detail and
features by the multiscale feature fusion mechanism. The efficacy of the proposed SCAB
model for RUL estimation was validated using the C-MAPSS public dataset. In comparison
experiments, the SCAB model outperformed other methods in the FD002 subset while
demonstrating excellent performances in FD001, FD003, and FD004. These results confirm
that the SCAB model exhibits robust and superior performance in RUL prediction across
various aeroengine scenarios.

Keywords: remaining-useful-life prediction; deep learning; prognostics health management;
attention mechanism

1. Introduction
Prognostics and health management (PHM) integrate data, knowledge, and com-

putation to monitor SSCs, enabling anomaly detection, fault diagnosis, and degradation
prediction for enhanced efficiency, reliability, and safety. By supporting condition-based
and predictive maintenance, just-in-time, just-right maintenance is ensured through PHM,
optimizing production profits while minimizing costs and losses [1]. PHM is essential for
aeroengine safety, efficiency, and cost optimization, enabling real-time monitoring and
predictive maintenance. A key aspect of PHM, remaining-useful-life (RUL) prediction pro-
vides critical insights by estimating the time to failure, facilitating proactive maintenance,
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failure prevention, and extended engine lifespan. Advancing RUL prediction methods
is crucial for decision makers in manufacturing, transportation, and aerospace, ensuring
reliable and cost-effective aeroengine operations [2].

RUL estimation aims to predict the remaining operational life or time until failure
using both historical and real-time sensor data. Existing RUL prediction methods are gen-
erally classified into model-based and data-driven approaches. The model-based approach
utilizes physics-of-failure (PoF) models, combining mathematical and physical representa-
tions to describe damage progression in machinery [3]. However, this approach is limited
in accurately modeling the dynamics of mechanical systems or components [4]. Achieving
accurate modeling of complex systems is often challenging, even for experts in the field.
Moreover, the efficacy and adaptability of model-based solutions are often constrained
by the variability in mechanical system behaviors across different applications [5]. On
the other hand, data-driven approaches bypass the need for intricate prior knowledge
by leveraging sensor data to assess equipment conditions and directly predict the RUL,
making them more flexible and widely applicable.

Data-driven RUL prediction methods develop degradation models by capturing the
nonlinear relationship between sensor data and RUL labels. These methods are catego-
rized into traditional machine-learning and deep-learning-based approaches. The former
includes techniques such as autoregressive (ARM) models [6], support vector machines
(SVMs) [7], and extreme learning machines (ELMs) [8]. Although widely applied, tradi-
tional machine-learning methods rely on manual feature engineering and possess limited
scalability, restricting their accuracy in handling large datasets. In contrast, deep-learning
methods streamline feature extraction, offer robust nonlinear fitting, and have gained
increasing popularity in RUL estimation.

With the advancement of deep learning, CNNs and RNNs have become dominant
in RUL prediction. Because RUL estimation is fundamentally a time-series forecasting
problem, RNN-based models have been extensively utilized. For instance, Zheng et al. [9]
proposed an LSTM approach for RUL estimation by fully leveraging sequence information
and revealing complex patterns in sensor data. In a study by Wang et al. [10], a variation of
the LSTM model, known as bidirectional LSTM (Bi-LSTM), was employed to assess aero-
engine deterioration and forecast the RUL. To further enhance feature extraction, hybrid
deep-learning architectures have been explored. Xia et al. [11] integrated separate gatings
for temporal modeling and adaptive feature weighting and a global temporal convolu-
tional network for sequence fusion. Yu et al. introduced a Bi-LSTM-based autoencoder to
convert high-dimensional data to low-dimensional representations, which are then used to
construct a one-dimensional health index (HI) for RUL assessment [12]. Xiang et al. [13]
designed multidifferential LSTMs and CNNs to enhance the processing ability of tradi-
tional LSTMs and CNNs and then proposed a spatiotemporally multidifferential model by
combining these networks for the prediction of the RULs of equipment. Ta et al. [14] devel-
oped a 1D CNN model for SA-based concrete stress monitoring, integrating an impedance
measurement model, stress-monitoring approaches, and K-fold cross-validation to assess
accuracy under noise and at untrained stress levels. Meanwhile, da Costa et al. [15] pro-
posed a data-driven domain adaptation approach using an LSTM and a domain adversarial
neural network (DANN) to adapt RUL estimates to a target domain with only sensor data.

Beyond hybrid modules, some RUL estimation models integrate multiscale and
attention-based mechanisms to enhance predictive performance. Chen et al. [16] pro-
posed an LSTM network for extracting sequential features, an attention mechanism for
weighting key features and time steps, and a feature fusion framework that integrates
handcrafted and learned features to enhance RUL prediction. Zhao et al. [17] introduced
GAM-CapsNet, a capsule neural network with a gated attention mechanism (GAM), to
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enhance noise resistance and prioritize key features, while capsules with a Bayesian layer
improve feature extraction and uncertainty quantification in RUL prediction. Li et al. [18]
implemented an approach integrating multiscale feature extraction, a concatenation block,
and a GRU-based fusion block for enhanced temporal learning, while leveraging Mish
activation for improved performance. Tian et al. [19] propose a method integrating spatial
correlation attention for variable importance and temporal attention to enhance LSTM’s
sequential learning for RUL prediction. Self-attention has recently emerged as a powerful
attention mechanism designed to effectively capture long-term dependencies by comput-
ing relationships between all the elements in a sequence, enabling more context-aware
feature learning [20]. The self-attention-based transformer model was initially developed
for natural language processing (NLP) [21] and has since been widely applied to com-
puter vision tasks [22,23], demonstrating effectiveness across various domains. In RUL
estimation, transformers have been integrated with CNNs, LSTMs, and other attention-
based modules to enhance predictive accuracy. Zhang et al. [24] propose an approach
assigning self-learned weights to time instances based on significance, with a theoretically
grounded update process and consistent interpretability across training runs for RUL pre-
diction. Zhang et al. [25] developed a self-attention-based RUL prediction model with a
parallel encoder–decoder structure, effectively handling long sequences while preventing
interference between the sensor and temporal features.

However, there are still limitations that need to be addressed. First, in complex and
dynamic RUL prediction scenarios, traditional CNNs rely on local features, while trans-
former models with fixed-length inputs struggle to capture subtle long-term dependencies
effectively. Second, the traditional transformer primarily focuses on temporal information
but fails to establish strong connections between input variables, limiting its receptive field.
To address these issues, this paper proposes an advanced attention-based hybrid technique
that employs a multichannel feature fusion mechanism to extract rich and diverse features,
effectively expanding the receptive field. The attention mechanism focuses on key features
in both local and global domains, enhancing feature representation while capturing sub-
tle environmental changes in aeroengine scenarios and effectively establishing long-term
dependencies. Additionally, a multiscale mechanism is implemented to enhance feature
extraction, improve input details, and strengthen the model’s stability, ensuring greater
robustness and reliability in RUL prediction.

In this paper, an innovative approach, called the scope-coordinated attention-based
(SCAB) network, is presented for estimating the remaining useful life (RUL) of aeroengines.
Building on prior research, the SCAB network employs a novel multichannel feature inte-
gration block (MCFIB) that includes a depthwise separable convolution-enhanced residual
block that captures and preserves the essential information inherent in the original data,
an improved spatial pyramid attention (SPA) block for extracting structured and regu-
larized information, and an improved adaptive spatial feature fusion (ASFF) block for
extracting multiscale information. Additionally, this architecture incorporates an improved
dual-attention network (DANet) that effectively focuses on the most significant features
across both the spatial and channel domains. The network concludes with an advanced
self-attention-based feature pyramid (SAFP) model that fuses critical information across the
entire run-to-failure timeline. The proposed methodology was validated using aeroengine
data, and a comparative analysis against other leading methods demonstrated the superi-
ority of the SCAB network for advanced predictive maintenance. The main contributions
of this paper are as follows:

• A novel MCFIB, including three channels, is proposed to enhance features ex-
tracted from raw sensor data and expand the receptive field by extracting rich and
diverse features;
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• The improved DANet module features an improved dual-attention network for spatial
and channel enhancement. The spatial attention captures the semantic interdependen-
cies between any two locations in the spatial dimension, while the channel attention
emphasizes the interdependent channel mapping in the channel dimension;

• The SAFP module utilizes an advanced self-attention-based feature pyramid block,
which emphasizes relevant information and models the long-term dependency in
time series through self-attention. Additionally, a feature-fusion pyramid-based
pooling mechanism is used to improve the model’s performance under various
operating conditions;

• The performance of the proposed technique was evaluated using aeroengine datasets.
The experimental results indicate that the method has significant potential to enhance
RUL prediction performance.

The remainder of this paper is organized as follows: Section 2 describes the proposed
approach for estimating the RUL. The details of the aeroengines’ RUL benchmark datasets
are presented in Section 3. Section 4 presents an analysis of the aeroengines’ RUL benchmark
datasets using the proposed method. The paper concludes in Section 5.

2. Proposed Approach
2.1. Overall Architecture of the Proposed Method

The overall design of the proposed method, as illustrated in Figure 1, integrates an
MCFIB, which extracts three key features: essential information from the original data
using a depthwise separable convolution-enhanced residual block, structured and regu-
larized information from an attention-based SPA block, and multiscale information from
an ASFF block to achieve a broader receptive field. These integrated features are then
processed through an improved dual-attention module, which refines critical informa-
tion and expands the receptive field across both spatial and channel domains, ensuring
more effective feature representation. Additionally, the SAFP module enhances input
details and strengthens the model’s stability through a pyramid-based pooling mechanism,
which aggregates multiscale contextual information to maintain robustness in diverse RUL
prediction scenarios. The self-attention mechanism within SAFP establishes long-term
dependencies, allowing the model to effectively track progressive degradation patterns
over extended time periods. The following subsections provide a detailed overview of the
individual components. To manage the computational complexity, our model includes one
MCFIB module, one dual-attention layer, and one SAFP module. The specific details are
provided in Table 1, where N denotes the number of samples, and L denotes the sequence
length of the sliding time window.

Table 1. Architectural overview and data handling of each module in the SCAB network.

Module Block Input Size Output Size

MCFIB

DWGLU&RESBlock (N, L, 14) (N, L, 128)
CA&SA&SPA (N, L, 14) (N, L, 128)

ASFF (N, L, 14) (N, L, 128)
Projection_out (N, L, 128) (N, L, 128)

DANet Pam (N, L, 128) (N, L, 128)
Cam (N, L, 128) (N, L, 128)

SAFP SAFP (N, L, 128) (N, L, 128)
FC Layer (N, L, 128) (N, L, 1)
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Figure 1. The overall architecture of the proposed method.

2.2. Multichannel Feature Integration Block
2.2.1. Depthwise Separable Convolution-Enhanced Residual Block

The bottleneck layer of the ResNet introduces a novel gated linear unit that can better
convey the original information of the RUL to prevent overfitting by preserving essential
degradation patterns and mitigating the vanishing gradient [26]. The bottleneck layer
used in deep ResNet architectures (e.g., ResNet-50, ResNet-101, and ResNet-152) optimizes
efficiency by reducing the computational cost and parameters while preserving representa-
tional power. It consists of three layers: a 1 × 1 convolution for feature compression, a 3 × 3
convolution for transformation, and another 1 × 1 convolution for expansion, minimizing
the number of expensive operations on high-dimensional feature maps. The output of the
bottleneck block can be expressed as follows:

Fr(x) = U(x) · σ(V(x) · σ(W(x) · x)) + x (1)
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where W(1 × 1) reduces dimensions, V(3 × 3) extracts features, and U(1 × 1) restores the
original dimensions, while the identity shortcut ensures the gradient flow.

Because the direct addition of input and output to the residual block can cause feature
distortion, especially when input and output dimensions do not match, a lightweight
depthwise gated linear unit (DWGLU) is introduced to process the input information,
addressing dimensional mismatch while maintaining feature integrity [27]. The DWGLU
enhances the neural network’s efficiency by introducing a learnable gating mechanism that
dynamically filters relevant features, improving both computational efficiency and long-
term information retention. The DWGLU splits the input into a depthwise convolutional
transformation and a sigmoid-based gate, formulated as follows:

DWGLU = (DWConv1(x))⊙ σ(DWConv2(x)) + x (2)

where x ∈ RN×L×C is the input, DWConv1 and DWConv2 are depthwise separable convo-
lutions, σ is the sigmoid function, and ⊙ denotes element-wise multiplication.

2.2.2. Attention-Based SPA Block

The improved spatial pyramid attention (SPA) effectively extracts the structural and
regularization information from the original data by leveraging the key features identified
through the channel attention and spatial attention [28]. SPA is an advanced attention
mechanism designed to improve feature representation by capturing the spatial context
at multiple scales. It combines the concept of spatial pyramids, which capture contextual
information at different resolutions, with the ability to apply attention to important regions
within the feature map. This mechanism enhances the model’s focus on critical spatial
features while reducing the impacts of irrelevant or noisy areas. Mathematically, SPA can
be expressed as follows:

S(x) = C(AvgPool(x, 1), AvgPool(x, 1), AvgPool(x, 1))

Fs(x) = σ(FC(FC(S(x))))
(3)

where C indicates the concat operation, P represents the average pooling function, σ

indicates the sigmoid activation function, and FC stands for the fully connected layer.
SPA is a variant of the squeeze-and-excitation network (SENet) [29], where the core

idea of SENet is to learn feature weights dynamically based on the loss function by assigning
higher weights to effective feature maps while suppressing irrelevant or less informative
features, ultimately improving the model’s performance. Building on this principle, a
self-attention mechanism is employed to enhance feature selection by integrating chan-
nel attention and spatial attention, emphasizing critical features within global and local
contexts. This mechanism effectively captures long-term dependencies by leveraging both
global and local domain features, enabling the extraction of crucial information over ex-
tended sequences while preserving structured relationships in the data. Mathematically, it
can be formulated as follows:

f1(x) = CA(x) · x

f2(x) = λSA( f1(x)) · f1(x)
(4)

where λ denotes the sigmoid function, and CA and SA represent, respectively, the channel
attention maps and spatial attention.The structure of the CA&SA module is shown in
Figure 2.
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Figure 2. CA&SA module.

2.2.3. Adaptive Spatial Feature Fusion Block

The improved adaptive spatial feature fusion (ASFF) is a dynamic integration mech-
anism that improves multiscale learning by adaptively adjusting fusion weights across
spatial resolutions, which can effectively obtain multiscale information in the RUL, ensuring
efficient and context-aware feature representation [30]. By learning weight distributions for
each feature map, ASFF emphasizes salient spatial information while suppressing irrelevant
features, enabling the model to balance the local details and global context. Additionally,
ASFF can effectively extract multiscale information from raw RUL data, refining feature se-
lection to enhance fine-grained recognition and structural understanding. Mathematically,
ASFF is formulated as follows:

F1(x) = F1(x)

F2(x) = Conv1(x)

F3(x) = MaxPool(Conv1(x))

Fa(x) = w1 · F1(FC∞(x)) + w2 · F2(FC∈(x)) + w3 · F3(FC∋(x))

(5)

where wi represents the dynamically learned weight for each feature scale (Fi), w1 + w2 +

w3 = 1, (where wi ∈ [0, 1]), Conv1 represents a convolutional operation with kernel size
= 3 and stride = 2, and MaxPool shows a max pooling operation with kernel size = 3 and
stride = 2.

Fo(x) = W0(Conv(C(Fr(x) + Fs(x) + Fa(x)))) + x (6)

where W0 represents the ReLU activation function, and C indicates the concat operation.
Thus, the MCFIB model enhances RUL prediction by extracting essential features, structural
and regularization information, and multiscale information from raw data, resulting in a
broader receptive field and more robust, accurate predictions of the RUL. The final result
can be formulated using Equation (6).

2.3. Dual-Attention Module

The dual-attention network (DANet) is designed to refine the output from the previ-
ous step and enhance feature representation, utilizing both channel attention and position
attention [31]. The final feature representation in the DANet is computed as a weighted
sum of all the channel features combined with the original features, ensuring a more
comprehensive feature integration. Unlike CNNs, which are restricted by local receptive
fields, and traditional transformers, which primarily model temporal dependencies but
struggle to establish strong interactions between input variables, thus limiting their recep-
tive fields, the DANet employs spatial and channel attentions to dynamically emphasize
the key features. This adaptive mechanism not only overcomes the limitations of fixed
receptive fields but also effectively captures long-range semantic dependencies between
feature maps, ultimately enhancing feature discriminability and representation quality. By
capturing these dependencies, the DANet strengthens feature representation, making it
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particularly advantageous for RUL prediction by prioritizing critical degradation patterns.
This improved feature refinement further enhances the overall predictive accuracy and
robustness of the algorithm.

The channel attention mechanism in the DANet dynamically enhances the representa-
tion of feature maps by learning global channel dependencies, ensuring that the network
focuses on the most informative channels while reducing the impact of irrelevant ones.
Instead of treating all the channels equally, this mechanism assigns higher attention weights
to channels that contribute significantly to feature extraction, improving model’s efficiency
and discriminative power. This process is mathematically formulated as follows:

C(F) =
exp(R(F) · T(R(F)))

∑C
i=1 exp(R(F) · T(R(F)))

Cam = β
C

∑
i=1

(T(C(F))F) + F
(7)

where R indicates the reshape function, T indicates the transpose function, C is the dimen-
sion of the model, and β represents a weight that is gradually learned from 0.

The position attention mechanism in the DANet improves feature modeling by learn-
ing spatial dependencies across an entire input, allowing the network to capture long-range
positional relationships that traditional convolutional layers struggle to process. Unlike the
standard spatial attention, which focuses on local regions, the position attention models
global interactions between different spatial locations, enhancing contextual understanding.
The mechanism is represented as follows:

P(F) =
exp(R(Conv(F)) · T(R(Conv(F))))

∑N
i=1 exp(R(Conv(F)) · T(R(Conv(F))))

Pam(F) = α
N

∑
i=1

(T(P(F))R(Conv(F))) + F
(8)

where R indicates the reshape function, T indicates the transpose function, N is the input
sequence length, and α stands for initialization to 0 and gradually learning to assign
more weights.

The DANet integrates both channel attention and position attention to refine feature
representation across multiple dimensions, ensuring a holistic understanding of both
channel-wise and spatial dependencies. By applying independent attention mechanisms to
feature channels and spatial positions, the DANet can effectively strengthen the features
extracted in the previous step to obtain a more accurate feature map. The final output is
computed as follows:

FDA = Pam + Cam (9)

Using channel-based feature refinement and global spatial dependencies, the DANet
provides a powerful framework for effectively strengthening the features extracted in the
previous layers and ensuring a more accurate and contextually aware feature map, which
leads to better performance in RUL prediction.

2.4. Self-Attention-Based Feature Pyramid Block

The feature pyramid mechanism improves RUL prediction models by effectively
fusing multiscale information, allowing for the prediction of targets at different scales.
Additionally, the integration of a self-attention mechanism enables the model to capture
long-term dependencies, enhancing the accuracy and robustness of RUL predictions over
time. Atrous spatial pyramid pooling (ASPP) [32], a variant of the feature pyramid structure,



Aerospace 2025, 12, 259 9 of 21

enhances RUL prediction models by capturing multiscale contextual information through
multiple branches of dilated convolutions with different dilation rates. These dilated
convolutions effectively extract features across multiple scales, addressing the limitations of
fixed receptive fields in CNNs. Each branch, with its unique dilation rate, captures features
at varying scales, thereby expanding the receptive field and improving the model’s ability
to process multiscale information. The ASPP operation can be mathematically expressed
as follows:

MA(q) =
N

∑
i=1

wi · Convdi
(q) + AvgPool(q) (10)

where Convdi
(q) represents the dilated convolution applied to the input feature map

(q) with dilation rate di; wi are the learnable weights for each scale branch; AvgPool(q)
represents the global average pooling of the input (q), capturing global contextual features;
and MA is the final fused feature map after applying all the dilated convolutions and
global pooling. By fusing multiscale features, ASPP enhances the ability to predict the RUL
more accurately. This increases the performance and stability of the RUL prediction model,
making it robust under varying conditions. Multiscale fusion through ASPP also prevents
overfitting by capturing diverse spatial contexts.

Because of sparse sampling, ASPP lacks a correlation between pieces of long-distance
information; the introduction of a non-local (NL) block helps to bridge this gap by comput-
ing correlations across all the positions in the feature map [33]. The NL module enhances
feature extraction by capturing the long-range dependencies and global context, enabling
the model to establish spatial interactions beyond local pixel relationships. By directly
computing global interactions, the NL module eliminates the sequential constraints and
vanishing gradients commonly observed in LSTMs while also mitigating the limitations of
transformers, which struggle to capture subtle long-term dependencies because of fixed-
length input constraints. This is achieved by computing the output at each position as a
weighted sum of all the positions, with the weight determined by the similarity between
feature points, expressed as follows:

MN(r) =
1

C(i) ∑
j

f (ri, rj)g(rj) (11)

where yi is the output feature at position i, ri and rj represent the input features at positions
i and j, and f (ri, rj) and g(rj) are the similarity function and transformation function,
respectively. By incorporating the NL module with ASPP, the model effectively improves
its ability to acquire the global context, compensating for the sparsity of information in
long-range dilated convolutions and ultimately boosting performance in RUL predictions
that require both fine details and global feature understanding.

The SAFP block enhances RUL prediction by capturing the multiscale context and long-
range dependencies, extracting local features while modeling global correlations across
spatial positions. This dual capability enables the model to track intricate degradation
trends, which are crucial for system wear and failure prediction. By strengthening the
model’s ability to analyze complex degradation patterns, the SAFP block ensures more
accurate and stable RUL estimations, effectively balancing fine details and long-term
dependencies.

3. Experimental Details
3.1. Dataset Description

In this study, the C-MAPSS dataset, a benchmark turbofan engine dataset developed by
NASA, is used to validate the efficacy of the proposed approach [34]. This dataset simulates
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real turbofan engine deterioration, providing a realistic testbed for RUL prediction. A
diagram of the simulated turbofan engine is shown in Figure 3.

The C-MAPSS dataset includes four subsets—FD001, FD002, FD003, and FD004—each
varying in working conditions, fault modes, lifespans, and the number of engines, as
outlined in Table 2. These differences provide a comprehensive basis for evaluating the
proposed model’s robustness and generalization across diverse degradation patterns and
operational environments.

Figure 3. Simplified diagram of an aeroengine simulated in C-MAPSS [34].

Table 2. The detailed description of each subset.

Subsets Training
Engines

Testing
Engines

Operating
Conditions Fault Types Max Life

Cycles

FD001 100 100 1 1 362
FD002 260 259 6 1 378
FD003 100 100 1 2 512
FD004 249 248 6 2 128

Each C-MAPSS subset consists of training and testing datasets, containing multivari-
ate time series for multiple engine units, where an “engine unit” represents a group of
aeroengines of the same type. The training set provides time-series data from the beginning
of an engine’s operational cycle until its failure cycle, while the test set includes time series
that end just before system failure. Additionally, variations in the initial wear and output
conditions are present in the dataset, making it essential to account for differences at the
start of each engine’s operation. Each subset includes 26 columns. The first column repre-
sents the engine’s numerical identifier, while the second column denotes the cycle index.
The subsequent three columns detail the operational configurations of the aeroengines.

3.2. Data Preprocessing

Initially, the sensor selection is guided by prior research, focusing on relevant features
that exhibit clear degradation patterns leading up to failure [35]. Figure 4 presents the
sensor values from the FD001 subset, where a visual analysis reveals that some sensors
remain stable throughout the degradation phase, making them less informative for RUL
prediction. As a result, S1, S5, S6, S10, S16, S18, and S19 were excluded, while the remaining
14 sensors were retained as model inputs. Table 3 provides the detailed specifications for
the selected sensors.
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Table 3. Descriptions of the sensors.

No. of Sensors Symbols Description Unit(s)

2 T24 Total temperature at LPC outlet ◦R
3 T30 Total temperature at HPC outlet ◦R
4 T50 Total temperature at LPT outlet ◦R
7 P30 Total pressure at HPC outlet psia
8 Nf Physical fan speed rpm
9 Nc Physical core speed rpm

11 Ps30 Static pressure at HPC outlet psia
12 phi Ratio of fuel flow to Ps30 pps/psi
13 NRf Corrected fan speed rpm
14 NRc Corrected core speed rpm
15 BPR Bypass ratio -
17 htBleed Bleed enthalpy -
20 W31 HPT coolant bleed lbm/s
21 w32 LPT coolant bleed lbm/s

Figure 4. Simplified diagram of a simulation in C-MAPSS [34].

The model’s training parameters should be unaffected by the varying ranges of each
sensor. Min–max normalization, also known as feature scaling or min–max scaling, is a data
preprocessing technique used to standardize feature values to a uniform scale, typically
[0, 1] or [−1, 1]. This methodology is highly advantageous in machine learning and data
mining as it addresses the issue of disparate ranges or units among features. Standardizing
features to a uniform scale can enhance the efficacy of algorithms. In this study, the min–
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max normalization technique was used to standardize the raw data [36], as implemented
using Equation (12):

F(x) =
x − xmin

xmax − xmin
(12)

where x is the original data value; xmin and xmax denote the minimum and maximum
values of the features, respectively; and F represents the normalized value. Given that
the same sensor type may produce varying readings under different conditions, min–max
normalization is applied under each specific operating condition [37].

Understanding the relationships between neighboring time intervals is crucial in time-
series analysis. The sliding window approach captures these dependencies by segmenting
data into fixed time windows, where each time point’s input corresponds to an RUL value.
The stride of the sliding window is set at one, maximizing the number of samples for
training. Figure 5 illustrates this process. The window size must be shorter than the
minimum life cycle, ensuring effective data representation. Through experimentation, a
window length of 25 steps was chosen for the optimal performance.

·

·
2

1

0

n

n-1

n-2

n-3

·
Time

TW: Time Window

sensor1              sensor2            sensor3       · · ·         sensorF

TW1

TW2

TW（n-1）

· · ·

RUL

Figure 5. Brief explanation of sliding window handling.

Following previous studies [35,38], the RUL’s upper limit is set at 125. Initially, the
RUL label remains constant before transitioning to linear degradation until system failure.
This assumption allows for a structured degradation model, making RUL estimation
more reliable.

3.3. Implementation Details

The experiments were conducted on a workstation with specific hardware and soft-
ware configurations. The system is powered by an Intel Core i7-14700KF CPU (3.40 GHz)
and features an NVIDIA GeForce RTX 4070 GPU, providing the computational power
required for model training. Additionally, the workstation is equipped with 32 GB of RAM,
ensuring efficient data processing and training performances.

The proposed model was trained and optimized using the AdaX optimization al-
gorithm, a novel adaptive learning rate method introduced in [39]. AdaX combines the
advantages of AdaGrad and Adam, offering improved convergence speed and enhanced
generalization, making it well suited for RUL prediction tasks. The initial learning rate was
set at 0.001 and decreased by 25% after 18 epochs.
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3.4. Overall Structure

Figure 6 presents the flowchart of the proposed architecture, structured into three main
phases: data preparation, model construction, and RUL prediction. The model construction
and RUL prediction phases incorporate procedures similar to those of data preparation,
including sensor selection and data normalization. In the model construction phase, the
SCAB model is developed and trained using the training dataset. Once trained, the model is
applied to the testing datasets to perform RUL prediction, ensuring an accurate estimation
of the remaining useful life.

Data Preprocessing

Aircraft engine
run-to failure data

Sensor selection

Data normalization

Slinding window
processing

Testing
datasets

Training
datasets

Build the 
SCAB Model

Model Training

Parameters
initialization

Train model with
decayed adaX

RUL Prediction

Well-trained final
model

Figure 6. Flowchart of RUL prediction.

3.5. Evaluation Metrics

Two commonly employed metrics are used to evaluate the effectiveness of the pro-
posed models for RUL outcomes. The first metric is the root-mean-square error (RMSE),
while the second is known as the score.

• RMSE: The RMSE is commonly used to evaluate prediction models for RUL estimation,
as it uniformly penalizes both premature and delayed predictions. The RMSE is
defined using Equation (13) as follows:

RMSE =

√√√√ 1
N

N

∑
i=1

(Pi − yi) (13)

where N is the total number of prediction samples, Pi represents the predicted value,
and yi denotes the true value;

• Score: The score was introduced at the International Conference on Prognostics and
Health Management (PHM) as a method for evaluating models in data challenges [34].
The score is formulated using Equation (14) as follows:
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Score =


N

∑
i=1

exp−(hi/13) − 1, f or hi < 0

N

∑
i=1

exp(hi/10) − 1, f or hi ⩾ 0

(14)

where hi represents the prediction error for each instance.

4. Experimental Result Analysis and Discussion
4.1. Comparison with State-of-the-Art Methods

In this section, the proposed method is compared with several state-of-the-art ap-
proaches. Table 4 presents the RUL estimation results across the four subsets of the C-
MAPSS dataset, alongside findings from 19 prior studies. These previous studies can be
broadly categorized into three groups: (1) DL-based methods [10,40–45], (2) transformer-
based methods [24,46–49], and (3) attention-based methods [17,19,36,38,50–52].

Table 4. Performance comparison between the proposed method and other approaches found in
the literature.

Method Year
FD001 FD002 FD003 FD004

RMSE Score RMSE Score RMSE Score RMSE Score

LSTM [40] 2018 16.14 339.00 24.49 4450.00 16.18 852.00 28.17 5550.00
Bi-LSTM [10] 2018 13.65 295.00 23.18 4130.00 13.74 317.00 24.68 5430.00
CNN-LSTM [41] 2019 14.40 290 27.23 9869 14.32 316 26.69 6594
HDNN [42] 2019 13.02 245 15.24 1282 12.22 288 18.16 1527

AGCNN [38] 2020 12.42 225.51 19.42 1492.00 13.39 227.09 21.50 3392.00
MS-DCNN [43] 2020 11.44 196.22 19.35 3747.00 11.67 241.87 22.22 4844.00
AEQRNN [36] 2021 ‡ ‡ 19.10 3220 ‡ ‡ 20.67 4594
GCU–Transformer [46] 2021 11.27 ‡ 22.81 ‡ 11.42 ‡ 24.86 ‡
Double-Attention Network [47] 2022 12.25 198 17.08 1575 13.39 290 15.66 1741
GAM-CapsNet [17] 2022 12.42 273 17.38 1872 11.73 243 19.83 2490
BiGRU-TSAM [24] 2022 12.59 213.35 18.94 2264.13 12.45 232.86 20.47 3610.34
LSTM-Based Model [45] 2022 7.78 100 17.64 1440 8.03 104 17.63 2390

SCTA-LSTM [19] 2023 12.10 207 16.90 1267 12.14 248 21.93 3310
NT-TCN [44] 2023 11.18 203.94 16.53 1350.39 12.02 364.46 19.7 5137.81
STRUL [50] 2023 12.85 224 19.24 1950 13.74 252 22.34 3080
DLformer [48] 2024 ‡ ‡ 15.93 1283.63 ‡ ‡ 15.86 1601.45
BTCAN [51] 2024 14.46 309 19.88 2800 12.79 298 22.03 4224
DVGTformer [49] 2024 11.33 179.75 14.28 797.26 11.89 254.55 15.5 1107.5
DDCA-TCN [52] 2024 12.14 237.6 12.85 760.5 11.37 225.5 13.86 903.7

Proposed Method 2024 11.68 209.67 12.79 749.22 11.31 220.36 14.62 961.73

Table 4 presents the updated comparative analysis of the SCAB model against prior
methods in the C-MAPSS benchmark dataset. The last row highlights the SCAB model’s
performance, demonstrating its strong predictive capabilities. Notably, the SCAB model
surpasses the other methods in the FD002 subset, achieving a 1.48% improvement in the
score metric. Although its performances in FD001 and FD003 are slightly below those of the
best method, the SCAB model achieves substantial improvements of 47.97% in FD002 and
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59.76% in FD004 compared to the performances of the same method. Additionally, despite
a slightly lower performance in FD004, the SCAB model achieves an 11.75% improvement
over the same method in FD001.

For the RMSE metric, the SCAB model demonstrates a 0.46% improvement in FD002.
Although it does not achieve the best performance in FD004, it still improves by 3.78%
over the same method in FD001. Furthermore, although the SCAB model’s performances
in FD001 and FD003 are slightly lower than those of the best method, it outperforms the
same method in FD002 and FD004 by 27.49% and 17.07%, respectively. These findings
reinforce the SCAB model’s robustness across different subsets, ensuring consistently high
performance and adaptability to varying degradation scenarios.

To comprehensively validate the RUL estimation capability of the proposed method,
Figure 7 illustrates a comparison between the predicted and actual RULs across the FD001,
FD002, FD003, and FD004 sub-datasets.

• As shown in Figure 7a, the RUL estimation results for the FD001 dataset demonstrate
that the SCAB model generally predicts the RUL accurately, especially when the actual
RUL is low, with predictions closely aligning with the true values. However, in areas
where the actual RUL values are higher, the predicted values are often underestimated.
This discrepancy could be because of the rapid degradation of the engine. Addi-
tionally, multiple indicators may enter the high-risk stage more quickly, leading to a
misalignment between the model’s predictions and the actual degradation process.
Moreover, specific intervals, such as 0–18 and 85–95, show higher prediction errors;

• Figure 7b shows the RUL estimation results for the FD002 dataset. In this dataset,
the model tends to underestimate the RUL, with most predictions being more accu-
rate at lower RUL values. This pattern can be attributed to the engine degradation
characteristics, where the engine enters the degradation state later than expected,
particularly in complex environments. Additionally, the inherent complexity of the
FD002 dataset and its nonlinear fluctuations may make it more difficult for the model
to handle long-term predictions, as the system is subjected to more dynamic and
intricate conditions over time;

• As shown in Figure 7c, the RUL estimation results for FD003 are similar to those
of FD001, showing better accuracy at lower actual RULs and larger deviations at
higher RULs, likely because of the similar characteristics of the datasets. Unlike in
FD001, some segments in FD003, such as 60–75, show an overestimation in the RUL,
indicating a horizontal offset between the predicted and actual values;

• As depicted in Figure 7d, the RUL estimation for the FD004 dataset mirrors that of
FD002, with predictions generally closely aligning with the true values at low RULs
and lower at high RULs, especially in the intervals of 40–50 and 160–170, where the
discrepancy between the predicted and actual values is pronounced.

Overall, the performance of the SCAB model across multiple sub-datasets confirms its
superior predictive capabilities, particularly for lower actual RULs, where its accuracy is
notably higher. However, the model exhibits some errors in predicting long-life engines,
highlighting a limitation in detecting engine degradation in complex, long-duration envi-
ronments. This indicates a need for improvement in capturing subtle degradation patterns
that occur over extended periods. These findings suggest that although the SCAB model
demonstrates robust predictive abilities across various subsets, further optimization and
adjustments are required to enhance its ability to handle complex degradation scenarios.
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(a) FD001

(c) FD003

(b) FD002

(d) FD004

Figure 7. Prediction of each engine in four subsets.

To enhance the clarity and interpretability of the prediction results, the observed values
were compared with the predicted ones. By randomly selecting specific engines from each
sub-dataset and juxtaposing the actual RUL with the predicted RUL for each cycle, the
model’s predictive accuracy is clearly demonstrated. As shown in Figure 8, predictions for
randomly selected engines from the four different subsets are displayed. The orange curve
represents the predicted RUL values, while the red curve denotes the actual RUL values.
Specifically, Figure 8a presents the prediction results for engine unit 34 from the FD001
test set, Figure 8b shows the results for engine unit 43 from the FD002 test set, Figure 8c
illustrates the results for engine unit 46 from the FD003 test set, and Figure 8d depicts the
degradation trajectory prediction for engine unit 40 from the FD004 test set.

From Figure 8, it is worth noting that in the FD001 and FD003 datasets, when the
engine enters the degradation stage, the RUL predicted by the model shows obvious
oscillations. After a period of time, the predicted results stabilize and become closer to
the actual RUL values. In contrast, for the FD002 and FD004 datasets, the predicted RUL
value begins to approach the actual value after a brief fluctuation once the engine starts
to degrade. This pattern suggests that in the C-MAPSS dataset, when the engine begins
to degrade, the predicted value initially deviates from the true value because of changes
in the situation. However, after some time, the model stabilizes, and the predicted value
aligns more closely with the actual value. This behavior clearly indicates that the SCAB
network adapts well to different degradation scenarios and provides reliable predictions
across various datasets.
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(a) FD001-34 unit

(c) FD003-46 unit

(b) FD002-43 unit

(d) FD004-40 unit

Figure 8. Full life cycle prediction of a randomly selected engine in each subset.

4.2. Ablation Study of the Proposed Method

To comprehensively evaluate the efficacy of each internal module within the proposed
method, this section presents five ablation experiments, with the benchmark model (the
MCFIB model), Experiment No. 1, serving as the baseline for comparison. Experiment No.
2 builds upon Model No. 1 by incorporating the ASPP module, resulting in the MCFIB +
ASPP model. Experiment No. 3 builds upon Model No. 2 by replacing the ASPP module
with the SAFP module, creating a model that combines the MCFIB and the SAFP, to assess
the performance of the SAFP module. Experiment No. 4 builds upon Model No. 3 by
replacing the MCFIB module with the DANet module, resulting in the DA + SAFP, to assess
the performance of the DANet model. Finally, Experiment No. 5 presents the full SCAB
model, which integrates all the modules, including the MCFIB, the DANet, and the SAFP.

As shown in Table 5, the experimental results are as follows:

• The proposed MCFIB module, serving as the benchmark model, has a certain impact
on RUL predictions, but its performance remains limited. This indicates that the hier-
archical and rich features extracted from multiple channels require further processing
to achieve the optimal results;

• In comparing Experiment 2 and Experiment 1, the integration of ASPP brings sig-
nificant improvements to the FD004 dataset, reducing the RMSE by 5.35% and im-
proving the score by 24.45%. However, it leads to a decline in performance in the
simpler FD003 dataset, suggesting that although ASPP effectively enhances feature
extraction in complex scenarios with varying fault modes, it may cause overfitting in
simpler environments;

• Further analysis in Experiment 3 and Experiment 2, where ASPP is replaced with
SAFP, reveals significant enhancements in the model’s performance. Specifically, SAFP
reduces the RMSE by 9.29%, 7.74%, and 28.98%, and improves the score by 26.61%,
26.63%, and 76.34% in FD001, FD002, and FD003, respectively. This demonstrates that
SAFP can effectively strengthen hierarchical features, achieving good performance
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and stability across both simple and complex situations while maintaining strong
generalization ability;

• When comparing Experiment 4 and Experiment 3, replacing the MCFIB with the
DANet results in substantial improvements in FD003, with the RMSE reduced by
18.85% and the score increased by 41.61%. However, the performance slightly de-
clines in the other three datasets, indicating that the DANet improves the overall
algorithmic stability;

• The final model, Experiment 5, which integrates all the proposed modules, outper-
forms the other ablation results in most datasets. Notably, it achieves consistent
improvements in both the score and RMSE metrics in FD001, FD002, and FD003,
highlighting its superior performance.

Table 5. Ablation study of the proposed architecture in all the datasets.

No. Model Structure
FD001 FD002 FD003 FD004

RMSE Score RMSE Score RMSE Score RMSE Score

No. 1 MCFIB 13.25 335.81 14.86 1091.38 20.24 1513.16 16.07 1360.41
No. 2 MCFIB+ASPP 13.56 305.71 14.34 1026.61 19.49 1643.98 15.21 1027.69
No. 3 MCFIB+SAFP 12.3 224.35 13.23 753.22 13.84 388.86 14.63 960.62
No. 4 DA+SAFP 12.19 243.35 13.57 767.96 11.33 227.03 14.95 981.33
No. 5 MCFIB+DA+SAFP 11.68 209.67 12.79 749.22 11.31 220.36 14.62 961.73

These ablation experiments validate the effectiveness of each component in the
model, demonstrating the advanced capabilities, stability, and practical utility of the
SCAB model in aerospace engines’ RUL estimations, emphasizing the model’s value in
real-world applications.

5. Conclusions
In this study, the scope-coordinated attention-based (SCAB) network is proposed for

remaining-useful-life (RUL) estimation in aeroengines. This model leverages a multichannel
network to effectively extract features from raw data, incorporating various types of
information, such as raw data, structured and regularized information, and multiscale data.
This enables the model to expand its receptive field and capture rich, diverse features. To
further enhance feature extraction, a DANet is introduced to refine the features extracted
in the previous step by capturing the significance of the information in both the channel
and spatial domains. Additionally, an adaptive self-attention-enhanced feature pyramid
network (SAFP) is employed to expand multiscale information and establish long-term
dependencies, improving the model’s ability to learn complex relationships and accurately
predict outcomes over extended periods. Notably, the proposed modules are implemented
within an end-to-end architecture, enabling the model to directly process sequential raw
sensor data and output RUL predictions without manual intervention.

The SCAB network’s effectiveness has been thoroughly validated in the C-MAPSS
dataset, with comparative analysis against state-of-the-art (SOTA) approaches confirming
its superior performance. The SCAB network consistently outperforms the other methods
in the FD002 subset. Although its performances in FD001 and FD003 are slightly below
those of the best methods, the SCAB network demonstrates significant advantages in FD002
and FD004 compared to the performances of the same methods. Additionally, in FD004, the
SCAB network exhibits remarkable performance, surpassing those of all the other methods
except for the best method. These results highlight the SCAB network’s strong stability and
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reliability in RUL prediction across diverse aeroengine scenarios. Ablation studies further
validated the necessity and effectiveness of each module.

The prediction performance of the proposed method may be affected when the method
is applied to RUL predictions under unknown operating conditions. To address this, we
plan to integrate domain adaptation techniques to enhance the model’s transferability across
various operating environments and devices. Furthermore, we recognize the importance of
explainable AI in improving model interpretability. Future work will focus on incorporating
explainability methods to enhance transparency and usability in predictive maintenance.
Additionally, we will continue to optimize the proposed method and explore its real-world
applications to ensure its practical effectiveness.
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