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Abstract

Ensuring continuous operation and minimizing unexpected failures are critical priorities in industrial
manufacturing. Due to this requirement, smart manufacturing has transformed maintenance strategies,
moving from traditional scheduled approaches to predictive maintenance (PdM), which leverages actual
machine health conditions. A powerful technique that enables accurate PdM is Remaining Useful Life
(RUL) estimation. Accurate RUL prediction allows the assessment of machine health, thereby facilitating
timely and appropriate maintenance decisions to sustain continuous operation and reduce repair costs.
While several existing models have been developed for RUL estimation, they often struggle to capture long-

term dependencies in time series data, limiting their predictive accuracy. In this study, we propose a novel
architecture that combines a one-dimensional Convolutional Neural Network (1D-CNN) with two consecutive
transformer encoders enhanced by Fourier transforms to address these challenges. The performance of the
proposed model was evaluated based on two well-known benchmark datasets, C-MAPSS and its improved
version, N-CMAPSS. The experiment results show that our approach outperforms current state-of-the-art
methods in both prediction accuracy and computational efficiency, demonstrating its potential for practical
applications.
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1. Introduction modern manufacturing. Accordingly, ensuring their
continuous and reliable operation is a top priority.
Due to constant operational demands, these machines
inevitably experience gradual degradation over time,
which can lead to performance deterioration and
unexpected failures. Such incidents may result in
unpredictable consequences; they not only incur
substantial costs and time for repairs, but also disrupt
the entire production line, affecting the progress of
product completion. Furthermore, a delay in detecting
and addressing a malfunction can exacerbate the
machine’s condition, turning a minor issue into a major
problem.

In modern industrial production, machinery has
become the core of every manufacturing sector, from
food processing and textiles to complex fields like high
technology and energy. These systems encompass a
wide range of equipment, including industrial robots,
automated machinery, precision mechanical devices,
and industrial automation systems. The development
and application of this equipment do more than
just optimize production processes; they also deliver
significant benefits in productivity, product quality,
error reduction, and cost savings. It can be said
that these industrial systems are the backbone of

Previously, maintenance activities were often metic-
*Corresponding author. Email: huong.truongthu@hust.edu.vn ulously arranged in advance for a specific period of
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time. However, these traditional methods had signif-
icant limitations. Machines could fail unexpectedly
before scheduled maintenance, or, conversely, be ser-
viced while still operating optimally, leading to inef-
ficiency and waste. With the rapid advancements in
Industry 4.0 nowadays, maintenance strategies have
changed remarkably. It has become more efficient and
precise through real-time monitoring of machine health
status. Indeed, the use of advanced technologies, such
as sensors, cameras, and the Internet of Things (IoT),
has become increasingly prevalent in smart manufac-
turing. These technologies enable precise monitoring
of critical machine health indicators, including vibra-
tion, temperature, pressure, surface imaging, and other
essential parameters. Data derived are then transmitted
to a centralized system, where analytical models and
algorithms process them to assess the overall health
status of machinery. This comprehensive evaluation
supports the prediction of potential failures before they
occur, enabling proactive maintenance actions. That is
to say, maintenance has shifted from corrective and
preventive methods to predictive maintenance (PdM)
[1].

A key technique for PdM is the estimation of Remain-
ing Useful Life (RUL), the time remaining until machine
failure [2]. By estimating RUL, which indicates the
anticipated timing of potential machine failures, main-
tenance can be strategically scheduled to prevent dis-
ruptions, optimize operational efficiency, and signif-
icantly reduce overall maintenance costs [3]. In the
literature, many studies have been conducted to pro-
vide accurate RUL prediction. In general, these meth-
ods can be categorized into two main groups: model-
based methods and data-driven methods [4]. Model-
based techniques rely on physical or mathematical rep-
resentations of the degradation process. However, their
application is often challenging due to the complexity
of machine structures and the extreme operating envi-
ronments, making it difficult to develop accurate mod-
els. Meanwhile, data-driven methods leverage collected
sensor data only to learn patterns of degradation. With
the increasing availability of high-quality sensor data,
and especially the application of machine learning (ML)
and deep learning (DL) techniques, these methods have
become preferred. Several ML and DL algorithms have
been employed for the RUL prediction of machines,
such as Linear Regression [5], Support Vector Machine
(SVM) [6], Convolutional Neural Network (CNN) [7],
and Recurrent Neural Network (RNN) [8]. However, the
use of these models presents certain disadvantages. For
example, the ML models are ineffective when dealing
with high-dimensional and time-sequence data. Mean-
while, DL-based models like CNNs and RNNs strug-
gle to capture long-term dependencies in time series
data, which can impair the model’s predictive accuracy.
Recently, the Transformer architecture [9] has emerged

as a powerful solution for capturing long-term depen-
dencies in sequences. Thanks to its self-attention mech-
anism, the model is less sensitive to increasing sequence
lengths. In the context of RUL prediction, Transformer-
based models have demonstrated better performance
compared with CNN and RNN-based models [10].

A standard Transformer architecture comprises two
main components, namely the encoder and the decoder,
each performing distinct functions [11]. The encoder
processes the input sequence to generate a set of hid-
den representations capturing contextual information,
while the decoder uses these representations to pro-
duce an output sequence. In the context of Remaining
Useful Life (RUL) estimation, most existing studies
have employed both components. However, this is not
strictly necessary. It is not compulsory to include both
encoder and decoder in a Transformer model; the choice
depends on the specific task for which the model is
designed. Unlike sequence-to-sequence tasks, which
require the decoder to generate sequential outputs (as
in machine translation), RUL estimation involves ana-
lyzing time series data to predict a single scalar value,
representing the estimated remaining lifetime of the
machine. Consequently, the decoder can be omitted
to simplify the architecture of the model and reduce
computational costs, avoiding mechanisms like masked
self-attention and encoder-decoder attention, which are
redundant for this task. Following this perspective,
[12] proposed a Transformer variant that relies solely
on an encoder. In particular, the encoder was used to
extract temporal features from the input, and then these
representations were mapped to the RUL value by a
regression layer. Nevertheless, the use of an encoder
only may constrain its ability to effectively capture
both long-term and short-term dependencies in time
series data. Specifically, while self-attention is effective
for capturing relationships across a sequence, it may
struggle with very long or complex sequences with-
out additional techniques. It may also overlook short-
term temporal patterns critical for precise RUL pre-
dictions, thus compromising predictive performance.
Moreover, the attention mechanism in the encoder usu-
ally requires considerable computation and memory.
Thus, designing an efficient model for predicting RUL
that minimizes training time, supports deployment on
resource-constrained devices, and maintains competi-
tive predictive accuracy is still a key challenge.

To address the aforementioned issues, this study
proposes a novel transformer-based model for RUL
prediction. The model integrates a one-dimensional
Convolutional Neural Network (1D-CNN) followed
by two stacked transformer encoders. The 1D-CNN
extracts local temporal features from the time series
input, while the use of two transformer encoders,
arranged sequentially, is to increase model depth
and enhance the capture of both long-term and
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short-term dependencies critical for accurate RUL
estimation. The first encoder processes the 1D-CNN
output to extract lower-level features and initiate
learning of long-term dependencies in the time series.
The second encoder refines these representations,
with the self-attention mechanism replaced by a
Discrete Fourier Transform (DFT) [13] to focus
on frequency patterns and reduce computational
complexity. This parameter-free DFT reduces hardware
requirements while maintaining predictive accuracy,
offering improvements over conventional self-attention.
In addition, a Bayesian Optimization (BO) algorithm
is employed to optimize the model’s hyperparameters.
The performance of the proposed approach is evaluated
on the two well-known benchmark datasets, namely, C-
MAPSS and N-CMAPSS, using the metric of root mean
square error and scoring function. To sum up, the main
contributions of the study are as follows.

* We propose a novel hybrid transformer-based
model for RUL prediction, combining a one-
dimensional Convolutional Neural Network (1D-
CNN) with two stacked Transformer encoders,
where the second encoder replaces the self-
attention mechanism with a DFT. This combi-
nation leverages the 1D-CNN'’s ability to extract
local temporal features and the DFT’s efficiency
to reduce computational costs. The architecture
effectively captures both long-term and short-
term dependencies, significantly improving pre-
diction accuracy.

* We investigate the effectiveness of the BO algo-
rithm in determining optimal hyperparameters
for the proposed model. This algorithm facilitates
the identification of configurations that enhance
model performance, achieving lower RMSE values
on both C-MAPSS and N-CMAPSS datasets. It
also provides insights into the impact of hyper-
parameters on predictive accuracy and computa-
tional efficiency.

* We conduct extensive experiments not only on the
C-MAPSS but also on its enhanced version, i.e.,
N-CMAPSS, to validate the model’s performance
across diverse scenarios. The proposed model
consistently achieves robust performance under
varying operating conditions and fault modes,
demonstrating its practical utility.

e The proposed model achieves competitive perfor-
mance compared to the state-of-the-art RUL pre-
diction models in terms of accuracy and training
efficiency. Specifically, it is the first to achieve
scoring values below 100 and RMSE below 7 on
FDO001 and FD003, and scoring below 200 with
RMSE around 8.0 on FD002 within the C-MAPSS

dataset. The model also achieves superior per-
formance across other sub-datasets of C-MAPSS
and N-CMAPSS, marking a substantial improve-
ment over existing methods on these well-known
benchmark datasets for RUL prediction.

The rest of the paper is organized as follows. Section
2 briefly reviews related work in the literature. The
components and architecture of the proposed model are
described in detail in Section 3. Section 4 presents the
experiments and the obtained results to evaluate the
performance of the proposed model. The discussion of
potential challenges and future work is presented in
Section 5. Finally, conclusions are given in Section 6.

2. Related work

Due to the challenges that ML algorithms face in
processing high-dimensional and time-series data, DL-
based approaches for RUL prediction are commonly
applied in the literature. For example, several studies
have explored CNN-based models, such as [14],
[15], and [16]. [17] investigated the capability of
the Long Short-Term Memory (LSTM) network to
handle sequential data. [18] designed a deep transfer
reinforcement learning network based on an LSTM
network for tool wear monitoring and RUL prediction.
Bidirectional Gated Recurrent Unit (GRU) networks
were employed to assess machine health status and
predict RUL in [19]. Other hybrid models combining
both CNN and LSTM can be found in [20], [21], [22],
[23] and [24].

Recently, a growing number of studies have exam-
ined the potential of transformer networks to address
the RUL prediction problem. Thanks to the atten-
tion mechanism, transformers can effectively capture
dependencies among elements within a sequence. As
a result, they have shown notable improvements in
RUL prediction tasks. [25] introduced a deep network
architecture that incorporates a transformer layer after
a gated convolutional unit for local feature extraction.
Similarly, [26] used the transformer as a backbone to
capture long-term dependencies. [27] proposed a dual
aspect self-attention model with two encoders, which
work in parallel to simultaneously extract features of
different sensors and time steps. [10] addressed domain
adaptation by aligning data distributions in both fea-
ture and semantic spaces before feeding them into the
transformer. [28] introduced temporal and split-feature
attention blocks to analyze multivariate time-series
data and detect degradation patterns for RUL estima-
tion. Several works have also combined deep learning
architectures with transformers to leverage the advan-
tages of both. [29] proposed a hybrid architecture that
integrates a transformer encoder with a convolutional
neural network (CNN) to extract localized features. A
similar idea was adopted in [30], where a hybrid model
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combines LSTM with a transformer. [31] presented an
end-to-end approach that incorporates global attention
(GA), self-attention (SA), and a temporal convolutional
network (TCN). With two pooling operations, the GA
mechanism enables parallel computation, allowing for
adaptive learning of important inputs while avoiding
resource waste. In addition, transformer-based architec-
tures followed by Bayesian inference have been used to
quantify uncertainty under complex fault modes and
operating conditions, as can be seen in [32, 33] and [34].

The structure of a standard transformer neural
network consists of two main layers: an encoder and a
decoder. Both layers rely on the attention mechanism,
which represents the importance of other tokens in
the input when encoding a given token. However, this
mechanism incurs high computational and memory
costs, causing models that adopt both layers to face
significant computational overhead and limitations
when deployed on resource-constrained devices. To
address this, an alternative approach that uses only
the encoder was suggested in [12]. Another factor
that significantly affects a model’s performance is the
choice of hyperparameters. Many existing studies rely
on the authors’ experience or heuristic methods. In
contrast, others use more automated techniques, such
as Grid Search and Random Search, to determine the
hyperparameters of the designed models. However,
these algorithms either fail to fully exploit the model’s
potential or consume a considerable amount of training
time, especially with large datasets.

Motivated by these challenges, this study proposes
a deep architecture that integrates two transformer
encoders to capture long-term dependencies in time
series data, along with a Bayesian optimization algo-
rithm to automatically identify the optimal hyperpa-
rameters, thereby improving the model’s performance
in the RUL prediction task. Moreover, a Fourier Trans-
form replaces the self-attention sublayer in the second
encoder to reduce training time. Table 1 compares key
information regarding the learning structures, hyperpa-
rameter selection methods, and efforts to reduce model
complexity in recent studies using the well-known
CMAPSS benchmark dataset.

3. Proposed architecture

This section describes the proposed architecture in
detail. It is designed to harness the capabilities of a
hybrid transformer-based network for RUL prediction.

3.1. Overview of the Architecture

As illustrated in Fig. 1, the proposed model consists
of four main functional components: a 1D CNN
layer, a standard transformer encoder layer, a Fourier
transform-based encoder layer, and a linear layer.
In this structure, two sequential encoders were

selected to strike a balance between model depth and
computational efficiency, aligning with the lightweight
objective of the study.

The sequential operation of the proposed method is
as follows.

* Firstly, the sliding window technique is applied
to fetch data from the original dataset and input
it into the model as batches in the form of an
b x n matrix, where b is the batch size and n is the
number of features. This approach leverages the
long-term memory capability of the transformer
encoder and enhances the feature extraction
power of the CNN block. The data passes through
the CNN block for high-level feature extraction,
followed by padding and a 1D convolution layer.
This maintains data dimensionality and improves
information extraction during training.

* Then, the output from the CNN is combined with
a positional vector generated by the Positional
Encoding (PE) function to provide temporal
order information for the Transformer encoder
layer. The output is fed into the self-attention
block of the first encoder, which computes
attention weights to capture correlations within
the time series input. Add&Norm and Position-
wise Feedforward blocks are applied to transform
the output, making it compatible with subsequent
functional blocks.

» After that, the output from the first encoder is
fed into the second Transformer encoder, where
the self-attention mechanism is replaced by a
DFT to process the time series in the frequency
domain. The DFT extracts frequency patterns and
takes the real part of the output, reducing compu-
tational complexity and hardware requirements.
This approach enhances the model’s efficiency
and accuracy for RUL prediction.

* Finally, the entire output of the second Trans-
former encoder is passed through a linear layer to
produce the predicted RUL value. After training
and inference are complete, the BO algorithm is
used to find an optimal set of hyperparameters
based on current parameter performance. This
process iterates until the model achieves the target
performance.

The design of each layer in the model is presented in
the sequel.

3.2. One-dimension (1D) CNN layer

When referring to Convolutional Neural Networks
(CNNs), they are usually considered DL algorithms
designed to handle 2D signals such as images
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Table 1. Summary of recent works on RUL prediction of turbofan engines

Work Dataset Proposed Structure Hyperparameter Optimization Lightweight Year
[10] C-MAPSS & N-CMAPSS Transformer Grid Search No 2022
[27] C-MAPSS DAST Grid Search No 2022
[12] C-MAPSS Transformer Encoder Bayesian Optimization Yes 2023
[14] C-MAPSS Deep Attention Residual Heuristic No 2021
[15] C-MAPSS DA-TCN Grid Search No 2021
(16] N-CMAPSS Deep Gaussian Process Grid Search No 2021
[19] C-MAPSS BiGRU Grid Search No 2022
[22] N-CMAPSS CNN-LSTM Heuristic No 2022
[20] N-CMAPSS Deep Gaussian Process Grid Search No 2022
[21] C-MAPSS CNN-LSTM Evolutionary Algorithm No 2021
(23] C-MAPSS BiLSTM-CNN Grid Search No 2020
[24] C-MAPSS Conv-BiLSTM Grid Search No 2026
[25] C-MAPSS Transformer Encoder-GCU Heuristic Yes 2021
[26] C-MAPSS VAE-Transformer Heuristic No 2022
[28] C-MAPSS Transformer Grid Search No 2022
[29] C-MAPSS TCN-Transformer Random Search No 2022
[30] C-MAPSS LSTM & Transformer Heuristic No 2023
[31] C-MAPSS GA-TCN N.A No 2023
[32] C-MAPSS & N-CMAPSS  Bayesian Gated-Transformer N.A No 2023
[33] C-MAPSS RMTF Grid Search No 2025
[34] C-MAPSS MCDAN N.A No 2024
[35] C-MAPSS GCN-TCN N.A No 2024
[36] C-MAPSS LSTM-Domain ANN Grid Search No 2020
[37] C-MAPSS PCA-LSTM Heuristic No 2021
[38] C-MAPSS GCN-GRU Grid Search No 2023
[39] N-CMAPSS DNN-BIiLSTM N.A No 2022
[40] C-MAPSS Transformer ARR Grid Search No 2024
[41] C-MAPSS CNN-LSTM-Attention Heuristic No 2024
[42] C-MAPSS MSCCAN N.A No 2025

Ours C-MAPSS & N-CMAPSS CNN-Transformer-Fourier Bayesian Optimization Yes —

and video frames. Their ability to learn complex
them the primary
tool for many engineering applications in image
classification and recognition. CNNs have also been

2 EA

features

and patterns

widely used for feature extraction from raw data
in various deep learning-based models. However,
due to numerous hidden layers and parameters, 2D
CNN models require a large amount of labeled
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Figure 1. An overview of the proposed model

data to learn effectively. Consequently, they may not
perform well in applications where input data is
scarce or represented as 1D signals. To address this
limitation, 1D CNNs have recently been proposed
in the literature and have demonstrated impressive
performance in several applications. Unlike 2D CNNs,
1D CNNs perform convolutions only along one
dimension, resulting in a simpler and more compact
architecture. This design enables real-time and low-
cost hardware implementation. In addition, 1D CNNs
demonstrate greater computational efficiency than their
2D counterparts when dealing with time-series data,
since they use fewer parameters and process data along
a single dimension. This leads to faster training times
and better suitability for deployment on resource-
constrained devices.

When working with time-series data, where inputs
are represented as one-dimensional sequences of values
(e.g., sensor readings over time), 1D CNNs are
particularly well-suited. Their use of weight sharing
along one dimension allows the model to capture
important temporal patterns without an excessive
number of parameters. A comprehensive review of the
general architecture and principles of 1D CNNs, along
with their major engineering applications, can be found
in [43].

In this study, to achieve a lightweight model,
we adopt a simple architecture for the 1D CNN.
Since the output vector length depends on the
input length and the kernel size, padding is applied
to ensure the output has the same dimension as
the input after convolution. Consistent input-output
dimensions improve the evaluation of the CNN block’s
influence on overall model performance. Using scalar

multiplications and additions, the 1D convolution layer
processes the raw data and learns to extract features
that are then passed to the ReLU activation function.
ReLU is chosen to avoid the vanishing gradient problem
and to accelerate training compared to other activation
functions, such as sigmoid or tanh, since its gradient
computation is faster. The full architecture of the 1D
CNN layer designed in this study is illustrated in Fig. 2.

3.3. Transformer Encoder layer

The important features extracted from the 1D CNN
block are then passed through the transformer encoder
layer to leverage the transformer’s ability to capture
extensive dependencies within time series data. The
self-attention mechanism of the transformer allows
the model to precisely focus on crucial parts of the
input sequence during encoding, effectively managing
intricate temporal relationships. The integration of 1D
CNN into the transformer extends the model’s capacity
to learn complex dependencies efficiently and temporal
data concurrently, which is pivotal for enhancing the
model’s performance in predicting RUL.

As mentioned above, we utilize only the encoder
block in this study, instead of a standard transformer
model. A transformer encoder layer consists of a
positional encoding layer, a multi-head attention layer,
and a position-wise feed-forward network.

Positional Encoding The first step of using a trans-
former encoder is to add relative positional information
to the input sequences. Based on the features of the RUL
data sent by the 1D CNN, this task is performed by
using Positional Encoding (PE) functions. The formulae
of these PE functions are defined as

EAI Endorsed Transactions on
Industrial Networks and Intelligent Systems
| Volume 13 | Issue 2 | 2026 |

2 EA 6



A Novel Hybrid Transformer for RUL Prediction in Predictive Maintenance for Smart Manufacturing

~
e S
P N
’ N
P ~
P S N
. pu AN
e _ S
P - N
P N
’ N
P ~
. 7 ~

, , CNN block "

’

CNN block

Figure 2. The structure of a CNN layer using 1D CNN

e p
PE(p,o1) = Sm( 2K dore ] 1)
lmax
P
PE(p,2k+l) :cos[m), (2)
lmax

where p is the position of an element in the
code sequence, dyogel stands for the dimensionality
of the model,l,,, is the user-defineds calar, and
k is the dimension of the index. The positional
information enables the model to understand the
order and relationships between elements in the
sequence, enhancing its ability to capture sequential
dependencies and make accurate predictions.

Multi-head self-attention After adding the positional
information from the first step, the e xtracted features
from the RUL data are passed through the multi-head
attention layer. For RUL prediction, it is key to pay
more attention to the crucial features that contain more
degradation information. The self-attention mechanism
is an effective method to learn the dependencies among
sequential inputs. The output from each self-attention
function is called a head, and multihead self-attention
refers to the application of multiple self-attention
mechanisms.

In the working process, the self-attention function
first transforms the input sequence into the matrices of
Queries (Q), Keys (K), and Values (V) representations by
the formulas

K =ax* Wk + Bk, (3)
QZCY*WQ-FﬁQ, (4)
V=asWy+ By, (5)

where a =x]+ PE is the input sequence with x;
is the output from the positional encoding layer,

2 EA

(Wk, Bx), (Wq, Bk) and (Wy, k) are the trained weight
and bias matrices. Then, the scaled dot-product
attention sublayer calculates the dot product of two
matrices Q and K (scaled by vd,;,4.1) to obtain a score
of the Values V. The weights assigned to the values are
obtained by applying a softmax function

_OKT
\} dmodel

where KT denotes the transpose of the key matrix K.
After that, the outputs from each attention head are
concatenated and linearly transformed by multiplying
by the weight matrix Wy to produce the final output of
the Multi-Head Attention following the formula

Attention(Q,K, V) = softmax( ) V. (6)

Multi-Head(Q, K, V') = Concat(head;, head,, ..., head,) Wy,

where head; represents an individual head, and / is the
number of heads.

Position-wise feed-forward This layer plays a crucial
role in transforming and processing the intermediate
representations of the data. It consists of two linear
layers followed by ReLU activation functions, allowing
the model to learn complex relationships and non-
linear transformations in the data. The formula applied
in the layer is

FFN(X) = max(O, XW1 + bl)W2 + bz (7)

where x is the input vector, W; and W, are the weight
matrices of the two Fully Connected layers, b; and b,
are the bias vectors corresponding to the two Fully
Connected layers, and max(0,x) represents the element-
wise ReLU activation function applied to the vector.
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3.4. Fourier transform

To improve the RUL prediction performance, in the
proposed model, we first applied two consecutive
transformer encoder blocks. However, it would take
more time for the training due to the higher complexity
of the attention mechanism compared to the use of only
one block. Therefore, rather than using the standard
transformer encoder as in the first block, we explored
the ability of a non-parameterized Fourier Transform,
aiming to reduce the training time for the model.

Technically, the Fourier Transform decomposes a
function into its fundamental frequencies. The formula
to define a discrete Fourier Transform (DFT) is

M-1 ,
_i2mys
XIZZX]"E M], (8)
j=0
where:

* x; is the amplitude value of the signal after it is
sampled,

e X; with 1 €[0,M —1] represents each sampled
signal that has been converted to the frequency
domain,

* i denotes the imaginary unit,
* M is the total number of signal samples.

As discussed in [13], replacing the self-attention
sublayer in a Transformer encoder with a standard,
non-parameterized Fourier Transform can reduce
training time by approximately 20% compared to the
standard Transformer model, while still maintaining
an accuracy level of 92-97%. Furthermore, this model
demands less memory and operates efficiently with
smaller model sizes, making it a more efficient
choice compared to Transformer encoder models with
equivalent speed and accuracy constraints. In the
design of this study, the DFT does not replace self-
attention throughout the whole architecture. Instead,
self-attention is retained in the first encoder to learn
adaptive contextual dependencies, while the second
encoder uses a parameter-free DFT as an efficient
refinement mechanism. Since degradation signals often
exhibit long-range temporal trends and frequency-
related characteristics, transforming the contextualized
representation into the frequency domain helps mix
global information at a lower computational cost
than applying a second self-attention block. The main
structure of the Fourier Transform sublayer is depicted
in Figure 3.

3.5. Bayesian optimization-based hyperparameter
selection

Besides the model’s architecture, the hyperparameters
are also of interest in our proposed model. While many

Input
K e R ‘\l
. Fourier !
: \ 4 :
1 l :
' 1
: , I
N |
1
- Add & Norm !
\ \ Y, !
- |
1
N X E s N E
- Feed Forward !
H L y, !
1 l N
' |
i :
: Add & Norm E
1
\ A
\\ /I
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Figure 3. Fourier Transform layer

existing studies rely on predefined hyperparameters or
grid search methods that take a considerable amount
of time, we propose using the Bayesian optimization
(BO) algorithm to discover optimal hyperparameters for
the encoder in our transformer-based RUL prediction
model. The fundamental concept of BO involves
utilizing previous evaluations of the loss function f
(objective function) to identify the next optimal point
for sampling f. The optimization problem is defined as

¢ =arg max 8¢ (%), (9)

where gy(x) is a black-box function parameterized
by ¢ € ®, representing the space of all possible
hyperparameters. The BO algorithm constructs an
approximation function, known as a surrogate function,
to model the behavior of the true objective function.
Given the limited information available from the black-
box function, the surrogate function aims to replicate
the behavior of the true function. The surrogate
function is initially chosen based on the objective
function’s domain and is continuously updated using
Bayesian principles with observed data. The updated
surrogate function, or the posterior, is then used
to build the acquisition function to select the next
evaluation point. As new data is accumulated, the
iterative process is repeated. By incorporating them
into the analysis, the model can adapt its parameters
accordingly, enhancing its performance over time.

The BO algorithm comprises two main components: a
statistical model to provide the probability distribution
of the objective function and an acquisition function to
guide the selection of evaluation points. In this study, a
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Gaussian process is utilized for the surrogate function
and the Expected Improvement (EI), defined by

El(¢) = E[max(gg - "), 0], (10)

is applied for the acquisition function, where g~
represents the current best observed outcome.

4. Experiments and Results

4.1. Datasets

C-MAPSS dataset C-MAPSS, or Commercial Modular
Aero-Propulsion Simulation System, is a model that
generates realistic, comprehensive commercial turbofan
engine data. Taking the input of actual flight conditions
recorded on board a commercial jet, the model
simulates run-to-failure trajectories of engines where
the flights o perated u nder v arious c onditions. The

engines can change from one condition to another
within a realistic transition period. During the
simulated flights, t he f ault w asi njecteda ta given

time and persisted throughout the remaining flights,
affecting the performance of the engines. The simulated
dataset is often called the C-MAPSS dataset for
convenience. Based on different o perating conditions,

it encompasses four subsets labeled FDO001, FD002,
FDO003, and FD004. Each is then split further into the
training set, which consists of run-to-failure data, and
the testing set, which contains data that ends before
a fault is detected. Among four subsets of the C-
MAPSS, FD004 is considered the most challenging as
the corresponding flights experienced the most diverse
operating conditions with the most fault modes. FD004
is followed by FDO002 and then FDO003 in terms of
complexity. The details of each dataset are shown in
Table 2. In the literature, the dataset is considered a
well-known benchmark for evaluating the performance
of many studies related to predictive maintenance,
where the primary goal is to accurately identify the RUL
value for each engine in the test sets.

N-CMAPSS dataset. Introduced in [44], the N-CMAPSS
is a further improvement of the C-MAPSS dataset,
aiming to facilitate the development of deep learning-
based models for predictive maintenance applications.
Compared to the original C-MAPSS dataset, the N-
CMAPSS includes comprehensive flight conditions and
the health status (i.e., healthy or faulty) from different
commercial flight r outes. T he fi delity of degradation
modeling in generating the dataset is improved by
relating the onset of the degradation process to the
operation history.

There are eight subsets of data in the N-CMAPSS,
which is twice the number of subsets in the C-MAPSS.
These subsets are derived from 128 units and seven
possible failures, from DS01 to DS08. An overview of
the new dataset is presented in Table 3. Due to the large

size of the entire dataset, only the DS02 dataset was
chosen for the experiment. This dataset also reflects the
most common failure modes. In particular, the DS02
dataset includes the complete run-to-failure profiles of
9 engines, comprising 6.5 million data samples. These
nine engines exhibit two distinct types of failure modes
as follows:

* Engines 2, 5, and 10 experience a degradation
pattern characterized by abnormal deterioration
in the efficiency of the high-pressure turbine
(denoted as HPTg).

* Engines 11, 14, 15, 16, 18, and 20 face a
more intricate failure mode involving abnormal
degradation of both the low-pressure turbine
efficiency and flow (denoted as LPTg + LPTy),
as well as the efficiency degradation in the high-
pressure turbine (denoted as HPTg + LPTg +
LPTy).

The anomalous degradation of system components
follows a stochastic process, initially starting with
gradual, normal degradation before transitioning to a
rapid, abnormal deterioration. This shift from normal
to abnormal degradation is generally stable and occurs
at various cycles for each engine. Furthermore, the
initial degradation state of each engine is distinct,
highlighting variations among the engines. Table 4
presents an overview of the DS02 dataset, specifying the
unit of measurement as the engine number. The length
of the data is denoted by m;, the total number of cycles
is denoted as fgpr, and the initiation time of the fault is
indicated as t;.

4.2. Data pre-processing

In both C-MAPSS and N-CMAPSS datasets, some
sensors provide constant data throughout the entire life
cycle, and these data have no effect on the prediction of
RUL. Therefore, in data preprocessing, we first remove
these data from the original dataset. Then, to handle
the wide range of data from various measurements of
different sensors, we normalize the data by applying the
min-max normalization technique. That is, s(j), which
represents the data for the j-th sensor, is normalized by
the following formula

(7) . i
U s~ min(st) : (11)
! max(s()) — min(s\/))

After normalization, all values within the dataset lie
within the [0,1] range, preparing them for further
analysis. In our study, all extensive experiments on both
C-MAPSS and N-CMAPSS datasets were conducted
utilizing a Dell Precision 3640 Tower workstation
equipped with an NVIDIA Quadro P2200 GPU and an
Intel Core i7-10700K CPU, with 32GB of RAM.
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Table 2. A description of the C-MAPSS dataset

C-MAPSS Dataset FD001 FD002 FDO003 FDO004
Operating conditions 1 6 1 6
Fault modes 1 1 2 2
Training set 20631 53759 24720 61249
Training engines 100 260 100 249
Test set 100 259 100 248
Testing engines 100 259 100 249

Table 3. Overview of the N-CMAPSS dataset

Name | Units | Flight Classes | Failure | Modes Size
DS01 10 1,2,3 1 7.6 M
DS02 9 1,2,3 2 6.5M
DS03 15 1,2,3 1 9.8 M
DS04 10 2,3 1 10.0 M
DS05 10 1,2,3 1 6.9M
DS06 10 1,2,3 1 6.8 M
DS07 10 1,2,3 1 7.2M
DS08 54 1,2,3 1 35.6 M

Table 4. Description of the DS02 dataset

Unit m; tror  ts  Fault mode

2 8531 75 17 HPT

5 10334 89 17 HPTg

10 9527 82 17 HPTg

16 7652 63 16 HPTg + LPTg + LPTf
18 8907 71 17 HPTg + LPTg +LPTf
20 7681 66 17 HPTg + LPTg +LPTf
11 6634 59 19 HPTg + LPTg +LPTf
14 1567 76 36 HPTg + LPTg +LPTf
15 4334 67 24 HPTg + LPTg + LPTf

4.3. Evaluation metrics

In this study, the performance of the proposed model is
evaluated using two well-established metrics: the root
mean square error (RMSE) and the scoring function
(score). The first metric is defined as

score =

where:

* N is the number of samples,
* y; is the true RUL value,

* 7; is the predicted RUL value.

The use of two controlled parameters a; and a, in
the scoring function enables a conservative estimation
of RUL. More specifically, the underestimation of RUL
(i.e., the predicted RUL is less than the actual RUL) is
preferred over the overestimation (i.e., the predicted
RUL is greater than the actual RUL) since a too-
optimistic estimation is more likely to cause more
serious consequences. Therefore, the overestimation is
more heavily penalized than the underestimation. This
is achieved by using a larger value of a, compared to
ay. For example, the values a; =10 and a, = 13 are
typically chosen as introduced in [45]. In addition, the
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penalty from the scoring function grows exponentially
with increasing error. Meanwhile, the RMSE assigns
equal weights to both late and early predictions. As
a result, it can be more sensitive to data with large
deviations. In the literature, these two evaluation
indicators are often used in conjunction with each other,
preventing the model from underestimating to achieve
a low score and avoiding sensitivity to data variability.
Based on their definition, the lower the values of the two
metrics, the higher the model’s accuracy.

4.4. Performance of the proposed method on the
CMAPSS dataset

The proposed model includes nine essential hyper-
parameters, which are the number of heads in the
multi-head attention (n_head), the number of stacked
Transformer layers (num_layers), and the feed-forward
layer dimension (dff) in the Transformer, regularization
(weight_decay), the learning rate (Ir), the number of
epochs (n_epochs), the sample size (1_win), the kernel
size (kernel_size) of the CNN, and the dropout rate
(dropout). These hyperparameters notably affect the
model’s performance, leading to the use of the BO for
their automated optimization. Following the approach
outlined in [12], log-uniform distributions are utilized
for the prior of continuous hyperparameters. In con-
trast, discrete uniform distributions are employed to
initialize discrete hyperparameters. The optimal values
of these hyperparameters for each subset in the C-
MAPSS and the DS02 in the N-CMAPSS after training
are displayed in Table 5.

The performance of the proposed model correspond-
ing to these hyperparameters evaluated on the C-
MAPSS dataset is presented in Table 6. For compari-
son purposes, the performance of several other recent
models operating on the same dataset and employing
the same metrics is reproduced. The best results are
highlighted in bold. As can be seen from the table, our
proposed model provides the best performance on all
C-MAPSS subsets for both RMSE and Score metrics,
achieving an impressive accuracy in predicting the RUL
values compared to other models. Indeed, for FD001,
our model leads to the smallest RMSE value of 6.97,
while the RMSE values from other models are all greater
than 8.4. This marks an improvement of at least 17%.
When it comes to the Score, the obtained result is even
more impressive: it is reduced from 164 given by the
second-best model, i.e., the GA in [31], to only 81, which
corresponds to a decrease of about 50%. Similar results
are observed in the FDO003 dataset, where the RMSE
is reduced from the second-best model (i.e., the Trans-
Lighter in [12]) of 9.03 to 6.52, and the Score from [31]
is reduced from 183 to 91, which is a decrease of 55%.

Among the four subsets of the C-MAPSS, FD002 and
FDO004 are considered more challenging than FD001

2 EA

and FDO003 as they come from engines operating in
harsher environments with more operating conditions
and fault modes. However, our proposed model has
produced a significant RUL prediction performance on
the FD002 dataset, yielding an RMSE of 8.03 and a
Score of 178. These values are much smaller than the
corresponding values of the other models. They are
even better than the performance of competing models
on the two less challenging datasets, i.e., FD001 and
FDO003. For the FD004 subset, it achieves an RMSE of
12.24, somewhat better than the 12.41 from both the
DA-Transformer [10] and Trans-Lighter [12] models.
More impressively, it provides a Score below 850,
significantly outperforming other models (typically
exceeding 900, with many even surpassing 2000).

Another notable advantage of the proposed model,
as shown by the obtained results, is its balanced
performance across both RMSE and Score metrics,
unlike some competing methods that excel in only one.
For instance, compared to the ARMAGCN-GRU model
in [38], the DA-Transformer model in [10] achieves
lower RMSE but higher Score values. This consistent
effectiveness underscores the model’s reliability for
RUL prediction, making it a robust choice for practical
applications.

The performance of the proposed model is visualized
by showing the discrepancy between predicted and
actual RUL values across the four C-MAPSS subsets, as
shown in Figure 4-7. The closely aligned lines in these
figures highlight its accuracy in predicting RUL based
on time-series data from the C-MAPSS.
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Figure 4. The ground truth RUL vs. the predicted RUL on the
FDO001 dataset
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Table 5. The optimal hyperparameters of the proposed model

Hyperparameters FDO001 FDO002 FD003 FD004 DS02
weight_decay 0.0018 0.0015 0.0020 0.0016 0.00034
Ir 0.0011 0.0015 0.0032 0.0040 0.0011
dropout 0.072  0.082 0.064 0.13 0.072
n_head 4 23 18 1 2
kernel_size 5 5 7 5 7
num_layers 2 1 3 2 2

[_win 123 123 123 124 92
n_epoch 102 104 82 98 52

aff 256 128 128 128 64

Table 6. RUL prediction performance of the proposed model vs. some recent models on the C-MAPSS dataset

Dataset FDO001 FDO002 FDO003 FD004
Model & Refs. RMSE Score RMSE Score RMSE Score RMSE  Score
DA-Transformer

[10] 8.67 343 12.42 740 9.37 571 12.41 991
Trans-Lighter

[12] 8.40 - 9.85 - 9.03 - 12.41 -
DARNN

[14] 12.04 261 19.24 933 10.18 247 18.02 2587
DATCN

[15] 11.78 229 16.95 1842 11.56 257 18.23 2317
NAS-Transformer

[21] 11.50 202 16.14 1131 11.35 227 20.00 2299
AGCNN

[23] 12.42 225 19.43 1492 13.39 227 21.50 3392
DAST

[27] 11.43 203 15.25 924 11.32 154 18.36 1490
FeaR-STAT

[28] 12.01 200 15.5 1023 10.9 199 15.03 1587
Trans-TCNN

[29] 12.31 252 15.35 1267 12.32 296 18.35 2120
Kamei et al.

[30] 13.52 287 19.32 1436 13.44 263 20.38 2784
GA

[31] 10.81 164 15.66 988 10.97 183 15.63 1090
GCN-TCN

[35] 11.50 187.2 16.92 1132.2 11.05 196.0 19.33 1443.4
GT

[32] 12.09 262 11.46 550 10.16 197 13.89 963
MCDAN

[34] - - 1311 769 - - 146 1082
ARMAGCN-GRU

[38] 11.59 191 13.63 704 11.40 203 14.47 927
RMTF Transformer

[33] 11.17 212 14.02 970 11.48 238 17.07 1500
GCU-Transformer

[46] 11.27 - 22.81 - 11.42 - 24.86 -
Proposed model 6.97 81 8.03 178 6.52 91 12.24 841

The bold results indicate the best performance

4.5. Performance of the proposed method on the
N-CMAPSS dataset

Similar experiments were conducted on the N-CMAPSS
dataset, specifically to evaluate the validity and

2 EA :

robustness of the proposed model. As mentioned above,
the evaluation was confined to the DS02 subset rather
than covering all N-CMAPSS subsets. The optimal
hyperparameters of the model, trained on the DS02
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Figure 5. The ground truth RUL vs. the predicted RUL on the
FDO002 dataset
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Figure 6. The ground truth RUL vs. the predicted RUL on the
FDO003 dataset

subset, are presented in Table 5 (last column, titled
DS02). Its performance was evaluated using RMSE and
Score metrics, as in previous experiments. The obtained
results are presented and compared with those of recent
studies in Table 7. As can be seen from this table, the
proposed model achieves the smallest RMSE of 3.71,
while other competing methods yield RMSEs all greater
than 4. For the Score metric, it provides the second-
lowest value, outperformed only by the GT model
in [32]. Figure 8 illustrates the discrepancy between
predicted and actual RUL values for the DS02 subset,
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Figure 7. The ground truth RUL vs. the predicted RUL on the
FDO004 dataset

with closely aligned values demonstrating its accuracy
in RUL prediction.

Table 7. The RUL estimation performance of the proposed model
vs. recent models on the DS02 dataset

Model & Refs. RMSE  Score
SCTA-LSTM [47] 415 4489
GT [32] 6.86 142
MCDJ[16] 7.31 -

DGP [20] 6.17 5577
Input-Attn-LSTM [15]  4.32 4655
Proposed model 3.71 3981

The performance of a DL-based model is reflected by
not only its prediction accuracy but also its training
time. In Figure 9, we compare the performance of
the proposed model with other models in terms of
training time for the DS02 subset, using the workstation
configuration described above and the established
hyperparameters. One can see that the Trans-Lighter
model [12] performs best thanks to its lightweight
architecture with a single encoder layer. With the
integration of more architectures like 1D CNN and
Fourier layers, the proposed model required slightly
longer training time. This can be considered a trade-off
for achieving higher RUL prediction accuracy. However,
compared to other models like GCU-Transformer [46]
and LSTM-CNN [48], its training time is significantly
shorter, taking 1613 seconds compared to 1783 seconds
for GCU-Transformer (10% longer) and 2872 seconds
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Figure 8. The ground truth RUL vs. the predicted RUL on the DS02 dataset
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Figure 9. Comparison of training time among methods

for LSTM-CNN (nearly 80% longer). This result further
confirms its effectiveness for predicting RUL values.

4.6. Effectiveness of hyperparameters and the use of
the BO algorithm

In the design of any DL model, various hyperparam-
eters are selected to govern the model’s behavior. The
choice of these hyperparameters affects the model’s
performance and the efficiency of the optimization pro-
cess. As the number of hyperparameters increases, the
computational burden of the BO algorithm increases,
leading to reduced effectiveness. From this point of

< EAI

view, assessing the correlation between hyperparame-
ters and the RMSE values is an efficient way to deter-
mine which hyperparameters should be prioritized for
optimization. The formula to calculate these correlation
coefficients is as follows

_ ”oszKﬁ—ZKZﬁ
\/nobs Z K2 - (Z K)z\/nabs Z}?Z - (2}3)2

(14)

rKyA

where:

* 1y represents the correlation coefficient between
the hyperparameters x« and the RMSE v,

* 1, denotes the number of observations,
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* ) «7 is the sum of the products of corresponding
values of x and 7,

* Y xand ) 9 are the sums of all x and 9,

+ Y x% and ¥ 92 represent the sums of the squares
of all x and 9 values, respectively.

After the optimization process, a set of correlation
coefficients is obtained, revealing the impact of each
hyperparameter on the model’s RUL prediction accu-
racy. In Figure 10, these correlation coefficients are
presented for the FD002 subset. They show the relation-
ship between hyperparameters and the resulting RMSE
obtained from the BO algorithm, with dotted bars indi-
cating negative correlations and diagonal dashed bars
indicating positive correlations. In our experiments,
hyperparameters with non-zero correlation coefficients
were selected. When the model complexity increases
and the number of hyperparameters grows, those with
low correlations with RMSE may be discarded to ensure
that the desired performance of the BO algorithm is
maintained.

To visualize the correlation coefficients, Figure 11
illustrates the model’s RUL prediction accuracy across
various hyperparameter configurations (each line con-
necting the hyperparameter values represents a specific
training iteration). As shown in Figure 10, the corre-
lation coefficient between the hyperparameter ’1_win’
and RMSE is -0.413. Figure 11 shows that the model
achieves higher RUL prediction accuracy with lower
RMSE for larger ’1_win’ values, resulting in denser
clustering of iterations. Similarly, the hyperparameter
‘weight_decay’ has a correlation coefficient of 0.071.
Lower 'weight_decay’ values show a higher frequency
of training iterations due to their positive correlation
with RMSE.

Figure 12 illustrates the use of the BO algorithm,
examining model’s performance and training time. The
y-axis displays the RMSE obtained from training iter-
ations, while the x-axis denotes the elapsed time in
training intervals, with each unit representing approxi-
mately 33 minutes. Each plotted point corresponds to a
distinct training iteration. From the figure, using the BO
algorithm requires approximately 60 training iterations
(about 680 minutes) to reach the optimal hyperpa-
rameter settings for the FD002 subset, providing the
smallest RMSE of 8.03. Investigating the performance
of the model also involves manually adjusting different
hyperparameter values. For instance, modifying the
’l_win’ parameter from 123 to 115 within the optimal
hyperparameter set found by the BO for FD002 notably
increases the RMSE from the best value of 8.03 to 10.81.

To highlight the effectiveness of the BO algorithm, an
optimization process was executed using the Random
method for the FD002 subset, as presented in Figure
13. Utilizing random methods for 80 training iterations,

the model yields a minimum RMSE of 10.58, which is
32% higher than the RMSE from the BO. Comparing
the graphs from both methods, the RMSE values
from the Random method show complete randomness,
while those from the BO algorithm show a decreasing
trend with more training iterations. This increases
the likelihood of discovering optimal hyperparameter
settings compared to the Random method.

4.7. Ablation Study

To further analyze the contribution of each compo-
nent in the proposed framework, an ablation study
was conducted by selectively removing the CNN front-
end, Transformer encoder, and DFT-based encoder. All
experiments were performed under identical training
settings, including the same optimizer, learning rate,
batch size, training epochs, and hyperparameter con-
figuration across all C-MAPSS subsets. Each configura-
tion was evaluated using three random seeds, and the
reported results correspond to the average performance
across all runs.

Table 8 summarizes the evaluated architectures. The
proposed model consists of a CNN feature extractor,
one Transformer encoder, and two DFT-based encoders.
Three simplified variants were constructed by removing
either the DFT encoder, the Transformer encoder,
or the CNN front-end to isolate the contribution of
each module. Furthermore, all compared configurations
maintain approximately similar encoder depth to
ensure a fair comparison between attention-based and
frequency-domain token mixing mechanisms.

Table 8. Ablation model configurations

Model CNN Transformer DFT
Proposed (MO) v 1 2
M1 v 1 0
M2 v 0 3
M3 0 1 2

The quantitative results are presented in Table 9.
Among all evaluated variants, removing the CNN front-
end (M3) caused the most significant performance
degradation across all datasets. Compared with the
proposed model, M3 increased the RMSE from 15.06
to 18.20 on FDO0O01, from 18.94 to 31.78 on FDO002,
from 19.26 to 33.75 on FDO003, and from 31.51
to 41.62 on FDO004. The performance gap becomes
particularly noticeable on the more complex FD002
and FDO004 subsets, which contain multiple operating
conditions and fault modes. These results indicate that
the CNN module plays a critical role in extracting local
degradation patterns and low-level temporal features
from multivariate sensor signals.
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Comparing M1 and M2 further highlights the contri-
bution of the Transformer and DFT-based encoders. M1,
which removes the DFT encoder, achieved RMSE values
of 14.68, 17.15, 19.36, and 29.61 on FD001-FD004,
respectively. Meanwhile, the pure DFT-based configu-
ration M2 obtained comparable results of 14.57, 18.43,
19.04, and 31.39. The relatively close performance
between M1 and M2 suggests that both attention-
based modeling and frequency-domain token mixing
are capable of capturing global temporal dependencies
in turbofan degradation sequences.

Although several simplified configurations achieved
lower RMSE values on individual subsets, the pro-
posed hybrid architecture demonstrated more consis-
tent behavior across different operating conditions and

fault modes. In particular, the hybrid design com-
bines the local feature extraction capability of CNNs,
the sequential dependency modeling of Transformer
encoders, and the global frequency-domain represen-
tation learning of DFT-based encoders. Overall, the
ablation study confirms that the CNN front-end is
the dominant feature extraction component, while the
Transformer and DFT encoders provide complementary
high-level temporal representations that improve the
robustness and generalization capability of the pro-
posed framework.
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5. Discussion

While the proposed model has demonstrated strong
RUL prediction accuracy compared to other state-of-
the-art models, several issues related to its deployment
in practice require further exploration. For example, the
DL models are usually considered black boxes due to
the lack of interpretability. A detailed and transparent
explanation will allow clarifying their behavior and
highlighting their reliability and usability. In this study,

the impact of hyperparameters has been addressed
through the use and analysis of the BO algorithm to
find optimal hyperparameter settings that ensure its
optimal performance. This can be explored further with
Explainable Artificial Intelligence (XAI) techniques.
The sensitivity analysis to examine the model’s
response to changes in input features, operating
conditions, and especially prediction uncertainty is an
important perspective. Many previous studies relied
on stochastic models to characterize the degradation
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Table 9. Ablation study results on the C-MAPSS datasets

Model FDO001 FD002 FDO003 FD004
RMSE  Score RMSE Score RMSE Score RMSE Score
Proposed (MO) 15.06  427.3 18.94 21,794.7 19.26 1,014.9 31.51 459,149.0
CNN + Transformer (M1) 14.68 304.5 17.15  29,360.5 19.36 1,610.8 29.61 4,869,938.0
CNN + DFT (Pure FNet) (M2) 14.57 496.4 18.43 10,253.8 19.04 1,080.4 31.39  9,863,812.1
Without CNN (M3) 18.20 1,946.1 31.78 39,364.2 33.75 2,801,927.9 41.62 1,585,318.5

process and estimate the RUL distribution. However,
as discussed in [49], stochastic models for complex
systems are not straightforward to derive. The authors
introduced a data-driven approach called Lognorm-
LSTM, which adds a lognormal layer to its output
to quantify uncertainty and predict the component’s
RUL distribution. This approach is promising to apply,
offering a potential direction for future research.

Regarding input uncertainty, prognostics for predict-
ing future system behavior face various sources. These
uncertainties stem from variability in process behavior
due to diverse operating and environmental conditions,
model inaccuracies, inherent randomness or noise in
sensor data, and imperfect knowledge of system states.
Therefore, future investigations should focus on effec-
tive uncertainty management in prognostics to ensure
accurate RUL prediction.

Finally, a distributed computing environment should
be considered, where the model is implemented on
edge devices using local data from distributed zones.
In this scenario, the Federated Learning technique is
applicable due to its ability to preserve privacy and
ensure global knowledge for local models. Applying
Federated Learning adds a new aspect to studying
an effective model, which should be accurate and
lightweight.

6. Conclusion

In this study, we propose a hybrid deep transformer-
based model for RUL prediction. The model integrates
advanced DL components, including a 1D-CNN block
and two sequential transformer encoders. The self-
attention mechanism in the second encoder is replaced
by a DFT. These components leverage their ability
to extract local and long-term temporal features and
capture dependencies from sensor sequence data. The
impact of hyperparameters on the model’s perfor-
mance has been investigated through the BO algorithm.
Through extensive experiments on two well-known
datasets of C-MAPSS and N-CMAPSS, the model
demonstrates strong performance in predicting RUL,
achieving superior accuracy and efficiency compared to

existing approaches. The findings from this study facili-
tate PdM, leading to significant improvements in ensur-
ing operational efficiency and reducing maintenance
costs for industrial production processes. Regardless of
strong benchmark performance, the present study does
not yet provide a full interpretability or uncertainty-
aware deployment framework. These aspects, together
with broader robustness evaluation under real indus-
trial conditions, will be investigated in future work.
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