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Abstract

As a critical actuator in aero-engine control systems, the health condition of the Fuel
Metering Unit (FMU) directly influences flight safety and maintenance efficiency, making
the precise prediction of its degradation process a core task in the engine’s Prognostic
and Health Management (PHM). This paper presents a novel inverted stabilized LSTM-
Transformer (isLTransformer) approach for predicting the health state of aero-engine FMUs,
addressing the limitations of existing methods in modeling long-sequence multivariate
data. Firstly, a Composite Health Indicator (CHI) is constructed through semi-supervised
learning (SSL), which fuses multi-sensor monitoring data to quantitatively characterize
the degradation trend of the FMU throughout its operational lifecycle. Secondly, the
proposed isLTransformer model is designed by replacing the feedforward network in
traditional iTransformer with a stabilized LSTM module, which maintains the self-attention
mechanism’s capability to explicitly model dynamic correlations between multiple variables
while enhancing the ability to capture nonlinear degradation within individual variables. A
physical FMU test bench is designed for the real-world PHM degradation experiments, and
the collected dataset was used to demonstrate the effectiveness of the proposed method.
Evaluation metrics, including Root Mean Square Error (RMSE) and Mean Absolute Error
(MAE), are employed to assess the prediction accuracy. The proposed method demonstrates
high monotonicity and trend consistency in CHI construction. Compared to the inverted
Transformer (iTransformer) and iTransformer- Bi-directional Long Short-Term Memory
(BiLSTM), the proposed isLTransformer framework demonstrates significantly reduced
prediction errors, validating its superiority in multivariate long-sequence prediction tasks
and effectiveness for aero-engine FMU health prediction.

Keywords: aero-engine; fuel metering unit; composite health indicator; state of health
prediction; isLTransformer

1. Introduction

As the power unit of the aircraft, an aero-engine constitutes a highly complex and so-
phisticated aerothermodynamic mechanical system operating under extreme conditions [1].
The primary objective of aero-engine control systems is to ensure stable and reliable opera-
tion across varying operational environments. The Fuel Metering Unit (FMU), comprising
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critical components such as fuel pumps and fuel regulators, serves as the executive mech-
anism of aero-engine control systems. Its operational status directly influences aircraft
safety, reliability, and economic performance. During long-term operation, the state of
health of the FMU will inevitably degrade due to multiple influencing factors, potentially
leading to functional failures. Prognostic and Health Management (PHM) technology has
been widely applied in automotive, marine, and aerospace industries over recent decades.
Unlike traditional maintenance strategies, PHM emphasizes early fault warnings before
failure occurrence, thereby reducing catastrophic accident risks while lowering mainte-
nance costs [2]. This gives the motivation for implementing health management for the
safety-critical aero-engine FMU to facilitate timely replacement and maintenance before
reaching failure thresholds. In order to evaluate the evolutionary process from healthy to
failed conditions, a Composite Health Indicator (CHI) is usually introduced to provide
a quantitative characterization of the FMU degradation [3]. As an essential component
of PHM frameworks, the CHI enables the ultimate objective of developing the prediction
models: forecasting the remaining time until the CHI first intersects with the predefined
failure thresholds. This intersection point defines the FMU’s Remaining Useful Life (RUL),
a crucial parameter for predictive maintenance planning [4-6].

The aero-engine FMU exhibits complex nonlinear and strongly coupled relationships
among internal subsystems and components [7,8]. Additionally, significant variations exist
in initial states and degradation rates across different individual FMUs. Concurrently,
with the rapid development of smart manufacturing and advanced sensor technologies,
condition monitoring data exhibits trends toward multi-source, high-dimensional, and long-
sequenced characteristics [9]. Within this context, degradation monitoring data acquired
from single sensors is insufficient to fully characterize the stochastic evolutionary process
of the health state of the aero-engine FMU.

In recent years, the PHM based on multi-sensor monitoring data has gradually become
a research highlight, with numerous studies based on various data-driven methodologies
for CHI construction, RUL prediction, and fault diagnosis [3]. Traditional machine learning
algorithms—including Support Vector Regression (SVR) [10], Gradient Boosting Decision
Trees [11], and k-Nearest Neighbors [12]—have been applied to RUL prediction, while Prin-
cipal Component Analysis (PCA) has been utilized for CHI construction [13]. Nevertheless,
the prediction accuracy of these approaches is highly dependent on the quality of feature
extraction. Given the long sequence and multivariate characteristics, state monitoring data
from mechanical equipment such as aero-engine FMUs, conventional feature engineering
captures only superficial information patterns. Consequently, traditional machine learning
methods are usually proven inadequate in adapting to the degradation patterns of such
mechanical equipment, leading to compromised model prediction accuracy [9].

With the development of neural networks and deep learning, prediction models tai-
lored for temporal sequence processing, such as Long Short-Term Memory (LSTM) and
Transformer, have drawn widespread attention for RUL prediction and CHI construction.
Song et al. [13] employed a hierarchical LSTM framework for remaining useful life predic-
tion of mechanical equipment, addressing the error accumulation problem in long-term life
prediction due to neglected short-term state evolution through joint time series forecasting
and RUL regression. Guo et al. [14] introduced a novel health indicator based on the hys-
teresis loop, employing a backlash-like particle swarm optimization model and Gaussian
process regression for degradation monitoring and life prediction of flight control systems.
Isbilen et al. [15] initially proposed a similarity-based method utilizing autoencoders for
temporal feature learning to predict the remaining useful life of aircraft turbofan engines.
Building upon this foundation, Isbilen et al. [16] further advanced the approach by inte-
grating multiple machine learning models with a similarity-based framework, creating
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health indices from sensor data to enhance prediction accuracy and enable more robust
model comparisons. Tseng and Tran [17] studied remaining useful life prediction of me-
chanical equipment using a novel deep learning model called Attention Long Short-Term
Memory Projected, addressing the issues of low utilization efficiency of long sequence
dependency information. A study on intelligent health indicators construction for fatigue
life prediction of composite material structures was conducted by Moradi et al. [18] using
semi-supervised LSTM and ensemble learning methods (particularly Bi-LSTM). The chal-
lenge of building reliable health indicators that satisfy monotonicity, predictability, and
trendability requirements under complex loading and damage mechanisms was addressed
by this approach. Shen and Zhao [19] proposed a fault diagnosis method based on Em-
pirical Mode Decomposition and Gated Recurrent Unit, which effectively addresses the
fault classification problem in aircraft hydraulic systems under strong noise environments.
Zhiqiang Peng et al. [20] proposed the FC-AMSLSTM method, which employs fault classifi-
cation and a decline index to decouple multiple fault modes, thereby addressing the decline
in prediction accuracy for High-Pressure Compressor degradation faults under multiple
operating conditions. He et al. [21] proposed a hybrid model based on a dual-attention
mechanism, integrating temporal feature extraction and sensor feature extraction modules
to enhance the accuracy of remaining useful life prediction for aircraft engines. Xu et al. [22]
proposed a Transformer-KAN-BiLSTM hybrid model, which significantly improves the ac-
curacy and interpretability of aero-engine RUL prediction by fusing long-term dependency
modeling, adaptive nonlinear mapping, and bidirectional feature extraction. Lu et al. [23]
implemented a bidirectional gated recurrent unit in their investigation of aero-engine
RUL prediction. This study successfully tackles the challenge of extracting meaningful
features from multi-sensor data where complex operating conditions and failure modes
are present. In the meantime, significant improvements in prediction accuracy and sta-
bility have been achieved. While demonstrating satisfactory performance, this class of
methods faces challenges in parameter sensitivity and model interpretability, with further
verification needed regarding industrial applicability and generalization across diverse
datasets. Gao et al. [24] conducted research on mechanical system RUL prediction using
a customized dual-Transformer framework, addressing two major limitations of existing
deep learning methods: the difficulty in detecting the degradation initiation point and the
inability to effectively capture multi-cycle degradation patterns. In 2025, Gao et al. [25]
investigated degradation-aware RUL prediction for industrial robots using a multi-scale
temporal memory Transformer framework. The method addressed two key issues com-
monly encountered in existing deep learning approaches for RUL prediction: the difficulty
in early perception and localization of state transition points from healthy to degraded
conditions, and the challenge of effectively mining and utilizing long-, medium-, and
short-term multi-scale temporal dependencies for accurate predictions. These methods face
limitations in their direct application to mechanical systems such as engine FMUs, which
involve coupled multi-sensor signals and complex multi-stage degradation processes.
Owing to the capability of deep learning models such as Convolutional Neural Net-
works (CNN) and Graph Neural Networks (GNN) to extract critical signal features and
automatically capture local spatial characteristics of multivariate parameters (e.g., pres-
sure, flow, and temperature), they are frequently applied to construct hybrid architectures
integrated with LSTM and Transformer to enhance prediction accuracy. Ma et al. [26]
constructed an Adaptive Graph Convolutional Transformer Encoder, which leverages
adaptive graph convolution to learn inter-sensor relationships and a Transformer encoder
to capture temporal dependencies, jointly optimizing the prediction of aero-engine RUL.
Chen et al. [27] proposed a generative adversarial network with a balanced serial CNN-
Transformer architecture to address the limited samples and extreme imbalance in fault
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diagnosis. Zhao et al. [28] employed an interpretable deep learning model integrating
CNN-LSTM and group-level structured pruning to optimize lithium-ion battery RUL pre-
diction. Their approach quantified critical aging features and reduced redundant data.
Huang et al. [29] proposed a PHM framework integrating a Dynamic Probability model
(GMM-ADPC) and an LSTM network, achieving deep fusion of fault diagnosis and RUL
estimation, thereby enhancing stability and prediction accuracy. Han et al. [30] proposed a
dual-attention-guided parallel CNN-LSTM model for turbofan engine RUL prediction. By
synchronously extracting spatiotemporal features via parallel architecture and enhancing
critical information through feature/temporal dual-attention mechanisms, the approach
addressed issues of gradient vanishing and feature loss in traditional serial models, sig-
nificantly improving prediction accuracy. Zhu and Liu [31] designed a Dual-Dimension
Convolutional Attention (DDCA) module integrated with TCN, which effectively captures
complex spatiotemporal correlations in multivariate time series data, thereby enhanc-
ing RUL prediction performance under multiple operating conditions. Xiong et al. [32]
proposed a prognostic model based on a Temporal Convolutional Network (TCN) en-
hanced with dual-dimensional fusion attention (DDFA) to improve RUL prediction for
aero-engines. Wang et al. [33] employed a deep learning ensemble method integrating
CNN and Bi-LSTM to research system RUL prediction, which addressed the inefficiency of
maintenance strategies under complex operating conditions. Most existing studies treat all
sensor data as a single homogeneous temporal signal. However, data points at the same
timestep often represent parameters with distinct physical meanings, recorded via different
measurement principles. These heterogeneous parameters are embedded into one token,
which effectively collapses their multivariate correlations. In this study, we aim to conduct
a more in-depth analysis of the physical coupling relationships between parameters such as
pressure and temperature, thereby enhancing the representation capability of degradation
features and improving prediction accuracy.

Recently, Liu et al. [34] proposed the inverted Transformer (iTransformer) model for
multivariate time series forecasting. This approach inverts the conventional Transformer
architecture by processing each variable’s complete time series as independent tokens
through the embedding layer, which captures multivariate correlations by self-attention
while employing feedforward networks (FEN) to learn temporal features. While being effec-
tive in modeling inter-variable dependencies, the FFN exhibits limitations in characterizing
the inherent nonlinear dynamics within individual variables—particularly the temporal
degradation patterns of performance parameters. In 2025, Li et al. [35] proposed a hybrid
algorithm that combines temporal convolutional networks and iTransformer for estimating
aircraft aerodynamic parameters. The model’s high prediction accuracy and computational
efficiency in complex, noisy environments were validated using real propeller aircraft
flight data. Lyu et al. [36] proposed an adaptive BIGRU-ASSA-iTransformer method for
predicting the RUL of bearings in aerospace manufacturing, which employs iTransformer
to model temporal dynamics of handcrafted time-, frequency-, and statistical-domain
features. In 2024, Beck M et al. [37] proposed the extended Long Short-Term Memory
(XLSTM) framework, wherein the stabilized LSTM (sLSTM) variant introduces enhanced
exponential gating and normalized state mechanisms, and this architecture strengthens
temporal modeling capabilities through dynamic memory mixing and multi-head struc-
tures. Empirical studies [38,39] have validated that sSLSTM significantly improves dynamic
memory updating and enhances noise robustness in time series forecasting applications. A
complementary relationship exists between the advantages of SLSTM and iTransformer,
though no dedicated study has explored this synergy to date.

Although existing studies have achieved significant progress in aero-engine health
prediction, several limitations remain: (1) traditional LSTM faces gradient vanishing issues
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when processing extremely long sequences, making it difficult to capture long-term depen-
dencies in multi-stage degradation processes; (2) while the self-attention mechanism in
iTransformer can model cross-variable correlations, its FFN employs static weights and thus
cannot dynamically track the nonlinear degradation trajectory of individual performance
parameters; and (3) existing LSTM-Transformer hybrid models suffer from high structural
redundancy and require improved computational efficiency. To address these issues, we
propose a novel inverted stabilized LSTM-Transformer (isLTransformer) prediction model
for the aero-engine FMU health state prediction application. In this architecture, the FFN in
the conventional iTransformer is replaced with an sSLSTM module. The sLSTM, equipped
with exponential gating and normalized state mechanisms, enables adaptive memory
control and stable tracking of degradation trajectories, thereby capturing the nonlinear
dynamics inherent in FMU performance parameters, such as cumulative wear effects,
abrupt cavitation phenomena, and step changes in component friction. Meanwhile, the
self-attention mechanism retains its ability to learn dynamic correlations among multiple
variables. This hybrid design overcomes the limitations of iTransformer in representing
long-term temporal dependencies and abrupt degradation events, making it particularly
suitable for the complex multi-stage degradation processes observed in aero-engine FMUs.
The main contributions of this paper compared to previous research are as follows:

(1) Anovel health state prediction architecture, i.e., inverted stabilized LSTM-Transformer
(isLTransformer), is proposed, in which the baseline iTransformer framework ef-
fectively captures dynamic correlations between different variables, and an in-
tegrated sLSTM module is combined to learn nonlinear temporal features of
individual variables.

(2) Experiments are conducted on a physical test bench equipped with real-world aero-
engine FMUs to generate the FMU performance degradation dataset, which is used
to verify the effectiveness and generalizability of the proposed prediction model.
The experimental results demonstrate the superior performance of the proposed
isLTransformer-based approach compared to existing state-of-the-art methods.

(3) Effective preprocessing procedures are designed for the prediction task, and an
attention-BiLSTM algorithm based on semi-supervised learning is employed to con-
struct the CHI for the engine FMU.

2. Methods
2.1. Problem Formulation

The main fuel flow rate is universally designed as the most important control input
for all modern gas turbine aero-engines [40]. The fuel supply of the aircraft engines
is governed by the FMU, making it a crucial part of an engine control system. Different
working principles of fuel control are presented in Ref. [40]. Among these, the configuration
with constant fuel differential pressure and adjustable fuel window is the most widely
used and is considered in this paper. Additionally, the FMU discussed in this paper also
functions to control the aero-engine vane angle. The fuel that it controls can be simply
written as:
2(p1—p2) 1)

P

where the subscript fim represents the fuel metering valve, which is the key component

Qfm = meAfm

of FMU; pyy, is the flow coefficient, Ag,, is the opening of the metering valve, and p is
the fuel density. p; and p; are the pressures acting on the inlet and outlet of the metering
valve, respectively. The FMU consists of a metering valve, a pressure differential valve,
a pressure boosting valve, a safety valve, two metering linear variable differential trans-
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former sensors, and two metering electro-hydraulic servo valves, as shown in Figure 1. The
degradation of components within an aero-engine fuel metering unit induces system perfor-
mance deterioration through distinct mechanisms: pressure differential valve degradation
(e.g., spring failure or spool sticking) destabilizes the pressure drop across the metering
valve, invalidating the fuel metering equation and significantly increasing backpressure
sensitivity; metering valve wear or spring degradation directly reduces the flow coefficient
and opening accuracy while causing asymmetric opening/closing responses; servo valve
actuation force attenuation or response delay restricts maximum metering valve opening
and prolongs dynamic response time. The inherent complexity of multi-component systems
limits the accuracy of physics-based life prediction models, necessitating data-driven deep
learning solutions for reliable prognostications.

Guide Vane Electro- Guide Vane _ Guide Vane
Hydraulic Servo Valve Switching Valve " Actuator

Guide Vane Linear Variable
Differential Transformer Sensor

Electronic | |

Controller
Safety valve Metering Linear Variable
v Differential Transformer Sensor
N . Metering Electro- | - .| Pressure Boosting
Fuel Pump » Fuel Filter > Hydraulic Servo Valve »  Metering Valve > Valve

7

Pressure
Differential Valve

Figure 1. Components of the fuel metering unit.

An aero-engine FMU life test bench was established. Life tests were conducted on five
real FMUs following a load spectrum derived from actual flight profiles. The spectrum,
statistically summarizing load characteristics across various operational conditions, defined
250 test cycles. During testing, parameters such as inlet temperature/pressure, outlet
temperature/flow/pressure, and metering vane Linear Variable Differential Transformer
(LVDT) displacement were recorded at different rotational speeds. The prediction objective
of this paper is to forecast performance parameters and CHI for future cycles by leveraging
historical performance parameters, CHI, and operating parameters.

2.2. Inverted Transformer

The iTransformer [34] is an architecture specifically designed for multivariate time
series forecasting with historical observation sequences as input and future sequences as
output. This approach inverts the conventional Transformer [41] design by mapping the
complete time series of each variable to high-dimensional vectors (termed variable tokens)
in the embedding layer, thereby preserving their global temporal characteristics. This
design fully leverages the attention mechanism, thereby capturing the correlations among
various variables more effectively. This approach has greatly overcome the limitations of
the Transformer in multivariate time series prediction that embed variables from the same
timestep into mixed tokens, making it difficult to capture correlations between variables [34].
The architecture of iTransformer is depicted in Figure 2. Unlike traditional Transformers that
encode multiple variables at the same timestep into a single mixed token, the iTransformer
independently encodes the complete time series of each variable as a variable token (as
shown in the lower-left part of the figure, where N variables generate N tokens of dimension
T). These variable tokens interact through the self-attention layer, with attention weights
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Value

Value

reflecting the correlation strength between different variables. In FMU applications, this
corresponds to the physical coupling relationships between parameters such as outlet flow
rate and outlet pressure. After residual connection, the self-attention output is passed
to a shared FEN that applies nonlinear transformations independently to each variable
token. In the figure, blue arrows indicate the flow path of variable tokens, while the red
box highlights the structural differences from the standard Transformer. However, despite
this design, the FFN lacks explicit temporal structure and exhibits insufficient dynamic

modeling capability.

Token  Token Token
Attention
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q = Tolien: Multivariate
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e \/ o
. = e
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Token E
\’/’\/\/ ® Tokens
173
=
» Time 2

Figure 2. Architecture of iTransformer [34].

2.3. Stabilized LSTM

The sLSTM model is an advanced variant of the traditional LSTM architecture that
incorporates exponential gating, memory mixing, and stabilization mechanisms. These en-
hancements improve the model’s ability to process long contexts efficiently, make effective
storage decisions, capture complex dependencies, extrapolate accurate sequences, calculate
rapidly, and maintain robustness during training and inference. Therefore, sSLSTM is partic-
ularly suitable for long sequence processing and tasks that require state tracking [37]. The
architecture is depicted in Figure 3. The weight vectors w, w;, wy and w, correspond to the
input weights (connecting inputs x; to cell input, input gate, forget gate, and output gate).
The weight vectors r;,7;, 7 and r, correspond to the recurrent weights (linking hidden
states to cell input, input gate, forget gate, and output gate). Bias terms b, b;, by and b,
represent corresponding biases. ¢ denotes the activation function for cell input (typically
tanh). While ¢ serves as the output gate activation, (c(x) = 1/(1 + exp(—x)). Input and
forget gates employ exponential activation functions. They can be formulated as:

fr= exp(wfxt + rght—1 + by) ()

ir = exp(w!x +rihy_q +b;) (3)

https://doi.org/10.3390/aerospace13030290


https://doi.org/10.3390/aerospace13030290

Aerospace 2026, 13, 290

8 of 28

"

normalizer state

G

cell state

htfl
hidden state

xl

inputs

nl = f; ntfl +l“

[, =exp(log(f,)+m,_, —m,)

i\ = exp(log(i)~m,)

¢ =fe  +iz, hidden state

m, =max(log(f,)+m,_;,log())

J, =exp(wix, +7.h_ +b,)

y T T T
i, = exp(w; x, + '}ht—l + bi) o ¢(WZ X, + rzhz—l i bz) o, =c(w,x, + rvhl—l

+b,)

Figure 3. Architecture of sSLSTM.

The exponential gate expands the dynamic range of gating mechanisms, enabling
rapid adaptation of memory content to better capture abrupt information changes. State
normalization 11; constrains the output range of hidden states, mitigating gradient explosion
issues and enhancing training stability. It can be represented as:

ne = fing_1+i 4)

Formally, multiple scalar memory cells ¢; € R¥ are organized into vector form [42],
through recurrent connections R;, R;, R £ R,—from the hidden state vector h to cell input
z, input gate i, forget gate f, and output gate o—multi-head interaction is achieved. In-
ternal mixing within each head is enhanced via exponential gating, while no across-head
interaction preserves parallelization potential, thereby increasing model expressiveness.

2.4. Semi-Supervised Learning Based CHI Construction

In actual aero-engine FMU health monitoring, acquiring ground-truth health labels
is exceptionally challenging. The CHI is constructed using an attention-based BiLSTM
model with semi-supervised learning (SSL) to provide a quantitative characterization of the
FMU degradation, as illustrated in Figure 4. While traditional supervised learning relies on
labeled data, semi-supervised learning effectively addresses data scarcity by leveraging
limited simulated labels alongside abundant unlabeled data [18]. This study establishes
target values through physics-informed label simulation, with simulated labels as follows:

J .
SL =Y w—t—Tmin_ (5)
j=1

g Xmax — Xmin

where SL is the simulated label at timestep ¢ (target health indicator during training), w; ;
denotes the weight of the j-th performance parameter at this timestep, x; represents the
current value of the performance parameter, x,,;, indicates the failure threshold value
of the performance parameter, x,, specifies the maximum value of the performance
parameter, Wy j, Xmax, Xmin are typically obtained from technical documentation and expert
experience. During training, the semi-mean square error loss function is employed, as
shown in Equation (6).
1Y
Lregress = _Z (SL - CHI)2 (6)
2N; 5
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Figure 4. SSL-based CHI construction.

Principal Component Analysis (PCA) reduces feature dimensionality while preserving
critical information. The attention-based Bi-LSTM captures dependencies within time series
and correlations between variables. The fully connected layer outputs prediction results,
constraining CHI within the range [0, 1].

2.5. Inverted Stabilized LSTM-Transformer

To address the challenges of long-range dependency modeling and degradation
anomaly detection in high-dimensional sensor time series data for aero-engine FMU
state of health prediction, this study proposes an inverted stabilized LSTM-Transformer
(isLTransformer) architecture that replaces the traditional FFN and normalization lay-
ers in iTransformer with an sLSTM, achieving a refined model of the dynamic degrada-
tion characteristics of FMU multiple performance parameters. While the FFN module
in conventional iTransformer effectively extracts temporal features via fully connected
layers, its static weight mechanism presents challenges in tracking the dynamic temporal
evolution of sensor parameters throughout degradation processes—particularly show-
ing reduced responsiveness to late-stage transient performance shifts. The introduction
of sSLSTM addresses this deficiency. Through exponential gating and normalized state
mechanisms, sSLSTM constructs dynamic memory units and stabilized states based on the
temporal dimension to explicitly record the cumulative effects of FMU historical health
states and mutation events (such as cavitation phenomena on pump housing surfaces and
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step changes in bearing wear), adaptively balancing short-term fluctuations and long-term
degradation trends in sensor parameters, thereby overcoming the long-term dependency
loss problems inherent in FFN-based temporal modeling. In the health state prediction of
an aero-engine FMU, given historical performance parameters, CHI, and operating param-
eters X = {x1,x,...,xr} € RT*N with T operating cycles and N variates, the objective is
to predict M performance parameters and CHI Y = {xr,1,...,x7.s} € RS*M (N > M) for
future S operating cycles (where N > M). Let X;. denote all performance parameters, CHI,
and operating parameters at cycle ¢, and X , represent the complete time series of variable
n. The structure of the proposed isLTransformer prediction model is illustrated in Figure 5.
The isLTransformer architecture consists of embedding layers, multivariate self-attention
layers, normalization layers, sSLSTM layers, and projection layers.

T Output 1
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Figure 5. Architecture of isLTransformer.
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The operational process of the embedding layer can be formulated as:

h = Embedding(X..,)

H° = Embedding(X) @)

8

where H = {hy,hy,...hx} € RN*D represents N embedding tokens with dimension
D, and the superscript indicates the layer index. The embedding process RT — RP is
implemented by a multilayer perceptron. Variable tokens interact through the self-attention
mechanism. After comprehensive representations H for each sequence extracted, the
self-attention module obtains queries, keys, and values Q, K, V € RN*% (where dj is the
projection dimension) through linear projections. The query and key for each variable
token are g;, k; € R%, and the dot product term of pre-softmax scores can be represented as:

A;j=(QK"/ @)i,j  q; kj (8)
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Since each token is already normalized in the feature dimension, these dot product
terms can reflect correlations between variables. The entire dot product matrix A € RN*N
represents the multivariate correlations among variable tokens. Consequently, highly
correlated variables receive greater weights in the interaction of values V. The isLTrans-
former contains only one normalization layer, positioned after the self-attention residual
connection, which effectively stabilizes the feature distribution following cross-variable
interaction [43,44]. The normalization applied to the single variable sequence is

LayerNorm(H) = {WM - 1,2,“,,N} 9)
n

where Mean(h,) represents the mean of h,, and Var(h,) represents the variance of h,,.
The sLSTM layer independently operates on the sequence representation of each variable
token, extracting features from each input sequence and predicting the representation
of future sequences. The working principle of sSLSTM has been explained in detail in
Section 2.3. Due to its unique exponential gating, normalized states, and memory mixing
techniques, this module possesses dynamic storage capabilities and strong training stability,
demonstrating distinct advantages in tasks requiring complex state tracking, such as state
of health prediction. The representation of its operation on a single variable is

RL|t:t+ S =sLSTMBlock(hl |t — T :t) (10)
The main body of the isLTransformer can be represented as
H'*' = isLTBlok(H'),1 =0,1,...,L —1 (11)

The prediction output of the isLTransformer is implemented by the projection layer, and its
working process can be represented as

Y. m = projection(hL)(m € M,n € N,M < N) (12)
and the output layer only outputs the performance parameters and CHI of the aero-engine FMU.

2.6. State of Health Prediction Framework

This study considers a CHI that comprehensively reflects the health state of the FMU
through multi-dimensional data fusion and dynamic analysis. The core objective of the
aero-engine FMU state of health prediction model is to achieve precise prediction of degra-
dation trends of multiple key performance parameters and CHI variations. The state
of health prediction framework is illustrated in Figure 6, comprising three parts: data
preprocessing, CHI construction, and health state prediction. Initially, a moving average
algorithm eliminates abnormal interferences in sensor signals, while a standardization
method eliminates the effects of different dimensions and magnitudes from multi-source
sensor data, laying the foundation for cross-dimensional data fusion and feature extrac-
tion. As the core representation of the health state, CHI integrates multi-sensor feature
parameters through attention-Bi-LSTM based on semi-supervised learning, comprehen-
sively reflecting performance degradation trends and coupling relationships between key
parameters. The prediction framework constructs a dual-channel input—output structure of
CHI and original sensor data: the CHI channel reflects the macroscopic degradation trend
of the overall system health, while the original performance parameter channel provides
microscopic dynamic fluctuation information. The two channels are fused at the input
layer of the isLTransformer encoder through feature concatenation. Specifically, the CHI
sequence and the performance parameter matrix are directly connected along the variable
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I Part 1: Data Cleaning and Feature Extraction

Multi-sensor data — Data processing

dimension to form a comprehensive input matrix. This operation integrates the global
degradation information embedded in the CHI with the local dynamic fluctuations carried
by the raw performance parameters, providing a holistic representation for subsequent
temporal modeling. The concatenated features are directly fed into the isLTransformer
encoder, allowing the model to autonomously learn the dependencies between the CHI
and individual performance parameters through its self-attention mechanism and sLSTM
modules. This simple yet effective fusion strategy ensures that both the overall degradation
trend and fine-grained parametric variations are jointly considered during prediction, while
avoiding unnecessary complexity, thereby enhancing the accuracy and robustness of the
prediction results.

'Part 2: Quantitative Characterization of
Degradation State

Noise CHI
smoothing construction

Standardization State of health
processing prediction

Part 3: Multivariate Time Series Prediction

Figure 6. Framework of health state prediction.

3. Experimental Study

The experimental study is conducted to verify the proposed method for state of health
prediction. The proposed isLTransformer framework is conducted with Python v3.8.20,
Torch 2.0.0, and CUDA 11.8.

3.1. Dataset

A physical experiment test bench is built, and lift tests are implemented on five real
aero-engine FMUs. The structure and physical appearance of the FMU life test bench are
shown in Figures 7 and 8. The test bench consists of a fuel supply system, device under
test (DUT) system, temperature control circulation system, lubrication oil system, and air
system. The fuel supply system provides fuel and specified inlet pressure to the FMU
under test, the DUT system simulates loads, the temperature control circulation system
mainly functions to circulate and filter oil while controlling temperature, the lubrication oil
system primarily provides lubrication, and the air system mainly serves to provide a stable
source for the FMU. The load spectrum of the life test describes the variations in loads
experienced by the FMU during actual operation as flight conditions change. The load
spectrum is generated by statistically analyzing and summarizing the amplitude, frequency,
and duration of loads, creating a load distribution pattern that characterizes the actual
working conditions of the FMU. The simulated flight states of an aircraft include startup,
ground idle, flight idle, takeoff hover, climb, level flight, hover, descent, landing hover,
flight idle, ground idle, and shutdown. During the performance degradation tests of the
aero-engine FMU, two categories of condition monitoring parameters were synchronously
recorded: operational parameters and performance parameters. Operational parameters,
including rotational speed, inlet pressure, inlet temperature, and outlet temperature, reflect
the working conditions of the FMU. Performance parameters, such as outlet flow rate,
outlet pressure, metering LVDT difference-to-sum ratio, guide vane LVDT difference-to-
sum ratio, and filter circulation pump outlet pressure, directly characterize the functional
status and degradation level of the FMU.
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Figure 7. Components of the FMU life test bench.
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Figure 8. Physical test bench.

The procedure for the performance degradation test is as follows: pre-test inspection
— FMU installation — test operation — post-test inspection — disassembly inspection
— micrometer measurement — non-destructive testing. Following the above procedure
and the prescribed load spectrum, performance degradation tests were conducted on
five aero-engine FMUs over 250 cycles each. Although the FMUs did not reach complete
failure by the end of the tests, significant performance degradation data were accumulated.
All parameters were recorded continuously as time series, resulting in a multivariate,
long-sequence performance degradation dataset for the FMUs. This dataset provides
physically meaningful input-output samples for constructing composite health indicators
and training health state prediction models, ensuring a strong correlation between the
data-driven models and the actual physical degradation process.

The degradation test data of real engine FMUs serve as the validation dataset for
this research. The dataset records monitoring data from each operational cycle of the
aero-engine FMU over 250 cycles from its initial operational cycle. It covers key perfor-
mance degradation indicators and operational parameter records. However, by the end
of the test, the FMU had not yet reached a failure state. The dataset consists of multiple
multivariate time series from different FMUs, which means that the data can be viewed
as a fleet of the same type of FMUs. Each FMU has different initial wear and manufac-
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turing variations, which are considered normal conditions rather than fault conditions.
Both operational setting parameters that significantly influence the FMU performance and
the performance parameters are included in the dataset. Table 1 presents the condition
monitoring parameter information recorded in the dataset. Rotational speed, inlet pressure,
inlet temperature, and outlet temperature are the operational setting parameters. The outlet
flow rate, outlet pressure, metering LVDT displacement difference-to-sum ratio, guide vane
LVDT displacement difference-to-sum ratio, and filter circulation pump outlet pressure
represent the FMU performance.

Table 1. Condition monitoring parameters.

Number Symbol Parameter Unit
1 N rotational speed r/min
2 P, inlet pressure MPa
3 Tin inlet temperature °C
4 Tout outlet temperature °C
5 Qout outlet flow rate L/h
6 Pout outlet pressure MPa
- R metering LVDT displacement )
met difference-to-sum ratio

3 R guide vane LVDT displacement )
v difference-to-sum ratio

9 Pyramp filter circulation pump outlet MPa

pressure

3.2. Data Preprocessing

Performance data at the maximum rotational speed in each cycle of the aero-engine
FMU were selected to characterize its degradation process. Obvious outliers were removed
based on data trends and the actual working process of the FMU, and missing values
were filled using interpolation methods. The mean, peak, and peak-to-peak values of
Tout, Qout, Pout, Rmet, and Rgp at the maximum rotational speed are calculated. The final
input parameters for the model are shown in Table 2. Gaussian smoothing, as shown in
Equation (13), is applied to smooth the original data and highlight degradation trends:

%2

e 27 (13)

Glx) =
where o represents the standard deviation, controlling the degree of Gaussian smooth-
ing (larger o results in stronger smoothing effects), and x represents the offset from the
center point. To determine the optimal o value for each monitoring parameter, a grid
search combined with cross-validation was employed. Candidate o values were selected
from the set {5.0, 7.5, 10.0, 12.5, 15.0, 20.0}. Parameters derived from root-mean-square
and peak values generally adopt moderate o values (7.5-10), while peak-to-peak metrics,
being more susceptible to high-frequency fluctuations, require stronger smoothing and
thus adopt o = 20 to effectively attenuate noise without distorting long-term degradation
trends. Raw input signals (such as inlet pressure and temperature) adopt o values ranging
from 10 to 20 based on their inherent noise characteristics. This parameter-specific tun-
ing ensures that subsequent feature extraction and CHI construction are based on clean,
trend-consistent data.
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Table 2. Input parameters.
Number Symbol Parameter Unit

1 Pipm mean inlet pressure MPa

2 Tinm mean inlet temperature °C

3 Tout,m mean outlet temperature °C

4 Toutp outlet temperature peak value °C

5 Tout,pp outlet temperature peak-to-peak value °C

6 Qout,m mean outlet flow rate L/h

7 Qoutp outlet flow rate peak value L/h

8 Qout,pp outlet flow rate peak-to-peak value L/h

9 Poutm mean outlet pressure MPa

10 Poutp outlet pressure peak value MPa

11 Pout,pp outlet pressure peak-to-peak value MPa

12 R mean metering LVDT displacement )
met,m difference-to-sum ratio

13 R metering LVDT displacement }
metp difference-to-sum ratio peak value

14 R metering LVDT displacement )
met,pp difference-to-sum ratio peak-to-peak value

15 R mean guide vane LVDT displacement )
o difference-to-sum ratio

16 R guide vane LVDT displacement ;
gop difference-to-sum ratio peak value

17 R guide vane LVDT displacement )
supp difference-to-sum ratio peak-to-peak value

18 Ppump,m Mean filter circulation pump outlet pressure MPa

19 C current cycle period -

There are significant dimensional differences in measurements from different sensors.
Through standardization, as shown in Equation (14), each feature is scaled to a standard
normal distribution with mean 0 and standard deviation 1, placing all features on the same
scale. Figure 9 shows the standardized performance degradation data and smoothed data
from one aero-engine FMU.

p=2"F (14)

3.3. Model Training

This study employs a semi-supervised attention-based BiLSTM to construct a CHI for
FMU. The model architecture consists of a bidirectional LSTM layer to capture temporal
features, an attention mechanism layer to weight critical timesteps, and a fully connected
layer for final prediction. The core of model training lies in the construction of sequence
samples: the input is a time series segment of historical data processed via sliding time win-
dows and PCA dimensionality reduction (retaining six principal components), with each
sample having dimensions of 30 (timesteps) x 6 (feature dimensionality). The correspond-
ing output label (i.e., training target) is not raw sensor data, but a weighted normalized
value that integrates multiple key physical parameters (including Qout,m, Pout,p, Rmet,pp, and
Rgvpp)- This value ranges from 0 (complete failure) to 1 (pristine condition), providing the
model with a supervisory signal that reflects clear degradation trends. In terms of training
configuration, the Half-Mean Squared Error (MSE) is adopted as the loss function, and the
Adam optimizer (learning rate = 10~%) is used to train the model for 25 epochs with a batch
size of 64, enabling effective learning of degradation patterns from historical sequences.
The final output of this model is the CHI, a value ranging continuously from 0 to 1. A CHI
value closer to 1 indicates a healthier FMU state.
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Figure 9. Standardized performance degradation data of a certain FMU.
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This research strictly divided the dataset into training, validation, and test sets in a
0.7:0.1:0.2 ratio in chronological order to avoid data leakage. Sliding time window lengths
were set to {5, 5, 10, 10, 15}, with the window sliding one timestep each time to ensure
data continuity, and prediction lengths were set to {1, 5, 5, 10, 10}. The prediction process
and detailed settings are shown in Table 3. The parameter settings for isLTransformer
include model dimension d_model of 512, fully connected layer dimension d_f£f of 512,
encoder number e_layers of 2, attention head number n_heads of 8, activation function
as gelu function, loss function as mean squared error loss function, Adam optimizer with
dynamic learning rate adjustment, initial learning rate Ir of 0.0001, and regularization
parameter dropout of 0.1. The experiment was conducted on a PC equipped with an
Intel Core i7-12700H CPU, 16GB of RAM, an NVIDIA GeForce RTX 3060 GPU, and a 2TB
SSD. The dynamic learning rate adjustment strategy follows a step decay schedule, where
the learning rate is multiplied by 0.5 at the beginning of each epoch. This exponential
decay effectively balances convergence speed and stability during training. To prevent
overfitting, early stopping is employed with a patience of 7 epochs. After each epoch,
the validation loss is monitored; if it fails to decrease for 7 consecutive epochs, training
is terminated, and the best model weights are restored. The training process runs for a
maximum of 25 epochs.

Table 3. Prediction process and detailed settings.

Algorithm 1 SSL-based attention-BiLSTM
Algorithm 2 isLTransformer

Require: Input multivariate time series of FMU performance X € RT*N~1; input length
T; predicted length S; variate number N; token dimension D; and isLTransformer block
number L.

1. Data fusion, construct CHI. X € RTxN
2. X = X.transpose X € RNxT
3. MLP embeds series into variate tokens. HO ¢ RNXD
H° = MLP(X)

4. Run through the isLTransformer blocks.
5. Self-attention layer is applied to variate tokens.

6. H' = LayerNorm(H'~1 4 Atten(H")) H' ¢ RN*D
7. SLSTM updates the sequence representation of each token.

8. End for

9. Y= MLP(HL) Y € RMxS
10. Y = Y.transpose Y € RS*M

11. Return the prediction result.

3.4. Metrics

The CHI is used to quantitatively characterize the degradation state of aero-engine
FMUs, reflecting their evolution process from healthy to failure states. Its key characteristics
include monotonicity (Mo), trendability (Tr) [18], and correlation (Corr) [3]. Mo requires
that CHI present an overall increasing or decreasing trend during the FMU degradation
phase. Tr refers to the correlation between CHI curves of different engine FMUs, ensuring
consistent damage evolution trends across all FMUs, typically validated using the minimum
Pearson Correlation Coefficient (PCC) between CHIs of different FMUs, as shown in
Equation (15). The PCC range is [-1,1], with a stronger correlation as the absolute value of
PCC approaches 1. Corr indicates that CHI is highly related to the actual degradation state
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of the equipment, also validated using PCC, with the PCC for a certain sensor monitoring
data of one FMU shown in Equation (16).

C
21 (xm,c - ym)(xn,c - Yn)
c=

\/i (xm,c xm)z\/i (xn,c *yn)z
c=1 c=1

where Xy, ¢, X, represent the CHI values of two different FMUs at cycle ¢, and C is the total

Tr = min

(15)

number of operational cycles of the FMU.

Ki
kZO (cig — i) (xij(cix) — %)

K; e .,
Y (cix =)y L (xi(cix) —Xij)
K=0 K=0

where ¢; = {Ci,O/ Ci1,Ci2sen-s Ci,Ki} represents the monitoring cycles corresponding to the

1’1‘,]' = (16)

i-th (1 <i < P) FMU, x; (c) is the performance degradation monitoring data collected
by the j-th (1 < j < N) sensor of the i-th FMU at cycle ¢, and K; + 1 is the number of
monitoring data points for the i-th FMU.

The state of health prediction of mechanical equipment is usually regarded as a
regression problem. One of the evaluation metrics used for aero-engine FMU health state
prediction is Root Mean Squared Error (RMSE), as shown in Equation (17). RMSE is the
square root of the mean squared error between observed and predicted values, amplifying
larger errors and exhibiting high sensitivity to outliers.

Q S 2
Zq:l (Yq - Yq)

RMSE =
Q

(17)
where Q is the total number of samples, ¥, is the actual health state of the g-th sample, and
Yq is the predicted health state of the g-th sample. The second evaluation metric for FMU
health state prediction is Mean Absolute Error (MAE), as shown in Equation (18). MAE
computes the mean absolute error with linear weighting, demonstrating greater robustness
against outliers.

Q
MAE:%Z]Yq—Yq\ (18)

g=1

In the practical application of FMU health prediction, the numerical differences be-
tween RMSE and MAE carry distinct implications for maintenance decision-making. RMSE
assigns higher weights to larger errors and is therefore more sensitive to significant individ-
ual deviations in predictions, whereas MAE averages all errors linearly, providing a more
robust reflection of overall prediction accuracy. When RMSE is significantly higher than
MAE, it indicates that the model achieves high prediction accuracy at most time points but
exhibits substantial deviations at a few critical moments. These moments often correspond
to sudden degradation phases in FMU performance, such as early warning signs like
accelerated wear of components or anomalies in control response. In engineering practice,
accurately capturing these abrupt transition points holds significant early warning value
for preventive maintenance. If performance turning points can be identified in advance,
maintenance personnel can schedule targeted inspections or component replacements in
a timely manner, thereby avoiding mission interruptions or safety risks caused by unex-
pected failures. Conversely, when RMSE and MAE are close, it suggests a relatively smooth
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degradation process where the model can stably track the overall trend, making it suitable
for routine condition monitoring. Therefore, by jointly analyzing the differences between
RMSE and MAE, it is possible not only to evaluate the overall accuracy of prediction models
but also to assess their capability to capture degradation transition events, providing more
targeted insights for optimizing maintenance strategies.

4. Results and Discussion
4.1. Composite Health Indicator (CHI)

The degradation stage characteristics of the considered CHI are shown in Figure 10.
After integrating multi-sensor data, the one-dimensional CHI exhibits an overall monoton-
ically decreasing trend, effectively characterizing the degradation process of the engine
FMU. The PCC values between CHIs of different FMUs in the same model are displayed
in Table 4, in which all the absolute PCC values exceed 0.98. This indicates that the Tr of
CHIs is 0.98, and the CHI curves of all FMUs show similarity in both trends and pattern
changes, which qualify them for group health monitoring. Table 5 shows the PCC values
between multiple parameters (including single sensors and CHI) and cycle periods of each
FMU. The absolute PCC values of different sensors range from 0.21 to 0.89, indicating their
limited correlation with the degradation states. The integrated CHI, through Bi-LSTM with
the attention mechanism based on semi-supervised learning, achieves efficient fusion of
multi-sensor data, with absolute PCC values all exceeding 0.93.

Composite Health Indicator (CHI)

0.8F

0.6f

CHI Value

0.4

0.2f

0.0

Cycle

Figure 10. Composite health indicators of the five FMU.

Table 4. PCC values of CHIs from different FMUs.

PCC FMU1 FMU2 FMU3 FMU4 FMU5
FMU1 1 0.99 0.98 0.99 0.99
FMU2 - 1 0.99 0.99 0.99
FMU3 - - 1 0.98 0.99
FMU4 - - - 1 0.99
FMU5 - - - - 1
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Table 5. PCC values between multiple parameters and cycles of five FMUs.
PCC CHI Qout,m P out,p Rmet,pp Rgv,pp
Crmui —0.94 —0.88 —0.76 0.84 0.40
Crvu2 -0.93 -0.81 —-0.43 0.47 0.21
Crmus —0.94 —0.62 —0.50 0.69 0.44
Crmus -0.93 —0.89 —0.57 0.43 0.26
Crmus —0.95 -0.87 —0.78 0.83 0.54

4.2. Prediction Performance

This section validates the prediction performance of the proposed isLTransformer
on the aero-engine FMU performance degradation dataset. The experiments cover both
long-term and short-term prediction tasks, verifying the effectiveness of isLTransformer.
Figure 11 shows the comparison between the predicted and actual CHI values in the test
sets of five FMUs with different initial health states. The predicted values track the actual
values precisely, which indicates the effectiveness of the prediction architecture under
different initial health conditions. Figures 12-14 show the comparison between predicted
and actual values of key parameters in three test sets of these FMUs when the time window
length is 5 and the prediction length is 1. The proposed prediction model demonstrates
good prediction throughout the entire operational process of the FMUs in the test set.
Figures 15-17 show the comparison between predicted and actual values of key parameters
in three test sets of these FMUs when the time window length is 10 and the prediction
length is 10. The proposed model maintained good predictions throughout the operation
of the FMU test set. However, the prediction accuracy was lower than that when the time
window length was 5 and the prediction length was 1. Table 6 gives the total prediction
errors of the architecture under different time window lengths (WL), prediction lengths
(PL), and batch sizes. The RMSE ranges from 0.446 to 0.760, and the MAE ranges from
0.176 to 0.415, with overall small errors. When the sliding time window length increases,
prediction errors decrease; when the prediction length decreases, prediction errors increase.

FMU 2 MU 3
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Figure 11. Comparison between actual and predicted CHI values of five FMU.
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Table 6. Errors under different time window lengths (WL), prediction lengths (PL), and batch sizes.

WL-PL Batch Size RMSE MAE
1 0.446 0.176

5-1 3 0.451 0.176
5 0.461 0.190

1 0.660 0.302

5-5 3 0.653 0.296
5 0.656 0.298

1 0.628 0.298

10-5 3 0.632 0.302
5 0.630 0.306

1 0.750 0.393

10-10 3 0.750 0.400
5 0.760 0.415

1 0.742 0.402

15-15 3 0.743 0.407
5 0.743 0.407

4.3. Comparative Experiments

The health state prediction performance of the proposed isLTransformer is compared
to that of the state-of-the-art iTransformer and iTransformer-BiLSTM models, and the
prediction errors on the aero-engine FMU dataset of these three models are summarized in
Table 7. Under most configurations of time windows and prediction lengths, isLTransformer
achieves the best performance with the prediction errors of RMSE and MAE. Compared
with the iTransformer, the prediction RMSE of the proposed isLTransformer decreases by
an average of 1%, and MAE decreases by an average of 4%. Similarly, an average decrease
of 1.2% on the RMSE and 3.5% on the MAE can be observed when comparing the proposed
method to the iTransformer-BiLSTM.

Table 7. Comparison of prediction errors across different architectures.

WL-PL Models RMSE MAE
isLTransformer 0.451 0.176

5-1 iTransformer 0.458 0.189
iTransformer-BiLSTM 0.451 0.181

isLTransformer 0.660 0.302

5-5 iTransformer 0.658 0.302
iTransformer-BiLSTM 0.656 0.297

isLTransformer 0.628 0.298

10-5 iTransformer 0.641 0.321
iTransformer-BiLSTM 0.633 0.312

isLTransformer 0.750 0.393

10-10 iTransformer 0.757 0.413
iTransformer-BiLSTM 0.770 0.427

isLTransformer 0.742 0.402

15-15 iTransformer 0.752 0.414
iTransformer-BiLSTM 0.761 0.412

4.4. Ablation Experiments

iTransformer contains two normalized layers. The first one is positioned after the self-
attention residual connection, responsible for stabilizing feature distributions after cross-
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variable interactions. The second layer is located at the end of the FFN residual connection,
controlling feature scaling after temporal dynamic modeling. Since the sSLSTM component
inherently possesses temporal dimension normalization characteristics, isLTransformer
retains only a single normalized layer. Table 8 demonstrates the prediction accuracy and
training speed of isLTransformer with single-layer and dual-layer normalization (Layer-
Norm). The prediction errors (RMSE and MAE) of the two architectures exhibit minimal
differences, but the simplified architecture with single-layer normalization significantly
reduces the computational complexity by shortening the average training duration by
18.66% and improving inference speed.

Table 8. Prediction errors and training speed with different numbers of LayerNorm.

WL-PL LayerNorm RMSE MAE Tl‘.alnlng
Time(s)
51 1 0.451 0.176 1362
] 2 0.448 0.178 1506
55 1 0.660 0.302 1331
) 2 0.660 0.295 2400
10-5 1 0.628 0.298 2606
i 2 0.629 0.297 2677
1 0.750 0.393 2574
10-10 2 0.751 0.395 2677
1 0.742 0.402 1709
1515 2 0.741 0.401 2539

5. Conclusions

This paper proposed a novel inverted stabilized LSTM-Transformer (isLTransformer)
architecture for the health state prediction of the aero-engine FMU. The real-world tests
of FMUs on a physical test bench are conducted to generate a performance degradation
dataset, and the CHI of the FMU based on an attention Bi-LSTM architecture is constructed
and validated from the dataset. The health state of FMUs is comprehensively characterized
from both overall and local perspectives through CHI and multiple FMU performance
parameters. The isLTransformer architecture is proposed and applied to the prediction
of the state of health of the aero-engine FMUs. This model explicitly captures dynamic
correlations between multiple variables (such as the coupling between outlet flow rate
and pressure) through self-attention, while capturing long and short-term dependencies
in time series through sLSTM. Prediction test performance based on experiment data
demonstrates that isLTransformer achieves performance improvements in both prediction
accuracy and computational efficiency compared with other state-of-the-art iTransformer
and iTransformer-BiLSTM. The proposed method provides theoretical support and tech-
nical solutions for the health state prediction of PHM in the aviation field. In the future,
we aim to extend this hybrid architecture to a wider range of mechanical equipment
PHM tasks.
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SVR Support Vector Regression

PCA Principal Component Analysis

LSTM Long Short-Term Memory

CNN Convolutional Neural Network

GNN Graph Neural Network

FFN Feedforward Network

sLSTM stabilized LSTM
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LVDT Linear Variable Differential Transformer
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PL Prediction Lengths
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