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A B S T R A C T

Accurate prediction of key gas path performance parameters plays a crucial role in informing subsequent 
maintenance planning for aero-engine operations. A basic model trained on historical data from all engines often 
fails to capture engine-specific characteristics, leading to limited prediction accuracy. Mainstream approaches 
address this by fine-tuning the basic model for each individual engine. However, this per-engine adaptation 
greatly increases maintenance complexity and performs poorly when only limited data are available for a new 
engine. To address this challenge, this paper proposes the Transferable Snippet Augmentation Network (TSAN), 
which shifts model adaptation from engine-level fine-tuning to degradation-trend-level specialization. The key 
idea is to use transferable degradation snippets. They are short segments from different engines that share similar 
degradation tendencies and help improve prediction accuracy when engine-specific data are limited. TSAN 
operates in two stages. First, a unified base model is trained on all engines. Second, the snippets are embedded 
and clustered into degradation-trend groups, which enables group-wise fine-tuning and produces specialized 
predictors. At inference, the degradation-trend group of each sample is identified to select the appropriate 
specialized model. Experimental results show that the proposed TSAN reduces the number of required models by 
53% and achieves improvements of 36.0%, 35.7%, and 34.1% over baseline methods in Mean Absolute Error 
(MAE), Mean Relative Error (MRE), and Root Mean Square Error (RMSE), respectively. It also delivers 18.0%, 
11.1%, and 15.2% gains in prediction stability. Ablation studies further validate the effectiveness of the network 
design, the degradation-trend grouping strategy, and the feasibility of the proposed fine-tuning perspective.

1. Introduction

Driven by the concept of prognostics and health management, the 
maintenance strategy of aviation engines has gradually shifted from 
regular maintenance to predictive maintenance. During multiple flight 
cycles of a single aircraft, the performance of an individual engine 
gradually declines as the number of flight cycles increases. To meet the 
thrust requirements during the take-off phase, a deteriorating engine 
typically exhibits higher exhaust gas temperatures (EGT) [1]. The in
crease in EGT accelerates the degradation of gas path components such 
as high-pressure compressors and turbine blades, thereby raising their 
failure rates [2]. Consequently, in recent years, many studies have 
focused on predicting the key gas path performance parameters, with 

the aim of mitigating potential risks arising from adverse environmental 
and operational conditions, including the works by Jung [3], Turgut [4], 
and Xiao [5].

To predict the gas path performance parameters of an aviation en
gine, an ideal approach is to model individual components separately 
and then combine them into an overall performance model. This model 
accounts for interactions among components under specific operating 
conditions. This approach, known as the component diagram method 
[6], can achieve high prediction accuracy [7]. However, building such 
models remains difficult. The mapping relationships among components 
are not fully established, making the modeling process time-consuming 
and costly [8]. Aviation engines are complex and highly nonlinear sys
tems. To improve performance, safety, and efficiency, their structures 
have become more intricate. As a result, mechanism-based methods 
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often face issues of scalability and modeling difficulty [9]. Even engines 
with the same design show variations due to dimensional tolerances and 
operating conditions. Component replacement during maintenance adds 
further uncertainty. These factors make mechanism-based modeling 
difficult and require deep domain expertise from engineers. Therefore, 
researchers increasingly turn to data-driven methods. Such approaches 
can capture nonlinear relationships directly from operational data and 
offer a practical alternative to traditional mechanism-based modeling.

The data-driven approach avoids explicit component-level modeling 
by leveraging the physical information inherent in operational data. It 
links environmental and control parameters with performance param
eters that embed prior physical understanding to enable more reliable 
predictions [10]. Data-driven prediction methods can be generally 
divided into classical statistical methods and machine learning-based 
methods. To provide a brief overview of the research landscape, repre
sentative recent studies covering various modeling paradigms are 
summarized in Table 1. Classical approaches, such as Auto Regressive 
Integrated Moving Average [11], Kalman filtering [12], and support 
vector regression [13], are commonly employed in time series predic
tion. Moreover, Zaccaria et al. developed a digital twin-based frame
work for aviation engine monitoring and diagnostics, adopting an 
integrated physics-based and data-driven approach for engine perfor
mance management [14]. The framework also incorporates 

considerations for individual engine variability within the fleet. These 
methods have good interpretability, low data requirements, and few 
hyperparameters. However, they struggle to capture nonlinear dynamics 
and complex patterns, and their predictive performance has been sur
passed by machine learning models [15,16]. In machine learning-based 
prediction, a neural network is constructed and trained on environ
mental and target parameters collected during engine operation. The 
loss between predicted and actual values is minimized through back
propagation, enabling the network to infer unknown gas path perfor
mance parameters. For example, Ilbas et al. [17] employed an artificial 
neural network to predict the EGT of the CFM56-7B engine. Dursun et al. 
[18] and Aygun et al. [19] applied LSTM networks to predict engine 
energy and emission parameters; Xiao et al. [20] employed a Recurrent 
Neural Network (RNN)-based model for EGT prediction. Yu et al. [21]
proposed a meta-learning framework for cases with low-quality data. 
Nevertheless, existing machine learning approaches often ignore engine- 
specific characteristics and lifecycle variations, which constrains their 
prediction accuracy and generalization ability.

Recent studies have taken individual engine differences into account 
and explored personalized modeling approaches. Transfer learning of
fers an effective solution by adapting a pretrained base model to each 
specific engine through fine-tuning with limited task-related data [25]. 
The typical process involves: first, training a base model following the 

Nomenclature

TSAN Transferable Snippet Augmentation Network
MAE Mean Absolute Error
MRE Mean Relative Error
RMSE Root Mean Square Error
EGT Exhaust Gas Temperature
RNN Recurrent Neural Network
EGTM Exhaust Gas Temperature Margin
GRU Gated Recurrent Unit
DBSCAN Density-Based Spatial Clustering of Applications with 

Noise
OPTICS Ordering Points to Identify the Clustering Structure
GMM Gaussian Mixture Model
MSE Mean Squared Error
BIC Bayesian Information Criterion
OEM Original Equipment Manufacturer
ACARS Aircraft Communications Addressing and Reporting 

System
DTW Dynamic Time Warping
EGTM_S Smoothed EGTM
MTGNN Multivariate Time Series Forecasting with Graph Neural 

Networks
TSAN-NC TSAN without the clustering procedure
y Actual values of performance parameters
θ Intrinsic engine state
L Sampling length
m Index of the flight whose data serve as the prediction target
xm Key parameters of the target flight
n Index of the flight to be predicted
h1 Hidden state output from the GRU in the representation 

module
h2 Hidden state output from the Transformer layer in the 

representation module
ỹ Predicted value from the prediction module
α Weight balancing prediction and optimization in the trend 

representation module
Sm Latent degradation state of the engine at flight cycle m
ε Estimation noise between two parts in representation 

module
N

(
0, σ2I

)
Multivariate Gaussian distribution with variance σ2I

L 1 Loss of the representation module
N Total number of engines
Xc Inputs to the representation module for generating 

representation
T Total number of training samples
l Vector of cluster labels for the T samples
Hc Trend representations output for each sample
K Number of clusters
ρ BIC improvement ratio
τ Threshold for the improvement ratio
L 2 Loss of the prediction module
Xl,Xr Left and right segments of the TSAN input
Z Transformed features obtained by passing Xr through two 

Transformer encoder layers
H Hidden states obtained from the Transformer encoder and 

a linear layer (corresponding to the hidden state in Fig. 3)
w Weight vectors obtained from the Transformer encoder 

and a linear layer (corresponding to the weight in Fig. 3)
z Zero vector
Xtmp Concatenation of Xr and xm

hm Hidden representation at timestamp m produced by the 
GRU

TSLOAT Sea Level Outside Air Temperature
ALT Altitude
TTIAT Total Inlet Air Temperature
M Mach Number
N1 Fan Speed
N2 Core Engine Speed
C Number of flight cycles
Xn Data corresponding to the n-th engine
ỹ Final prediction vector
y Ground truth vector
i Index of an element in a vector
yi i-th element of y
ỹavg Average of 10 prediction results
ỹs Values used for visualizing differences in plots
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standard neural network procedure; second, creating a copy of this 
model for each engine; third, fine-tuning it with the engine’s historical 
data to obtain an engine-specific model; and finally, using these 
personalized models for prediction tasks [22]. This approach has been 
applied to various studies. For example, Yan et al. [23] used transfer 
learning to handle data scarcity. Liu et al. [26] applied it with simulated 
datasets for auxiliary power unit monitoring. He et al. [24] performed 
transfer learning across different engine operating conditions to improve 
the model’s adaptability in available power estimation. Compared with 
using a unified base model, the fine-tuned models better capture engine- 
specific characteristics, thus achieving improved prediction accuracy. 
However, the transfer learning-based personalized modeling approach 
still faces several challenges. First, data imbalance leads to biased 
training, as engines with abundant data dominate model optimization 
while those with limited samples are prone to overfitting during fine- 
tuning [27]. Second, each engine requires an independent fine-tuned 
model, which significantly increases the complexity of model manage
ment and maintenance. Third, the method focuses on individual opti
mization and fails to exploit shared degradation information among 
engines, which limits its adaptability to newly deployed engines with 
scarce data and incomplete degradation patterns. Consequently, this 
approach lacks scalability and cannot effectively support large-scale and 
unified fleet management.

To address these three issues, this paper attempts to revisit the 
problem from the perspective of the prediction task itself, exploring 
whether the modeling process during transfer can be made more effec
tive and whether the characteristics of engine performance and degra
dation can be shared across different engines at comparable stages. In 
aero-engine analysis, the performance parameters are fundamentally 
driven by the interplay of environmental conditions, operating-point 
variables, and the intrinsic engine state. Rather than relying on simpli
fied empirical corrections for environmental conditions and operating- 
point variables, as in conventional physics-based models, this relation
ship is treated as a thermodynamic inverse problem. By learning the 
high-order nonlinear coupling between these operating conditions and 
gas path efficiency directly from historical operation, the proposed 
model functions as a physics-guided thermodynamic state observer. In 
this way, the influence of environmental and operating variations can be 
separated from the underlying performance behavior more reliably than 
in traditional analytical schemes, enabling a clearer identification of the 
intrinsic state. Although the intrinsic state determines the observed 
performance under identical environmental and operating conditions, it 
cannot be represented by a single measurable variable. Its evolution 
over time may also exhibit certain trends. If such latent states can be 
characterized and consistently applied across different engines, the 
resulting trend categories could provide meaningful abstractions of en
gine health evolution.

To this end, this paper proposes a Transferable Snippet Augmenta
tion Network (TSAN) for predicting the degradation trends of aero- 
engines. The key idea is to leverage degradation trend representations 
that capture the underlying evolution patterns of engine states, enabling 
consistent characterization across different engines. By introducing the 
notion of degradation trend groups, the method facilitates the transfer of 
informative data snippets between engines with similar degradation 
periods. This allows the model to better generalize under varying 
operational and degradation conditions. Through this design, TSAN 
aims to enhance both the accuracy and the transferability of perfor
mance prediction in cross-engine scenarios. The main contributions of 
this paper are as follows: 

1. A trend-grouped fine-tuning migration approach is proposed. Similar 
degradation-trend snippets are extracted from the historical data of 
all engines of the same type to fine-tune the basic prediction model. 
This design helps reduce the overall model scale required for engine 
maintenance in airlines.

2. For new engines with limited data, the method transfers data snip
pets with the same degradation trend group from other engines to 
enhance prediction accuracy. This strategy improves the applica
bility of the fine-tuned model to the target engine category.

3. The classification of engine degradation trends is visualized, showing 
that the learned trend divisions are of practical significance. In 
addition, the proposed method achieves superior prediction perfor
mance compared with existing approaches.

In the rest of this paper, the proposed method is first described in 
terms of its overall prediction method, model architecture, and training 
and testing procedures. The data acquisition and preprocessing process, 
together with the characteristics of the aviation engine dataset, are then 
presented to motivate the application of TSAN. Experimental settings, 
evaluation metrics, and result analyses are subsequently reported, fol
lowed by concluding remarks.

2. Methodology

This section systematically explained the principles and key pro
cesses of the TSAN method, focusing on two main aspects: first, it pre
sented the overall process for predicting key performance parameters of 
aviation engines and provided a detailed description of the training and 
fine-tuning processes involved in the method's implementation; second, 

Table 1 
Summary table of recent papers on the prediction of aviation engine gas path 
deterioration.

Reference Year Modeling 
approach

Key characteristics Performance

Lin et al.
[22]

2021 Sample- 
adaptive 
LSTM

Handles limited data 
scenarios through 
adaptive framework 
at the engine level

Achieved 
superior short- 
term prediction 
stability in small- 
sample regimes

Yan et al. 
[23]

2022 Transfer 
learning

Explicitly models step 
responses to predict 
performance under 
maintenance-induced 
disturbances

Successfully 
captured sudden 
EGTM step- 
changes

Huang 
et al. 
[1]

2023 Stochastic 
dynamics

Estimates 
deterioration 
parameters robustly 
under multi-source 
uncertainties

High robustness 
in parameter 
observation 
against sensor 
noise and 
uncertainty

Xiao et al.
[15]

2024 Physics- 
embedded 
LSTM

Integrates 
component-level 
physical topology for 
accurate degradation 
tracking

Accurate 
component-level 
degradation 
tracking

Jin et al. 
[9]

2024 Multi- 
resolution 
Transformer

Captures multi-scale 
temporal 
dependencies for 
component-level 
prediction

Accurate 
component-level 
forecasting 
across different 
time scales

He et al. 
[24]

2025 Transfer 
learning

Facilitates cross- 
engine estimation of 
performance 
degradation via 
engine-level 
modeling

Effective 
estimation of 
performance 
degradation in 
cross-engine 
tasks

Jung et al. 
[3]

2025 Maintenance- 
aware DNN

Incorporates 
maintenance 
segmentation for 
long-term 
degradation 
prediction

Improved 
prediction 
accuracy for 
long-term 
degradation

Xiao et al. 
[5]

2025 Spatio- 
temporal 
Digital Twin

Decouples 
spatial–temporal 
features while 
preserving physical 
structure integrity

Enhanced 
stability in 
performance 
prediction

H. Wu et al.                                                                                                                                                                                                                                      Advanced Engineering Informatics 74 (2026) 104685 

3 



it elaborated on the structural design concepts of TSAN.

2.1. Predictive methodology and workflow

To construct the dataset for model training and evaluation, flight 
data from each engine were processed using a sliding-window sampling 
strategy. Fig. 1(a) schematically illustrates the dataset construction 
process. The key performance parameters (yellow curves), control pa
rameters, and environmental parameters (green curves) together 
constitute the set of variables on the vertical axis, while each timestamp 
on the horizontal axis represents the feature values corresponding to a 
specific stage within a flight. The flight data of each engine was first 
divided into training and testing sets, with the first 75% used for training 
and the remaining 25% for testing. The sliding window (red boxes in 
Fig. 1(a)) was then applied separately to the training and testing por
tions to generate samples, which served as training and testing in
stances, respectively. Finally, all training and testing samples were 
aggregated independently to form the final training and testing sets, 
which together constituted the experimental dataset.

The structure of each sample is illustrated in Fig. 1(b). The sampling 
length L represents the number of known flights included in each sample 
for the prediction task. After the m − L to m − 1 flights, the data from the 
m-th flight serves as the prediction target. In xm, the target variable for 
prediction is the EGTM, while the remaining parameters in the sample 
serve as covariates. During training, the EGTM values in xm were 
initialized using the known data from the previous sample, i.e., the 
EGTM of xm− 1.

Fig. 2 presents fine-tuning strategies from different perspectives, 
including the traditional single-engine personalized fine-tuning 
approach and the trend-based grouped fine-tuning approach. Specif
ically, Fig. 2(a) presents the conventional method for addressing engine- 
specific differences, as discussed earlier. On the left side of Fig. 2 (a), “All 
engines’ data” refers to the complete training data from engines 1 to N. 
Through preprocessing, the data was first segmented into multiple 
fragments to train a basic model, referred to as the General Network via 
step ①. To predict the gas path parameters of engine n, its corresponding 
training samples were used to fine-tune the General Network in step ②, 
resulting in an Engine-Specific Network. Finally, in step ③, this Engine- 
Specific Network was used to predict the unknown parameters of engine 
n. Given that the proposed method required the incorporation of trend 
representation information into the model, RNN-based architectures 
were particularly suitable, as they naturally relied on an initial hidden 

state. Among them, the Gated Recurrent Unit (GRU) was adopted as the 
foundational model due to its efficient gating mechanism and proven 
effectiveness in engine-related prediction tasks [28]. To highlight the 
fine-tuning process based on an individual engine, this approach was 
referred to as Separate GRU.

Fig. 2 (b) shows the overall process of the TSAN-based engine-spe
cific degradation trend prediction method proposed in this paper. This 
method consists of the following four steps:

Step 1: Train a basic TSAN for all engines
First, a basic model was constructed and trained using all samples 

from the training set. The training process focused on two main objec
tives: enhancing the model’s ability to represent degradation trends and 
improving its predictive performance.

For the goal of representing degradation trends, the training objec
tive was to integrate the representation module with the prediction 
module, enabling the degradation trend representations produced by the 
representation module to be effectively utilized by the prediction 
module. Compared with Fig. 1 (b), the input sequence (xm− 2L xm− 1) was 
extended to twice its original length (xm− L xm− 1) and fed into the TSAN. 
The representation module took the input sequence xm− L xm− 1 and 
produced a degradation trend representation h2. Let Hs denote the size 
of the hidden state in the prediction module; then the dimension of h2 is 
1× Hs. The prediction module took the sequence xm− 2L xm− L− 1 as input 
to obtain a hidden state h1, and the discrepancy between h1 and h2 was 
used as a loss function to optimize the representation module [29].

For the training process of the prediction module, the objective was 
to improve prediction accuracy. Specifically, by masking the EGTM 
values in each sample xm from the training set, using the known se
quences xm− L xm− 1 and the covariates in xm, the model was trained to 
predict the masked EGTM. The prediction discrepancy was then mini
mized using backpropagation to update network parameters. Then, the 
trained network was used to generate predictions ỹ, which were then 
compared to the ground truth y to evaluate performance. In this paper, 
the method that employed only GRUs for prediction is termed Single 
GRU, and its training process constitutes a component of the TSAN.

During the training of the base network, the two modules were 
trained jointly, and the final loss function is formulated as: 

L 1 = α⋅MSE(h1 − h2)+ (1 − α)⋅MSE(y − ỹ) (1) 

where α denotes a weighting coefficient that takes a value in the range [0,
1].

To formalize the relationship between h1 and h2, the degradation 

Fig. 1. Schematic illustration of (a) the dataset construction process and (b) the input sample structure for the key performance parameter prediction task.
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process is represented as a latent continuous dynamical system with 
hidden states Sm. Given the physical continuity and state uniqueness of 
the degradation dynamics, the latent state at the boundary index L must 
be consistent, regardless of the direction of inference. Therefore, h1 and 
h2 can be viewed as two conditionally independent estimators of the 
same latent state SL: 

h1 ≈ E[SL|x0:L],h2 ≈ E[SL|xL:2L] (2) 

These two quantities constitute conditionally independent estimators of 
the same ground-truth variable derived from different observation 
windows. Any discrepancy between them is attributed to estimation 
noise rather than physical divergence. This deviation is modeled as: 

h1 = h2 + ε, ε ∼ N
(
0, σ2I

)
(3) 

The corresponding likelihood function is: 

p(h1|h2)∝exp
(

−
1

2σ2‖h1 − h2‖
2
2

)

(4) 

Maximizing this likelihood is mathematically equivalent to minimizing 
the negative log-likelihood, which yields the squared Euclidean penalty 
term: ‖h1 − h2‖

2
2. Thus, the MSE alignment term is grounded in the 

Maximum Likelihood Estimation principle for state consistency, rather 
than being a heuristic regularization term. This ensures that h2 remains 
aligned with h1.

Step 2: Clustering of snippets with similar degradation trends
After the basic model was trained, each snippet in the training set 

was assigned a degradation trend group based on the output of the 
representation module. Using a sliding window of length L, both the 

Fig. 2. Different fine-tuning strategies: (a) Traditional single-engine personalized fine-tuning process; (b) Trend-based grouped fine-tuning process.
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training and test samples were reprocessed through the representation 
module to generate a new set of training samples. Let T denote the 
number of new training samples, denoted as Xc, which were fed into the 
degradation trend representation module. The module outputs a trend 
representation for each sample, denoted as Hc, with the same structure 
as h2. The shape of Hc is T× Hs.

After obtaining the trend representation, each sample must be 
assigned to a corresponding degradation trend group. Several clustering 
methods were evaluated, including K-Means, Density-Based Spatial 
Clustering of Applications with Noise (DBSCAN), Ordering Points to 
Identify the Clustering Structure (OPTICS), hierarchical clustering, and 
Gaussian Mixture Model (GMM). The final choice was determined by the 
structural requirements of degradation modeling. The latent represen
tation exhibits a gradual and continuous evolution, which necessitates a 
clustering model capable of providing probabilistic memberships and 
maintaining stable, transferable assignment rules. In addition, the 
clustering structure must support efficient inference for new flight cycles 
without relying on dataset-specific density parameters or repeated 
neighborhood searches. GMM inherently satisfies these conditions 
through a parametric likelihood formulation with fixed-size parameters, 
enabling soft memberships and constant-time assignment. In contrast, 
nonparametric or hard-partitioning methods do not inherently provide 
these capabilities. For these reasons, GMM was adopted as the clustering 
method in this study. The process is defined as: 

l = GMM(Hc,K) (5) 

where l is the vector of cluster labels for the T samples, and K is the 
number of clusters used in GMM. The function GMM(⋅, ⋅) denotes the 
standard GMM clustering algorithm. In this paper, the number of clus
ters K is adaptively determined based on the Bayesian Information 
Criterion (BIC) following the principle of marginal improvement. To 
ensure sufficient model fitting quality while avoiding an excessive 
number of clusters that would lead to insufficient data within each 
group, an improvement ratio threshold τ is first defined. The BIC 
improvement ratio between two consecutive values of K is formulated as 

ρ(K) = BIC(K) − BIC(K + 1)
BIC(K − 1) − BIC(K)

(6) 

where BIC(⋅) denotes the BIC value corresponding to a given number of 
clusters K. When the improvement ratio ρ(K) < τ, it indicates that 
further increasing model complexity yields only marginal reductions in 
BIC. In such cases, adding more clusters becomes unnecessary and may 
result in insufficient transferable data within each group.

Through this process, the degradation trend representation of each 
sample was classified into one of K classes, allowing each sample to be 
associated with a specific class that reflects its underlying engine 
degradation trend. If the categorization is meaningful, then at the level 
of a single engine, the assigned groups should evolve over flight cycles in 
a manner that simplifies into a few interpretable degradation patterns.

Step 3: Fine-tuning based on transferable snippet augmentation
Based on the degradation trend group presented by the test sample, a 

large number of similar samples can be retrieved from the training set. 
After obtaining the test sample, it was first passed through the repre
sentation module to generate a feature representation. This represen
tation was then compared with those of engine data snippets in the 
training set to determine the degradation trend group to which the test 
sample belongs. Once the group was identified, the training samples 
most similar to the test sample (referred to as the most similar group in 
Fig. 2(b)) are determined. All samples within this group were then used 
to fine-tune the TSAN, yielding the Engine-Specific TSAN.

During the initial training of the basic TSAN, the prediction module's 
initial hidden state was generated by the representation module. In the 
fine-tuning phase, both the degradation trend representation module 
and the prediction module were jointly trained to enhance the predictive 
performance of TSAN. The loss function is defined as follows: 

L 2 = MSE(y − ỹ) (7) 

Step 4: Differentiated degradation trend prediction based on TSAN
The trained Engine-Specific TSAN was used for the prediction task on 

test samples. First, the test data was segmented into samples using a 
sliding window, with each sample having a length of L+1 along the 
flight dimension, which was consistent with the input format of tradi
tional neural network-based prediction methods. Next, the degradation 
trend group corresponding to each test sample was determined. This was 
done by generating a degradation trend representation using the rep
resentation module trained in the basic model. The representation was 
clustered using a GMM, and once the trend group membership was 
identified, the fine-tuned TSAN corresponding to that trend group was 
used for prediction.

These steps effectively reduced the number of test engine samples 
required by leveraging the degradation trend group as the primary basis 
for model fine-tuning, thereby making full use of existing data from 
engines of the same type. The following section provides more detail on 
key modules of the overall process, including the basic TSAN architec
ture and the fine-tuned model structure.

2.2. Design of TSAN network structure

Fig. 3 shows the structure of the TSAN. For the time series data to be 
predicted xm, the input of a traditional prediction network is typically {
xm− L,xm− L+1,⋯,xm}, while the input to TSAN extends the length of the 
known data sliding window by a factor of two, expressed as {xm− 2L,

xm− 2L+1,⋯,xm}. For clarity, the data within the red solid wireframe area, 
{xm− 2L, xm− 2L+1, ⋯, xm− L− 1}, is denoted as Xl, and the data within the 
blue solid wireframe area is denoted as Xr.

Unlike the General Network structure of Separate GRU, TSAN in
cludes two modules: the representation module and the prediction 
module. The black box on the left side of Fig. 3 shows the main steps of 
the representation module in TSAN. This module outputs a set of data 
that effectively represents the degradation trend of the engine within the 
given sample. In the GRU model, the initial hidden state is typically set 
to a zero vector, and data from different time steps are sequentially fed 
into the GRU to update the hidden state variables. The final hidden state 
can then effectively express the overall information of the input sample. 
However, the GRU updates the hidden state progressively through for
ward propagation. To effectively represent the GRU's initial hidden 
state, additional networks are needed to integrate this information. 
Moreover, considering that data from different flight stages within the 
same flight have varying significance in revealing the engine's degra
dation trend, the importance of these stages differs. For example, during 
takeoff, the engine's sensor data more accurately represents its operating 
state due to the higher load, whereas during cruise, the data is less 
representative of the engine’s condition as the engine is not under sig
nificant stress. Therefore, in a data sample containing multiple flights, 
the data from different flights provides varying levels of insight into the 
degradation trend. To better represent the degradation trend of the 
samples, this paper designs the representation module of the TSAN, 
which integrates the importance of data from different flights within the 
same sample. First, the data Xr is input into two layers of Transformer 
encoders to obtain the transformed features, expressed as 

Z = TransformerEncoder(Xr) (8) 

The shape of Z is the same as that of Xr. The transformed feature Z is 
passed through a linear layer to generate a sequence of hidden variables 
H. Then, Z is passed through another linear layer, followed by a Softmax 
function to compute the attention weights w corresponding to each time 
step in H. This process is expressed as: 

H = Linear(Z) (9) 
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w = Softmax(Linear(Z) ) (10) 

Here, H denotes the hidden representations in the yellow area at the 
bottom left of Fig. 3, with shape L× Hs, where Hs is the size of each 
hidden vector. The attention weight vector w has a shape of 1× L, 
assigning importance to each time step. To obtain a hidden represen
tation that best captures the state of Xr, a weighted sum of H is computed 
using w, resulting in vector h2, which serves as the initial state for 
subsequent prediction: 

h2 = w × H (11) 

Next, the time series data Xl (red solid box) is input into a GRU pre
diction network identical to that used in the Single GRU method. The 
initial hidden state is set to a zero vector, and the GRU processes Xl to 
produce a hidden representation h1: 

h1 = GRU(Xl, z) (12) 

where z denotes a zero vector, and GRU(Xl, z) represents the gated 
recurrent unit operation.

The right black box in Fig. 3 shows the main steps of the prediction 
module in TSAN. First, for prediction, the model must predict unknown 
parameters. To this end, Xr is concatenated with xm along the time 
dimension to form the prediction input Xtmp (the purple solid box in 
Fig. 3): 

Xtmp = Concat(Xr,xm) (13) 

where Concat(Xr,xm) represents the concatenation operation along the 
time dimension. Then, the GRU used in the previous step is reused as the 
prediction network, but with its initial hidden state set to h2. The GRU 
processes Xtmp to produce the hidden representation hm for the time

stamp m: 

hm = GRU
(
Xtmp,h2

)
(14) 

Finally, hm is passed through a linear layer to reduce its dimension
ality from Hs to 1, producing the final prediction result ỹ: 

ỹ = Linear(hm) (15) 

Fig. 4 shows the structure of the fine-tuning and testing process of 
TSAN. After the basic network is trained, its representation module is 
retained to generate degradation trend representations for test samples. 
For each group-specific task, the representation and prediction modules 
are jointly optimized during fine-tuning and testing. The optimization 
uses backpropagation based on the difference between predicted and 
actual values. This process improves prediction accuracy within each 
group.

3. Experimental results

This section was organized into three main parts: data acquisition 
and analysis, experimental design, and analysis of experimental results. 
First, the data acquisition process and key parameters were introduced, 
followed by an analysis of the feasibility of the TSAN method. Next, the 
main hyperparameter settings and difference measurement methods 
used in the experiments were presented, with certain network archi
tecture parameters determined via grid search. Third, experiments were 
conducted from both the engine-level and trend-level perspectives, and 
the differences in results between these two approaches were analyzed. 
Finally, several baseline methods were applied to the same prediction 
task, and the results were compared and analyzed from multiple per
spectives to comprehensively evaluate the performance of the proposed 
method.

Fig. 3. Structure of the TSAN.
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3.1. Data acquisition, analysis, and preprocessing

This paper focuses on a specific type of engine and analyzed data 
collected during the takeoff phase of multiple consecutive flights that 
had not undergone an overhaul. To avoid introducing additional errors 
caused by missing data, the experimental dataset was constructed based 
on 18 engines with complete data from a commercial airline. The 
original data include Aircraft Communications Addressing and Report
ing System (ACARS) messages recorded during the takeoff phase, as well 
as relevant supporting information provided by the original equipment 
manufacturer (OEM). The boundary conditions of the numerical pro
cedure are defined from two aspects. First, the valid domain represents 
the physical operating envelope restricted to the Take-off and Climb 
phases. The valid operational domain of the model is defined by the 
parameter ranges captured within the historical training data. Second, 
the numerical boundary is determined by the statistical distribution of 
the dataset. A standardization scaler is fitted to learn the mean and 
variance of the training samples. This scaler is applied to normalize 
inputs, and any values deviating significantly from the statistical bounds 
of the training distribution are considered outside the valid boundary of 
the numerical procedure.

The prediction task involves seven relevant parameters. The target of 
this experiment is the smoothed Exhaust Gas Temperature Margin 
(EGTM), a value provided by the OEM. After production or overhaul, the 
OEM establishes a performance baseline for each engine and, by 
combining flight data (e.g., ACARS reports) with performance correc
tion models, calculates the EGTM. A larger EGTM indicates that the 

engine retains better performance and operates further from the exhaust 
gas temperature limit, whereas a smaller EGTM reflects performance 
deterioration and implies that the engine is approaching its operational 
limit. The covariates include six parameters: Sea Level Outside Air 
Temperature (TSLOAT), Altitude (ALT), Total Inlet Air Temperature 
(TTIAT), Mach Number (M), Fan Speed (N1), and Core Engine Speed (N2).

Under the assumption of quasi-steady-state operation, the selected 
covariates sufficiently capture the core thermodynamic relationships of 
the Brayton cycle. The combination of environmental variables (TSLOAT, 
ALT, TTIAT), flight condition (M), and engine operating-point variables 
(N1, N2) jointly characterizes the inlet boundary conditions, compressor 
loading, and turbine work balance that determine the steady-state gas 
path. The criticality of each parameter depends on its physical meaning 
within the gas path. Among all inputs, N2 and N1 are the most critical 
because they directly characterize the work balance of the core and fan 
modules and are therefore highly sensitive to reductions in compressor 
or turbine efficiency. In contrast, TTIAT, M, and ALT primarily describe 
the external operating conditions that define the thermodynamic 
boundaries of the cycle, and these variables determine the engine’s 
operating point. TSLOAT is identified as the least critical among the 
covariates because its thermodynamic information is largely embedded 
in TTIAT, while it remains necessary as an ambient reference that stabi
lizes cross-mission environmental variability. Constraining the learning 
process with these physically meaningful variables ensures that varia
tions in the predicted target parameter reflect actual component health 
changes rather than artifacts arising from shifts in operating conditions. 
Mathematically, these covariates restrict the network to learning within 

Fig. 4. The structure of the fine-tuning and testing process of TSAN.
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the physically admissible operating region defined by the engine gas 
path governing equations. For the n-th engine that has completed C 
flights, the data from the m-th flight is represented as xm = {EGTM,

TSLOAT,ALT,TTIAT ,M,N1,N2} and the input for the prediction task is 
represented as Xn = {x1,x2,⋯,xM}. In addition to the above parameters, 
this paper also collected the aircraft ID, engine position, engine serial 
number, and flight timestamp to support data differentiation, chrono
logical ordering, and hypothesis validation. Specifically, the engine se
rial number is used to distinguish different engines, the flight timestamp 
is used to determine the sequence of data from the same engine.

An initial analysis of the engine data used in the experiment was 
conducted from the perspectives of data volume, data distribution, and 
data differences. The results are shown in Table 2. In Table 2, No. in
dicates the serial number of the engine analyzed, and Cycle refers to the 
number of flight cycles used for each engine (i.e., the value of C 
mentioned earlier). For data distribution, the Mean and Variance 
represent the average and variability of EGTM values for each engine, 
respectively, while Outliers indicate the number of data points that 
deviate from the EGTM distribution based on the 3 σ rule. For data 
differences, MAE, RMSE, and Range denote the mean absolute error, 
root mean square error, and range of the differences between the raw 
and smoothed EGTM values, respectively. From Table 2, it can be 
observed that engines No. 12 and No. 18 have the largest data volumes, 
each with 1949 flight records. Engines No. 3 and No. 17 have the fewest 
data, with only 124 and 139 flights, respectively. The largest variances 
in EGTM are observed for engines No. 11 and No. 12, at 93.28913 and 
92.63143, respectively. Engine No. 10 contains the highest number of 
outliers, with a total of 9. In terms of the difference between raw and 
smoothed EGTM, engines No. 1 and No. 17 exhibit the highest MAE, 
engines No. 16 and No. 17 have the highest RMSE, and engines No. 12 
and No. 18 show the largest ranges.

For engine key performance prediction tasks, the basic principle is to 
construct samples using adjacent data and covariates to estimate the 
target performance parameters. In this paper, the internal parameter 
transformation process of the engine is simplified as a function f(⋅), 
where the input consists of environmental conditions and control pa
rameters. This process can be represented by the following function: 

EGTM = f(TSLOAT ,ALT,TTIAT,M,N1,N2, θ) (16) 

The first six input parameters are covariates, while θ represents the 
engine state inferred from other flights within the same sample. How
ever, different flights in a sample may vary in how well they represent 
the engine’s operational state. For instance, some flights only experience 
stable operating conditions and may not fully engage the engine's 

performance, making them less informative for state estimation. In 
contrast, certain flights may exhibit data patterns that more accurately 
reflect the engine’s true condition [30]. Before designing a trend-based 
prediction model, it is essential to first analyze the general patterns of 
engine data across different operational stages. This analysis involves 
both cross-engine comparisons of similar stages and intra-engine com
parisons across different stages. In the case of different engines, identi
fying similar operational stages suggests that certain patterns of engine 
behavior are consistent across engines and can be grouped for deeper 
exploration. Within the same engine, if data patterns differ significantly 
across stages, this indicates that modeling each stage separately may be 
more appropriate. The method proposed in this paper thus has the po
tential to yield more accurate predictions by accounting for these 
distinctions.

Fig. 5 shows the EGTM variation processes of the 13th engine 
(denoted as ②), which has fewer flight cycles, and the 15th engine 
(denoted as ①), which has more flight cycles. For ease of comparison, 
the smoothed EGTM data provided by the OEM is labeled as EGTM_S. 
Dynamic time warping (DTW) is used to measure the similarity between 
the overall EGTM_S sequence of the 13th engine and segments from the 
15th engine. After normalization, the two segments are represented as 
s1,s2. The similarity distance is computed as D =DDTW(s1, s2)/L̃, where ̃L 
denotes the average length of the two segments, and DDTW(⋅) is the DTW 
distance. The similarity score is then transformed into the interval [0,1]
using S = e− D. The results indicated that a segment of the smoothed 
EGTM sequence starting from the 1042nd flight cycle of the 15th engine 
shows a strong similarity to that of ②. According to the DTW-based 
similarity calculation, the two different segments achieved a similarity 
of 0.7024, indicating that their overall trends are similar. By extracting 
and plotting the corresponding EGTM_S segments of ② and ①, the 
resulting curve (denoted as ③) reveals a certain degree of similarity in 
the predictor variable across different engines, under the assumption 
that covariates are ignored.

Taking the 15th engine as the subject for analyzing different opera
tional stages of the same engine, ④, ⑤, and ⑥ in Fig. 5 show the EGTM 
and the smoothed EGTM variation processes of three segments, each 
consisting of 60 consecutive flight cycles. From the smoothed EGTM 
curves, it can be observed that although the overall EGTM exhibits a 
decreasing trend as the number of flight cycles increases, the rate and 
pattern of decline differ across stages. Through DTW-based similarity 
analysis, the similarity values between segments ④ and ⑤, ④ and ⑥, 
and ⑤ and ⑥ were 0.4612, 0.2927, and 0.3904, respectively, indicating 
relatively weak similarity. This observation suggests that while different 
engines may exhibit similar degradation patterns during certain usage 

Table 2 
Data quality assessment of the engine flight records.

No. Cycles Distribution Differences

Mean Variance Outliers MAE RMSE Range

1 443 68.68447 41.64013 4 3.49704 4.45658 23.81290
2 343 49.68660 41.15185 2 2.49620 3.61309 31.61390
3 124 53.14160 22.58389 1 2.97301 3.77809 12.36100
4 842 97.43781 25.19950 3 2.38380 3.27426 28.25040
5 378 57.80721 61.44141 4 2.65875 4.08617 30.80760
6 205 35.00245 70.81926 0 2.86774 3.96546 18.10700
7 214 80.89153 42.60896 0 3.18460 4.53795 21.47920
8 957 68.53910 63.63548 1 2.71414 3.55240 26.57700
9 162 64.28829 14.24542 1 2.14122 2.78944 12.95200
10 1716 68.10182 69.96648 9 2.63775 3.47804 35.42710
11 1716 69.88849 93.28319 2 2.55778 3.35166 33.03610
12 1949 62.15226 92.63143 3 2.72129 4.16601 88.81550
13 479 46.68781 35.97099 4 2.49589 3.14981 10.41510
14 722 57.76647 45.11239 4 2.65529 3.39978 13.73480
15 1566 59.18808 65.95846 2 2.43007 3.06992 14.87840
16 381 65.15077 59.99903 4 3.09803 4.89189 43.11770
17 139 79.06602 57.97307 0 3.48187 4.61635 20.99880
18 1949 68.03994 70.26179 4 2.70266 4.27079 91.05300
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phases, distinct stages of the same engine can display divergent per
formance evolution. Therefore, the approach proposed in this paper is 
feasible for predicting key engine parameters.

Before being fed into the neural network, the raw data underwent a 
series of preprocessing procedures, including data partitioning, stan
dardization, and sliding window segmentation. The detailed process is 
described as follows: 

a) The dataset was divided according to engine identifiers, and the data 
corresponding to each individual engine were arranged in chrono
logical order.

b) For each engine, a certain proportion of the time-series data was 
allocated to the training set, with the remaining portion reserved for 
testing. This ensured a strict separation between the training and test 
sets and effectively prevented information leakage.

c) All training data were then aggregated, and a scaler was fitted based 
on their statistical properties to learn the parameters required for 
standardization.

d) The fitted scaler, derived from the training data distribution, was 
subsequently applied to both the training and test sets to ensure 
consistent data scaling.

e) Finally, the sliding window technique was employed separately on 
the training and test data of each engine to construct the final input 
datasets for the neural network.

3.2. Experimental setups

To minimize the impact of hyperparameter differences among the 
compared models, this paper adopted identical parameter settings for 
the shared components across different networks in the comparison 
experiments. The detailed hyperparameter configurations are catego
rized as follows:

a) Network architecture.
Specifically, once the GRU hyperparameters were determined, these 

settings were consistently applied to all subsequent structures involving 
the GRU module. Based on the hyperparameter tuning results, the GRU 
network was configured with 32 hidden units and 1 layer.

b) Training strategy.
The models were trained using the Adam optimizer with an initial 

learning rate of 0.0001. The batch size was uniformly set to 512, and the 
maximum number of training epochs was set to 1600. To prevent 
overfitting and reduce unnecessary training, an early stopping strategy 
was employed, where training was terminated if the validation loss did 
not decrease for 20 consecutive epochs.

c) Data partitioning and prediction setup.
The prediction length L was consistently set to 10. For sequential 

prediction, a sliding window approach with a single-step stride was 
utilized. The size of the sliding window was set to 2L + 1, i.e., 21.

d) GMM clustering configuration
In the GMM clustering module, numerical stability in the high- 

Fig. 5. Comparison of EGTM change processes: multiple engines vs. different stages of a single engine.
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dimensional space was ensured by restricting the covariance matrix to 
be diagonal, with a regularization term of 10− 4 added to the diagonal 
elements. The convergence threshold was set to 10− 3, with the 
maximum number of iterations limited to 200. To avoid local optima, 
the number of random initializations was set to 10. The number of 
clusters K was varied from 1 to 20, and the parameter τ was set to 0.5.

e) Evaluation protocol.
For robust performance evaluation, each method was independently 

tested 10 times, and the average results were reported.
The average prediction from 10 repeated experiments is used as the 

final prediction result of each method, denoted as ̃y. The error between ̃y 
and the ground truth y is evaluated using three metrics: MAE, MRE, and 
RMSE, which are calculated as follows: 

MAE(y, ỹ) =
1
n
∑n

i=1
|yi − ỹi| (17) 

MRE(y, ỹ) =
1
n
∑n

i=1

⃒
⃒
⃒
⃒
yi − ỹi

yi

⃒
⃒
⃒
⃒ (18) 

RMSE(y, ỹ) =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(yi − ỹi)

2
√

(19) 

Here, i denotes the index of an element in the vector, e.g., yi refers to the 
i-th element of the vector y; n represents the total number of elements in 
the predicted and actual value vectors.

3.3. Benchmark experiments using GRU

To refine the benchmark model, repeated experiments were con
ducted with different combinations of hidden size, number of layers, and 
learning rate. The optimal hyperparameter configuration was deter
mined based on the observed performance.

Since TSAN is built upon a GRU-based structure in the prediction 
module, this section begins with experiments using a single GRU model. 
A grid search was conducted over various hyperparameter combina
tions, and each configuration was repeated 10 times. The evaluation was 
based on the average MAE, MRE, and RMSE metrics across 18 engines to 
determine the optimal hyperparameter setting. The main hyper
parameters of the GRU model include the hidden layer size and the 
number of layers, while the key training parameters include the learning 
rate and the number of training epochs. Specifically, the number of 
layers was set to 1 or 2, the hidden layer size to 32 or 64, and the 
learning rate was chosen from 0.01, 0.001, or 0.0001. As shown in 
Table 3, the best performance among all combinations was achieved 
when the number of layers was 1, the hidden size was 32, and the 
learning rate was 0.0001. Under this configuration, the model attained 
an average MAE of 0.02895, MRE of 0.00057, and RMSE of 0.04023.

Fig. 6(a) shows the change in the loss during the training process of 
the first experiment using this method. As shown in the figure, training 
terminated early before reaching 1250 epochs, indicating that the 

network was able to converge effectively. Table 4 presents the experi
mental results for each of the 18 engines under the optimal hyper
parameter settings identified through the grid search. As shown in the 
table, the performance of this method varies considerably across 
different engines, indicating relatively high volatility. To investigate the 
relationship between the amount of engine data and the imputation 
performance, engines were sorted in descending order based on data 
volume. Fig. 6(b) displays the ranking of performance metrics as engine 
data decreases. Along the x-axis of the figure, engine data volume de
creases from left to right. It can be observed that the engines on the left 
side of the figure generally rank higher in performance, while those on 
the right side tend to rank lower. Among them, the 18th, 10th, and 11th 
engines with larger data volumes achieve the best results, whereas the 
6th, 2nd, and 3rd engines with relatively less data show poorer 
performance.

3.4. Comparison of results from the engine and trend perspectives

To address the significant variation in operating conditions across 
different engines, Separate GRU was adopted, in which an individual 
GRU model was created for each engine. Initially, a base network was 
trained using data from all engines. Subsequently, each model was fine- 
tuned using the corresponding engine's individual data. The fine-tuned 
models were then used to predict the respective engines. The results 
are presented in Table 5.

The experimental results of Single GRU were compared with those of 
Separate GRU. Although the average results across the three evaluation 
metrics show only minor differences between the two approaches, a 
more detailed comparison from the perspective of individual engines 
reveals distinct patterns. When analyzing the MAE metric of the six 
engines with relatively smaller data volumes, it can be observed that 
although Separate GRU outperforms Single GRU on certain engines (e. 
g., Engines No. 3, 6, and 17), the overall improvement of Separate GRU 
among these six engines is only 0.98% on average. Similar trends are 
observed for the other evaluation metrics as well. This shows that for 
engines with limited data, fine-tuning provides only marginal perfor
mance gains. However, Separate GRU exhibits a significant reduction in 
the standard deviations of all three metrics across all 18 engines, indi
cating that this method yields more stable and consistent results.

Next, experiments were conducted from the perspective of trend 
representation. The proposed TSAN method was used to predict key gas 
path performance parameters of aviation engines. First, since the 
hyperparameter α is introduced in the trend representation module to 
control the parameter setting of the trend representation module, a grid 
search was conducted to determine the optimal value of this hyper
parameter. In this study, α was varied from 0 to 1 with an interval of 0.2, 
and each configuration was evaluated through 10 repeated experiments. 
As shown in Table 6, the optimal value of α is 0.8, under which the 
averaged results of MAE, MRE, and RMSE across the repeated experi
ments are 0.01853, 0.00036, and 0.02651, respectively. All three met
rics achieved their best performance at this setting. In addition, Table 6
also shows that when α is 0 or 1, the results are worse than when the 
intermediate value is taken. This indicates that the network achieves 
better results only when the two parts of the trend representation 
module work together.

For the first experiment, Fig. 7 shows the BIC values for different 
numbers of clusters K, and the optimal number of clusters in this 
experiment is 7. To quantitatively assess the classification quality, the 
posterior probability for each sample in the test set was calculated based 
on the optimal K value derived from the GMM. In an unsupervised 
context, the mean of these maximum posterior probabilities serves as the 
metric for classification accuracy, while its complement represents the 
margin of error. Across 10 independent experiments, an average clus
tering confidence of 99.13% was achieved, corresponding to a margin of 
error of 0.87%. These results indicate that the engine degradation trends 
are distinct and the clusters are highly separable, confirming the 

Table 3 
Performance of GRU benchmark with varying hyperparameters.

Layer Hidden size Learning rate MAE MRE RMSE

1 32 0.0001 0.02895 0.00057 0.04023
1 32 0.001 0.03587 0.00067 0.04762
1 32 0.01 0.05314 0.00107 0.06901
1 64 0.0001 0.03381 0.00065 0.04652
1 64 0.001 0.04276 0.00084 0.06111
1 64 0.01 0.05755 0.00113 0.07433
2 32 0.0001 0.03546 0.00068 0.05025
2 32 0.001 0.04419 0.00087 0.06353
2 32 0.01 0.06597 0.00129 0.09182
2 64 0.0001 0.04803 0.00093 0.06805
2 64 0.001 0.06355 0.00129 0.08918
2 64 0.01 0.05462 0.00103 0.08102
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reliability of the source data matching process.
Although the TSAN identified 7 clusters in the first experiment, 

several clusters correspond to similar degradation behaviors from an 
engineering perspective. Therefore, to interpret the trend groups from 
an engineering perspective, three representative groups with clear cor
respondence are selected for analysis. Fig. 8 displays 30 representative 
raw EGTM trajectories selected from the identified clusters. The distinct 
EGTM ranges and temporal patterns show that the model effectively 
separates the data according to different stages of engine performance 
deterioration: 

a) Early-Life Phase (Fig. 8(a)) This group maintains a high EGTM level 
(approximately 90–110 ◦C), indicating that the engine is in a mildly 
degraded condition. In this stage, compressor and turbine 

Fig. 6. Experimental processes and results of Single GRU. (a) Relationship between loss and epoch during training; (b) Relationship between engine data volume and 
prediction performance ranking.

Table 4 
Experimental results of Single GRU.

No. Total 
cycles

Testing 
cycles

MAE MRE RMSE

1 443 111 0.01279 0.00020 0.01822
2 343 86 0.03331 0.00084 0.04633
3 124 31 0.03753 0.00076 0.04462
4 842 211 0.04021 0.00043 0.05752
5 378 95 0.01394 0.00028 0.01917
6 205 52 0.12181 0.00294 0.19694
7 214 54 0.03168 0.00041 0.03856
8 957 240 0.02862 0.00043 0.03933
9 162 41 0.01594 0.00025 0.01964
10 1716 429 0.00959 0.00016 0.01252
11 1716 429 0.01003 0.00017 0.01323
12 1949 488 0.01382 0.00027 0.01883
13 479 120 0.05608 0.00152 0.06985
14 722 181 0.02388 0.00052 0.03851
15 1566 392 0.01549 0.00032 0.02337
16 381 96 0.01086 0.00018 0.01368
17 139 35 0.03675 0.00046 0.04163
18 1949 488 0.00873 0.00014 0.01225
AVG ±

STD
\ \ 0.02895 ±

0.02680
0.00057 ±
0.00068

0.04023 ±
0.04262

Table 5 
Experimental results of Separate GRU.

No. Total 
cycles

Testing 
cycles

MAE MRE RMSE

1 443 111 0.01533 0.00024 0.02105
2 343 86 0.03731 0.00091 0.05030
3 124 31 0.02471 0.00049 0.02726
4 842 211 0.03820 0.00043 0.07692
5 378 95 0.01738 0.00035 0.02260
6 205 52 0.07945 0.00182 0.09917
7 214 54 0.03236 0.00042 0.04339
8 957 240 0.06723 0.00099 0.08341
9 162 41 0.02549 0.00041 0.03305
10 1716 429 0.01151 0.00020 0.01589
11 1716 429 0.01566 0.00027 0.02129
12 1949 488 0.01630 0.00032 0.02227
13 479 120 0.05181 0.00143 0.06783
14 722 181 0.02498 0.00055 0.03801
15 1566 392 0.01719 0.00036 0.02584
16 381 96 0.01287 0.00022 0.01781
17 139 35 0.03270 0.00041 0.04183
18 1949 488 0.01059 0.00018 0.01590
AVG ±

STD
\ \ 0.02950 ±

0.01948
0.00056 ±
0.00045

0.04021 ±
0.02548

Table 6 
Results of repeated experiments under different values of α.

Average 
metric

α

0 0.2 0.4 0.6 0.8 1

MAE 3.57754 0.03936 0.0237 0.02480 0.01853 0.08846
MRE 0.06453 0.00075 0.00045 0.00048 0.00036 0.00165
RMSE 4.58084 0.05046 0.03329 0.03309 0.02651 0.09980

Fig. 7. Relationship between K and BIC in GMM clustering in the 
first experiment.
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components preserve high aerodynamic and thermal efficiency. As a 
result, the EGT remains well below its operational limit, producing a 
sufficiently large temperature margin. The trajectories fluctuate 
mildly but consistently stay in the high-EGTM region.

b) Mid-Life Phase (Fig. 8(b)) The EGTM values narrow to a moderate 
range (60–80 ◦C), suggesting that noticeable degradation has started 
to accumulate. Typical engineering mechanisms include early-stage 
compressor blade erosion, minor fouling, and increased tip clear
ance, all of which reduce the isentropic efficiency. These effects 
elevate the EGT and reduce the available temperature margin. The 
trajectories exhibit moderate variability, consistent with engines 
undergoing progressive deterioration.

c) Late-Life Phase (Fig. 8(c)) In this cluster, the EGTM drops signifi
cantly (below 60 ◦C), reflecting near end-of-life conditions. Sub
stantial compressor fouling, turbine efficiency losses, or flow-path 
deterioration increase the thermal load, pushing the EGT closer to its 
limit. To maintain the required fan speed, the control system typi
cally compensates with higher fuel flow, further elevating EGT and 
causing the EGTM to remain at the lowest level among the groups.

Table 7 presents the experimental results of TSAN, which outperform 
those of the Separate GRU. The MAE, MRE, and RMSE decreased to 
0.01853, 0.00036, and 0.02651, respectively. Compared with the best 
results of the baseline method across the three metrics, the proposed 

method achieved reductions of 36.0%, 35.7%, and 34.1% in MAE, MRE, 
and RMSE, respectively. Overall, TSAN reduces the standard deviations 
of MAE, MRE, and RMSE by 18.0%, 11.1%, and 15.2%, respectively, 
showing clearly improved stability over Separate GRU. From the 
perspective of MAE across different engines, TSAN performed slightly 
worse than the Single GRU only on Engine 8, with a 4.8% degradation, 
which is not significant. In terms of MRE, TSAN was inferior to the Single 
GRU only on Engine 8 by 2.3%, also insignificant. Regarding RMSE, 
TSAN showed a 4.8% decrease in performance compared to the Separate 
GRU on Engine 3, a 0.5% decrease compared to the Single GRU on 
Engine 8, and decreases of 4.9% and 8.0% compared to the Single GRU 
and Separate GRU, respectively, on Engine 13, all of which are relatively 
minor differences. It is worth noting that, over ten repeated experiments, 
the average number of fine-tuned models was 8.4, representing a 53% 
reduction compared with fine-tuning from the perspective of individual 
engines.

Since the TSAN utilizes unsupervised learning to generate trend sets 
adaptively based on data distributions, there are no fixed, pre-defined 
class labels across different experiments. To verify the validity of these 
dynamically generated clusters and the necessity of the separate fine- 
tuning strategy, a comparative “mismatch” experiment was conducted. 
In this experiment, instead of assigning the test samples to their correctly 
identified trend set models, a prediction network was randomly selected 
from the pool of fine-tuned models. The experimental results yielded an 
MAE of 0.05223, MRE of 0.00094, and RMSE of 0.06667. These errors 
remain markedly higher than the levels attained by the TSAN as shown 
in Table 6.

3.5. Comparative experiments

In addition to the baseline results discussed earlier, this study 
employed Transformer [31], Informer [32], and Multivariate Time Se
ries Forecasting with Graph Neural Networks (MTGNN) [33] as 
comparative methods to evaluate the performance of TSAN. Further
more, to verify whether its effectiveness stems from the core assump
tions proposed in this paper rather than the advantages of the network 
architecture itself, an additional comparator, TSAN-NC, was con
structed. This method shares the same network architecture as TSAN but 
does not distinguish sample groups during training and does not perform 
fine-tuning. For stability of the findings, each of the methods was 
executed 10 times, and the prediction outputs were averaged.

3.5.1. Comparison of prediction metrics
Table 8 summarizes the average results of the proposed and baseline 

methods across the three evaluation metrics. As illustrated, TSAN attains 
the best overall performance, whereas Informer yields the weakest 

Fig. 8. Visualization of raw EGTM trajectories for the three identified trend groups. The distinct EGTM levels and temporal patterns reflect different stages of engine 
degradation: (a) early-life, (b) mid-life, and (c) late-life.

Table 7 
Experimental results of TSAN.

No. Total 
cycles

Testing 
cycles

MAE MRE RMSE

1 443 111 0.00829 0.00013 0.01107
2 343 86 0.02092 0.00052 0.03104
3 124 31 0.02040 0.00040 0.02856
4 842 211 0.01428 0.00016 0.03433
5 378 95 0.00856 0.00017 0.01127
6 205 52 0.06290 0.00141 0.08270
7 214 54 0.02199 0.00028 0.03122
8 957 240 0.03000 0.00044 0.03951
9 162 41 0.01237 0.00020 0.01573
10 1716 429 0.00543 0.00009 0.00721
11 1716 429 0.00597 0.00010 0.00785
12 1949 488 0.00869 0.00017 0.01195
13 479 120 0.05174 0.00140 0.07329
14 722 181 0.01377 0.00030 0.02262
15 1566 392 0.01163 0.00024 0.01906
16 381 96 0.00605 0.00010 0.00774
17 139 35 0.02494 0.00031 0.03363
18 1949 488 0.00567 0.00009 0.00845
AVG ±

STD
\ \ 0.01853 ±

0.01598
0.00036 ±
0.00040

0.02651 ±
0.02161
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results. It is worth noting that TSAN outperforms TSAN-NC, achieving 
reductions of 28.6%, 30.8%, and 23.4% in MAE, MRE, and RMSE, 

respectively. This further validates that the superiority of TSAN pri
marily originates from its underlying assumptions rather than its 

Table 8 
Comparison of experimental results of 7 methods.

Average metric Method

Single GRU Separate GRU TSAN-NC TSAN Transformer Informer MTGNN

MAE 0.02895 0.02950 0.02597 0.01853 0.19199 0.40826 0.09393
MRE 0.00057 0.00056 0.00052 0.00036 0.00347 0.00797 0.00181
RMSE 0.04023 0.04021 0.03462 0.02651 0.25443 0.55804 0.12728

Fig. 9. MAE, MRE, and RMSE of prediction errors for each engine.
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network structure alone.
Fig. 9 compares the predictive performance of the 7 methods across 

different engines under 3 evaluation metrics. Transformer and Informer 
models perform poorly on most engines, whereas MTGNN shows rela
tively better results. To further quantify the improvement of TSAN, 
particularly for engines with limited data, the results on 6 engines with 
the smallest data volumes among the 18 engines were selected and 
evaluated on three metrics. The percentage reductions in loss relative to 
Single GRU were computed and then averaged. The results show that for 
engines No. 3, 17, 9, 6, 7, and 2, the engine-level fine-tuning approach 
reduced the loss on MAE by 0.98%, while TSAN achieved a 36.05% 
reduction, representing an improvement of 35.07% over the fine-tuning 
baseline. For MRE, the baseline method improved by 1.62%, whereas 
TSAN achieved a 36.97% reduction, outperforming the baseline by 
35.35%. In terms of RMSE, the baseline method reduced the loss by 
0.22%, while TSAN achieved a 30.86% improvement, corresponding to 
a 31.08% enhancement over the engine-level fine-tuning method.

The results of each engine on the three metrics were normalized to 
evaluate dispersion and potential outliers. They were then visualized 
with box plots in Fig. 10. To facilitate comparison among different 
methods, only the range of 0 to 0.2 within the normalized interval of 0 to 
1 is displayed. In terms of the MAE metric, TSAN achieves the lowest 
median value along with a shorter interquartile range and whisker 
length, indicating not only superior overall prediction accuracy but also 
greater stability across individual engines. Single GRU, Separate GRU, 
and TSAN-NC show similar yet relatively inferior performance on this 
metric, while Transformer, Informer, and MTGNN appear less suitable 
for this task. Although all methods exhibit certain outliers, TSAN shows 
the smallest magnitude of outliers, further showing its robustness. For 
the MRE and RMSE metrics, TSAN also achieves consistently favorable 
results. Overall, these findings indicate that TSAN outperforms the other 
methods in both prediction accuracy and stability across individual 
engines.

Fig. 11 shows the prediction results on the test set for the engines 
with the smallest and largest amounts of data, obtained using the seven 
methods described above. The differences between the 10-run average 
predictions and the ground truth are small relative to the fluctuations in 

the original values. Therefore, these differences are amplified by a factor 
of 80 to enhance visual comparability. The transformation is defined as: 

ỹs = y+80 ×
(
ỹavg

− y
)

(20) 

where ỹs denotes the prediction results plotted in Fig. 11, and ̃yavg is the 
mean prediction over 10 repeated runs for each method. In addition, 
since the prediction values of the Informer model exhibit excessively 
large deviations in some cases, the range of the plotted results has been 
truncated. As a result, the prediction points of certain methods may not 
appear within the displayed region of the figure.

Fig. 11(a) presents the experimental results for Engine 3, which has a 
relatively limited amount of data. In this figure, Informer and MTGNN 
exhibit predictions that deviate significantly from the ground truth. 
Although the Transformer shows smaller deviations overall, its pre
dictions display consistent minor biases across most points. The Single 
GRU and TSAN-NC perform well on the majority of points, though both 
exhibit large deviations at a few specific instances. The Separate GRU, in 
contrast, shows no large deviations but maintains small systematic 
biases throughout. These observations indicate that engine-level fine- 
tuning can help mitigate large prediction errors, although its overall 
accuracy remains inferior to that of TSAN.

Fig. 11(b) presents the prediction results for Engine 12, which has a 
relatively large amount of data. Due to the high number of cycles in the 
test set, making it difficult to visualize the overall data distribution, only 
the first 30 flights are shown at the bottom for clearer comparison. As 
shown in the figure, the overall performance of Informer remains poor, 
while MTGNN and Transformer show noticeable improvements. It can 
be observed that, in most cases, the deviations among the first four 
methods are difficult to distinguish. For engines with larger sample 
sizes, the differences in prediction deviations are less pronounced than 
those observed for engines with smaller sample sizes.

3.5.2. Computational cost and analysis of system usability
To comprehensively evaluate the resource consumption of different 

methods, the experiments were conducted on an Ubuntu 22.04 oper
ating system with the following hardware configuration: an Intel(R) 
Core (TM) i7-9700 K CPU (8 cores, 8 threads), an NVIDIA RTX 4060Ti 
GPU (16 GB VRAM), and 16 GB of memory. The software environment 
consisted of Python 3.10 and PyTorch 2.1.1. Table 9 presents the 
training and testing durations of each method, where the testing dura
tion represents the average result over 10 repeated runs. As shown in 
Table 9, TSAN requires a relatively longer inference time, and its 
training time does not exhibit a significant advantage.

Nevertheless, the TSAN is not intended for onboard deployment but 
rather for implementation within an airline’s computing center. This 
design choice is based on the following considerations: (1) The predic
tive models for key performance parameters rely on data from multiple 
engines, which can be conveniently accessed and integrated within a 
data center environment. (2) The model training process can utilize the 
computing center’s idle resources or be scheduled during off-peak pe
riods through automated tasks, thereby avoiding interference with 
aircraft maintenance operations between landing and takeoff. (3) 
Furthermore, since multi-step degradation trajectories are obtained 
through recursive single-step prediction, performing such iterative 
predictions at the computing center can further ensure stable computing 
resources and improve consistency over an extended prediction range. 
Therefore, in practical applications, training time is not regarded as a 
critical factor. Although TSAN requires relatively more time for infer
ence, its testing duration remains acceptable compared with the turn
around time between flight landing and subsequent departure.

4. Conclusion

Gas path performance parameters reflect the health condition of an 
engine. Therefore, accurately predicting their degradation trends is Fig. 10. Box chart of 7 methods under different metrics.
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important for maintenance decision-making. However, current engine- 
specific modeling faces two major limitations: it requires building and 
maintaining a large number of individual models, and it often performs 
poorly on new engines due to limited historical data. To address these 
challenges, this paper proposes a Transferable Snippet Augmentation 
Network (TSAN), aimed at solving the prediction problem within a 
specific type of engine. By introducing a degradation trend representa
tion module, the proposed method fine-tunes a unified base model from 
the perspective of degradation trends, thereby providing a scalable and 
practically deployable alternative to conventional engine-specific 
modeling schemes.

From an engineering implementation perspective, the proposed 

Fig. 11. Predictive performance of 7 models on 2 typical engines.

Table 9 
Time consumption of different methods.

Method Training time(s) Testing time (s)

Single GRU 112.8 14.8
Separate GRU 1000.3 12.7
TSAN-NC 132.3 16.0
TSAN 238.2 51.3
Transformer 434.4 14.9
Informer 85.4 23.1
MTGNN 283.4 24.7
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method reduces the modeling and maintenance burden. Instead of 
maintaining a separate model for each engine, TSAN fine-tunes models 
based on a limited number of degradation-trend groups. In the experi
ments, the average number of fine-tuned models was 8.4, representing a 
53% reduction compared with engine-specific fine-tuning. This reduc
tion indicates that the proposed method enables a more efficient 
deployment strategy in industrial predicting systems, especially when a 
large number of engines must be monitored simultaneously.

In terms of predictive performance and robustness, TSAN consis
tently outperforms existing predicting methods under the experimental 
settings in this study. Compared with the Single GRU, Separate GRU, 
Transformer, Informer, and MTGNN models, TSAN improves MAE, 
MRE, and RMSE by 36.0%, 35.7%, and 34.1%, respectively. While 
engine-specific fine-tuning improves stability to some extent, TSAN 
achieves greater robustness, reducing the standard deviations of MAE, 
MRE, and RMSE by 18.0%, 11.1%, and 15.2%, respectively. Moreover, 
engines with scarce historical records tend to exhibit larger performance 
differences across predicting methods, while engines with more abun
dant data show relatively less variation. This observation indicates that 
small-sample engines may provide greater discriminative power and 
that TSAN appears to perform favorably in such data-limited scenarios 
in this study.

Further analysis in this study reveals that the performance 
improvement is primarily attributable to the accurate identification of 
degradation trend groups rather than increased model complexity. Re
sults from the TSAN-NC ablation show that removing the trend repre
sentation module leads to a significant degradation in performance. 
Beyond the structural ablation, an implicit ablation was conducted by 
setting the weights of individual loss components to 0 or 1. The resulting 
performance degradation verifies that every module plays a necessary 
and irreplaceable role in the overall architecture. In addition, by 
comparing the two transfer perspectives, the results suggest that, in 
industrial equipment predicting, the degradation status of the equip
ment may have a more pronounced impact on prediction effectiveness 
than its individual variability.

Based on the above findings, while the proposed TSAN show 
improved accuracy, robustness, and deployment efficiency in data- 
limited scenarios, several issues revealed by the experimental results 
warrant further investigation. First, integrating mechanistic models to 
refine the physical interpretation of different trend groups may enable a 
more informed reassessment of the data partitioning strategy and clarify 
the origin of category-specific differences in real operating conditions. 
Second, the consistently inferior performance on engines 6 and 13 across 
multiple methods suggests potential factors such as sensor noise, 
abnormal readings, limited data coverage, or distributional shifts. As 
more detailed sensor-level information becomes available in future 
datasets, these hypotheses can be examined more thoroughly to identify 
the factors that truly drive the observed performance degradation. 
Third, while the current evaluation is limited to intra-type generaliza
tion, the proposed TSAN has the potential to extend to cross-type sce
narios, as its degradation trend representations capture underlying 
physical degradation mechanisms shared across different aero-engine 
types. However, cross-type prediction remains challenging due to het
erogeneous sensor configurations that cause semantic mismatches in 
inputs, as well as differences in engine design and materials that lead to 
distinct degradation trajectories and distribution shifts. These limita
tions warrant further investigation in future studies.
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