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Highlights  Abstract  

▪ The method fully considers the influence of 

individual differences among engines. 

▪ The proposed model has high prediction 

accuracy and good generalization. 

▪ The method has higher accuracy and better 

robustness compared with other methods. 

 The remaining useful life (RUL) prediction of aero-engine is of great 

significance for flight safety. The existing methods do not fully consider 

the influence of the individual differences of engines on the degradation 

process. And these methods are difficult to extract key features in highly 

coupled data, resulting in low prediction accuracy. To solve the 

problems, an adaptive prediction method for individual differences of 

engines is proposed. Firstly, the position of the First Prediction Time 

(FPT) is determined by calculating the maximum volatility value of the 

Health Indicator (HI) curve, so as to obtain the accurate RUL label. On 

this basis, the improved Temporal Convolutional Network (TCN) model 

is used to capture both local degradation patterns and global features. 

Then enter the bidirectional cyclic network to model the temporal 

features in the forward and backward directions. Finally, the accurate 

RUL value is obtained through the deep regression network. Compared 

with the existing methods, the proposed method has advantages in both 

prediction accuracy and robustness. 

  Keywords 

This is an open access article under the CC BY license 

(https://creativecommons.org/licenses/by/4.0/)  

remaining useful life, aero-engine, adaptive prediction 

1. Introduction 

As a key component of an aircraft, the performance of an aero-

engine directly affects the working condition and safety of the 

aircraft. The structure and working environment of aero-engine 

are relatively complicated, and it is very prone to performance 

degradation and flight failure [1]. To reduce the safety risk and 

economic loss, aero-engine should adopt the Prognostics and 

Health Management (PHM) technology to improve the stability 

and reliability [2]. As one of the core steps in PHM technology, 

RUL prediction is of great significance in developing 

maintenance strategies, extending service life and ensuring 

flight safety. Through accurate RUL prediction, maintenance 

can be arranged more scientifically to maximize the 

performance potential. 

The prediction methods of RUL are mainly divided into 

physical model-based and data-driven prediction methods [3]. 

The first method is to build the corresponding model according 

to the failure mechanism and structural characteristics, and the 

quality of the physical model directly affects the prediction 

effect. However, because of the high precision and complexity 

of aero-engine, the accurate physical models are difficult to be 

constructed, resulting in relatively low prediction accuracy. 

Therefore, the development space of this method is relatively 
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limited. In comparison, the second method extracts and learns 

the feature information, and constructs the relationship between 

the features and RUL, which can achieve accurate RUL 

prediction without complex physical modelling. Therefore, this 

method has become one of the most effective methods of RUL 

prediction.  

Literature [4] introduces a location-sensitive self-attention 

unit, which enhances the perception of local context by focusing 

on the location relationship of the input data, and employs  

a kind of memory network for the RUL prediction of the 

potential features on different time scales. Literature [5] 

proposes a new RUL prediction method for aero-engine based 

on multi-scale feature extractor, and the transformer model is 

adopted to further capture features. Finally, the effectiveness of 

this method is verified through experiments. Literature [6] 

proposes an interpretable prediction method under complex 

operating conditions, and the effectiveness and superiority are 

proved through experiments. To improve the prediction 

accuracy in complex scenarios, Literature [7] adopts  

a prediction model in a dual-path framework to enhance the 

capture ability, and proposes a fusion mechanism to overcome 

the overfitting and computationally intensive problems of the 

deep complex model. Literature [8] designs an attention 

mechanism to extract feature information, and the method is 

demonstrated to significantly outperform other models in RUL 

prediction. Literature [9] uses multi-sensors to simulate datasets 

under four different operating environments and failure 

mechanisms, and investigates the effects of different models in 

RUL prediction, as well as their capabilities and limitations. 

Literature [10] proposes a prediction method based on CNN-

LSTM-Attention model, which is experimentally demonstrated 

to have high accuracy and reliability. Literature [11] obtains 

high RUL prediction accuracy by optimizing the parameter 

selection and verifies the advantages of the method with C-

MAPSS dataset. Literature [12] adopts a model structure aiming 

at effective RUL prediction, and proposes the dynamic 

prediction maintenance strategy. Finally, the experiments 

indicates that this strategy has good performance compared with 

the existing maintenance strategies. Literature [13] proposes  

a new RUL prediction framework to fully utilize the deep 

feature information in the original data. The experiments 

indicates that this method has good prediction performance. 

Literature [14] proposes Neural Ordinary Differential Equations 

(NODEs) for machinery prognostics tasks, which use neural 

networks to define differential equations. And the performance 

of different networks is compared by using C-MAPSS dataset. 

The results shows that NODEs can compete with state-of-the-

art machinery prognostics methods. To address the RUL 

prediction problem, literature [15] proposes a Deep Equilibrium 

Model (DEM) that effectively captures sensor information by 

combining convolutional layers and a novel dual-input 

interconnection mechanism, and enhances regularization and 

performance by using Monte Carlo Dropout (MCD) technique. 

Experimental results show that the proposed method can 

significantly improve the RUL prediction accuracy.  

The above-mentioned methods adopt a uniform initial value 

and change rule the RUL labelling for aero-engines, which do 

not fully take into account the influence of the individual 

differences among different engines on the degradation process. 

And the original degradation curve is often over-smoothed, 

losing some intrinsic degradation information, which makes the 

RUL labels of the original data inaccurate and seriously affects 

the prediction. Meanwhile, the flight parameters are highly 

coupled time-series data, and it is difficult for the current 

method to extract the temporal features and long-term 

dependencies, which leads to the low prediction accuracy. To 

realize accurate RUL prediction, an adaptive prediction method 

for individual differences of engines is proposed. Firstly, PCA 

algorithm is adopted to lower the dimensionality of the original 

data, and the filtering method based on wavelet transform is 

utilized to remove the noise interference. Then, the position of 

the FPT is determined by calculating the maximum volatility 

value of the HI curve, so as to obtain the accurate RUL label. 

On this basis, the improved TCN model is used to capture both 

local degradation patterns and global features. Then enter the 

bidirectional cyclic network to model the temporal features in 

the forward and backward directions, so as to further enhance 

the extraction of feature information. Finally, the gradual 

dimensionality reduction is carried out by the deep regression 

network, and the predicted RUL values are obtained by a single 

neuron output layer, thereby achieving the end-to-end mapping 

from multi-source features to RUL values. In the aero-engine 

RUL prediction experiments, RMSE and MAE of the proposed 

method are as low as 12.65 and 10.73. The contributions are 
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summarized as follows: 

(1) The adaptive RUL labelling method based on HI and 

FPT is adopted to obtain accurate labels for the original dataset, 

which fully takes into account the influence of the individual 

differences among different engines on the degradation process. 

(2) The aero-engine RUL prediction model based on 

TBiLGF-Net is proposed. This model can accurately predict the 

RUL of different engines and has good generalization. 

(3) Compared with other methods, the proposed method has 

better accuracy and robustness with only a small increase in 

computing time, which provides a significant performance 

advantage. 

The rest is as follows. Section 2 illustrates the adaptive RUL 

labelling method. Section 3 details the TBiLGF-Net model. 

Section 4 analyses the experimental results under different 

conditions. Finally, the findings are summarized in Section 5. 

2. Adaptive RUL labelling method 

To solve the problems of the existing methods mentioned above, 

an adaptive RUL labelling method based on HI and FPT is 

adopted. According to previous studies [16-17], the operation of 

an aero-engine is divided into normal and degradation phases, 

and usually enters the degradation phase in the range of 35%-

55% of the whole cycle period [18]. The whole aero-engine 

RUL decay process can be represented by a piecewise linear 

model. According to the Fig. 1, in the initial stage, the engine 

operates normally. Under the assumption of no degradation, the 

RUL value of the engine remains constant. When the FPT point 

is reached, the engine begins to deteriorate. At this point, the 

RUL value gradually decreases linearly until the engine fails. 

The whole flow of the adaptive RUL labelling method is shown 

in Fig. 2. 

RUL

Cycle periodFPT
 

Fig. 1. Piecewise linear model of RUL. 

(1) The PCA algorithm is adopted to lower the 

dimensionality of the original data, and simplify the 

multidimensional temporal data into one-dimensional 

degenerate curve, retaining only the first principal component. 

This approach is sufficient to retain the main degradation 

information to label RUL and can avoid the introduction of 

redundant noise [19], so as to clearly reflect the degradation of 

performance over time. 

(2) The filtering method based on wavelet transform is 

utilized to remove the noise interference of the one-dimensional 

degradation curve, where the basis function is the Daubechies 

4-tap wavelet. This method can effectively suppress the noise 

while better preserving the local key features in the degradation 

process, thus obtaining a more realistic HI curve [20]. The 

filtering method mainly includes the following steps: 

1) Wavelet Transform: 

𝑐𝐴𝑗[𝑘] = ∑
𝑛
ℎ[𝑛 − 2𝑘] ⋅ 𝑐𝐴𝑗−1[𝑛]         (1) 

𝑐𝐷𝑗[𝑘] = ∑
𝑛

𝑔[𝑛 − 2𝑘] ⋅ 𝑐𝐴𝑗−1[𝑛]         (2) 

where 𝑐𝐴𝑗[𝑘]  and 𝑐𝐷𝑗[𝑘]  are the approximation coefficients 

and detail coefficients; ℎ[𝑛]  and 𝑔[𝑛]  are respectively the 

coefficients of the low-pass filter and high-pass filter; 𝑘 is the 

discrete-time indexes; and 𝑛 is the summation indexes. 

2) Thresholding: 

𝑇 = 𝜎√2 𝑙𝑛 𝑁            (3) 

where 𝑇 is the set threshold; 𝜎 is the standard deviation of the 

highest frequency subband coefficient; 𝑁 is the length of the 

signal. 

𝑐−̂𝑗
[𝑘] = {

𝑐𝐷𝑗[𝑘], |𝑐𝐷𝑗[𝑘]| ≥ 𝑇

0, |𝑐𝐷𝑗[𝑘]| < 𝑇                           (4) 

3) Wavelet inversion: 

𝑐𝐴𝑗−1[𝑛] = ∑
𝑘
ℎ
∼

[𝑛 − 2𝑘] ⋅ 𝑐𝐴𝑗[𝑘] + ∑
𝑘

𝑔
∼

[𝑛 − 2𝑘] ⋅ 𝑐𝐷𝑗[𝑘] (5) 

Where ℎ
∼

[𝑛]  and 𝑔
∼

[𝑛]  are the coefficients of the low-pass and 

high-pass reconstruction filter. 

(3) Calculate the volatility of the HI curve within the range 

of 35%-55% of the whole cycle, and take the cycle period 

corresponding to the maximum value as the FPT point position, 

and determine the RUL value of the current cycle period in 

combination with the maximum cycle period of the engine. By 

dynamically calculating the volatility, the degradation starting 
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point can be determined according to the difference among 

different engines, avoiding the misjudgement caused by using  

a fixed threshold and making the labelling of RUL more 

accurate. The volatility of HI and the formula for calculating 

RUL are respectively: 

𝑉𝑖 = |
ℎ𝑖𝑖+2+ℎ𝑖𝑖−2ℎ𝑖𝑖+1

(𝑡𝑖+1−𝑡𝑖)2 |                           (6) 

where 𝑉𝑖 is the HI volatility, ℎ𝑖𝑖 and 𝑡𝑖 are respectively the HI 

value and period of the 𝑖 − 𝑡ℎ data. 

RUL = {
𝑃 − 𝐹𝑃𝑇, 𝑁 ≤ FPT

𝑃 − 𝑁, 𝑁 > FPT
          (7) 

Where 𝑃 is the maximum cycle period; 𝑁 is the current cycle 

period. 

Under the premise of better retaining the degradation 

information, the degradation features are effectively enhanced 

to accurately identify the position of the FPT point in the HI 

curve, thereby achieving the adaptive labelling of RUL. This 

method can fully consider the individual differences among 

various engines compared with other methods, thus obtaining 

more realistic RUL labels.

PCA Wavelet 

transform

Calculate

...

FPT

Normal stage Degradation stage

Original data Initial HI curve Filtered HI curve The stages of RUL
 

Fig. 2. Flow diagram of adaptive RUL labelling method.

3. TBiLGF-Net 

The TBiLGF-Net model is constructed based on TCN, BiLSTM 

and BiGRU, and combines the BatchNorm layer, LeakyReLU 

layer, Dropout layer, Pooling layer, Residual Networks, and 

Fully Connected layer together.  

3.1. TCN 

Based on the basic framework of CNN, the TCN model can 

effectively capture sequence dependencies through the 

integration of causal convolution, dilated convolution and 

residual connection [21]. The structure is shown as Fig. 3. 

When processing a time series {𝑥0, 𝑥1, . . . , 𝑥𝑇}, TCN generates 

the corresponding output sequence {𝑦̂0, 𝑦̂1, . . . , 𝑦̂𝑇} by means of 

a causal convolutional constraint mechanism, which ensures 

that the output relies only on historical information. The related 

functions are mapped as follows: 

𝑦̂0, 𝑦̂1, . . . , 𝑦̂𝑇 = 𝑓(𝑥0, 𝑥1, . . . , 𝑥𝑇)          (8) 

In order to break through the local perception limitation of 

traditional convolution, the dilated convolution technology is 

adopted in the TCN model, which can significantly extend the 

receptive field and effectively integrate context information 

while maintaining the computational efficiency. For a given 

filter 𝑓: {0,1, . . . , 𝑘 − 1} → 𝑅, the dilated convolution is defined 

as: 

𝐹(𝑠) = (𝑥𝑑
∗ 𝑓)(𝑠) = ∑

𝑖=0
𝑘−1

𝑓(𝑖) ⋅ 𝑥𝑠−𝑑𝑖
                                        (9) 

where 𝑘  is the filter size; 𝑑  is the dilation factor; *  is the 

convolution operator. 

At the feature extraction level, TCN adopts a modular 

residual structure, where each residual unit contains a weight 

normalization layer, a Dropout layer and a Relu activation layer. 

This hierarchical design realizes cross-layer feature transfer 

through residual connections, which can solve the gradient 

decay problem, and improve the ability to capture feature. 

Compared with the CNN model, TCN can capture the long-

range dependencies more efficiently, and effectively fuses the 

multi-scale historical information. Consequently, TCN is 

appropriate for complex temporal data containing multiple 

coupled features, such as the gas path parameters in this paper.
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Fig. 3. Structure diagram of TCN model.

3.2. BiLSTM 

LSTM model breaks through the limitations of RNN by 

introducing the gating mechanism, and successfully solves the 

difficulties of gradient vanishing and processing long sequences 

[22], as shown in Fig. 4. The LSTM model is composed of an 

input gate, a forgetting gate and an output gate, in which the 

input gates are responsible for controlling the entry of data, the 

forgetting gates regulate the retention degree of the historical 

data, and the output gates control the output of the final data. 

This design effectively mitigates the problem of gradient 

vanishing and can capture long-term patterns. Meanwhile, 

LSTM model can resolve multi-scale temporal features layer by 

layer by stacking the memory units in layers, and significantly 

improves the computational efficiency by using parallelized 

computation, which is more suitable for dealing with aero-

engine gas path parameters with non-stationary characteristics. 

×

σ

+

×

tanh σ ×σ

Hidden gate

Output gateInput gate

tanh

Ct-1

Ht-1

Ct

Ht

Yt

Xt
 

Fig. 4. Structure diagram of LSTM model. 

(1) The output of an input gate, a forget gate and an output 

gate are as follows: 

𝐼𝑡 = 𝜎(𝑊𝑖 ∗ [𝐻𝑡−1, 𝑋𝑡] + 𝐵𝑖)     (10) 

𝐹𝑡 = 𝜎(𝑊𝑓 ∗ [𝐻𝑡−1, 𝑋𝑡] + 𝐵𝑓)     (11) 

𝑌𝑡 = 𝜎(𝑊𝑦 ∗ [𝐻𝑡−1, 𝑋𝑡] + 𝐵𝑦)     (12) 

where 𝑋𝑡  is the input vector; 𝐻𝑡−1  is the hidden state; 𝑊𝑖 , 

𝑊𝑓 and 𝑊𝑦 are the weight matrix of the three gates; 𝐵𝑖 , 𝐵𝑓 and 

𝐵𝑦 are the bias of the three gates. 

(2) The candidate state 𝐺𝑡  and the updated state 𝐶𝑡  are 

respectively: 

𝐺𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑔 ∗ [𝐻𝑡−1, 𝑋𝑡] + 𝐵𝑔)     (13) 

𝐶𝑡 = 𝐹𝑡 ∗ 𝐶𝑡−1 + 𝐼𝑡 ∗ 𝐺𝑡                (14) 

where 𝐶𝑡−1 is the previous moment memory cell state. 

(3) The hidden state 𝐻𝑡: 

𝐻𝑡 = 𝑌𝑡 ∗ 𝑡𝑎𝑛ℎ( 𝐶𝑡)                         

(15) 

The BiLSTM is composed of a forward LSTM layer and  

a backward LSTM layer, as shown in Fig. 5. These two parts 

process the input sequence in the forward and reverse orders 

respectively, which can consider the information before and 

after the current moment simultaneously. Compared with 

traditional unidirectional LSTM, BiLSTM models provide 

richer and more comprehensive contextual information and 

realize the fusion of past and future information [23]. Therefore, 

BiLSTM model is more suitable for handling the gas path 

parameters in this paper. 



Eksploatacja i Niezawodność – Maintenance and Reliability Vol. 28, No. 2, 2026 

 

LSTM LSTM LSTM

LSTM LSTM LSTM

Input

Output

Forward

Backward

Yt-1 Yt Yt+1

Xt-1 Xt Xt+1
 

Fig. 5. Structure diagram of BiLSTM model. 

3.3. BiGRU 

As an improved form of RNN, GRU not only effectively 

alleviates the common gradient vanishing problem in traditional 

RNN, but also has a simple structure and high computational 

efficiency. The GRU is suitable for extracting short-term 

dependencies in the original data, as shown in Fig. 6. 

×

×

σ

×

σ

Ht-1

Xt

Ht

1-

+

tanh

 

Fig. 6. Structure diagram of GRU model. 

The GRU is composed of a reset gate and an update gate 

[24]. The calculation formulas are as follows: 

（1）Reset Gate：  

𝑅𝑡 = 𝜎(𝑊𝑟 ⋅ [𝐻𝑡−1, 𝑋𝑡] + 𝐵𝑟)     (16) 

where 𝑋𝑡 is the input vector; 𝑊𝑟 is the weight matrix; 𝐵𝑟  is the 

bias. 

（2）Update Gate： 

𝑍𝑡 = 𝜎(𝑊𝑧 ⋅ [𝐻𝑡−1, 𝑋𝑡] + 𝐵𝑧)     (17) 

（3）Candidate State： 

𝐻𝑡 = 𝑡𝑎𝑛ℎ( 𝑊ℎ ⋅ [𝑅𝑡 ⊙ 𝐻𝑡−1, 𝑋𝑡] + 𝐵ℎ)    (18) 

（4）Hidden state： 

𝐻𝑡 = (1 − 𝑍𝑡) ⊙ 𝐻𝑡−1 + 𝑍𝑡 ⊙ 𝐻𝑡̃      (19) 

In the original unidirectional GRU structure, the information 

about the current moment depends only on the past time series. 

However, in many time series tasks, not only the past sequences 

have an impact on the current moment, but also the future 

sequences can provide important feedback information. Based 

on this concept, the BiGRU model is introduced, as shown in 

Fig. 7. The core idea of BiGRU is to simultaneously analyse the 

forward and reverse input sequences and fuse the two outputs. 

This can capture the contextual information more effectively, 

and provide a more comprehensive and accurate feature 

representation [25]. BiGRU quickly extracts short-term 

temporal data features through a lightweight bi-directional GRU. 

After the combination of BiGRU and BiLSTM, the model can 

cover more features of different time scales, thereby effectively 

improving robustness and computational efficiency. 

GRU GRU GRU

GRU GRU GRU

Input

Output

Forward

Backward

Xt-1 Xt Xt+1

Yt-1 Yt Yt+1

 

Fig. 7. Structure diagram of BiGRU model. 

3.4. Overall structure 

The TBiLGF-Net model includes TCN, bidirectional cyclic 

network and deep regression network, and all the layers are 

followed by BatchNorm, LeakyReLU and Dropout layers to 

inhibit the overfitting and improve robustness [26]. The 

structure is shown in Fig. 8. 

The TCN contains five convolution layers, and the dilation 

rate of each convolution is respectively 1, 2, 4, 8, and 16, 

gradually expanding the sensory field to capture local details 

with long-term dependencies. Meanwhile, residual connections 

are introduced to convey the original input information, 

effectively alleviating the gradient vanishing problem of the 

deep network [27]. The bidirectional cyclic network adopts  

a synergistic architecture of BiLSTM and BiGRU to model the 

long and short-term temporal features from both the forward 

and reverse directions respectively. Then another BiLSTM layer 

is adopted to aggregate the global temporal information. 

Meanwhile, global maximum pooling and global average 

pooling are introduced to extract local and global features [28], 

and the results are fused with the output of BiLSTM layer to 

form comprehensive degradation features. The deep regression 

network is composed of fully connected layers of different 

dimensions and residual connections are added to optimize the 
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gradient flow. The comprehensive degradation features are 

dimensionally reduced through each fully connected layer. 

Finally, the single neuron output layer is utilized to obtain the 

RUL value, which realizes the end-to-end mapping from multi-

source features to RUL value. 

Res

Res

Res

Res

TCN

Bidirectional 

cyclic network

Deep regression 

network

 

Fig. 8. Structure diagram of TBiLGF-Net model. 

The model systematically solves the challenges of temporal 

features extraction and degradation modelling through multi-

scale sensing by dilated convolution, temporal modelling by 

bidirectional cyclic network, feature fusion by global pooling 

branching, and cross-layer optimization by residual connect, 

which enables accurate RUL prediction. 

 

4. Experimental results and analysis 

4.1. Experimental dataset 

The aero-engine RUL prediction experiments use the C-

MAPSS dataset, as shown in Table 1. The dataset records the 

24-dimensional data obtained from multiple aero-engines, of 

which the first three dimensions represent the operating 

conditions of the engines, and the remaining 21 dimensions 

represent the values of the engine performance parameters. In 

this paper, only the 21-dimensional performance parameters are 

used for the experiments. Specially, all samples in the training 

set have no corresponding RUL label, and only the last sample 

of each engine in the test set has the corresponding RUL label. 

Table 1. C-MAPSS dataset. 

Dataset FD001 FD003 

Number of engines in the 

training set 

Number of engines in the test 

set 

100 

100 

100 

100 

Type of working condition 1 1 

Fault type 1 2 

Before the experiment, it is necessary to adopt the 

normalization method to eliminate the influence among 

different feature dimensions. The formula is as follows [29]: 

𝑋𝑡 =
𝑋𝑡−𝑋𝑚𝑖𝑛

𝑋𝑚𝑖𝑛𝑚𝑎𝑥
                        (20) 

4.2. Assessment index 

To measure the prediction effect and compare with other models 

more intuitively, the commonly used RMSE, MAE and 

computation time are selected as the assessment indexes. The 

formulas are as follows: 

RMSE = √1

𝑛
∑

𝑖=1
𝑛

(𝑦̂𝑖 − 𝑦𝑖)2         (21) 

MAE =
1

𝑛
∑

𝑖=1
𝑛

|𝑦̂𝑖 − 𝑦𝑖|        (22) 

where 𝑦̂𝑖 and 𝑦𝑖  are respectively the predicted and actual values. 

4.3. Experimental environment  

The experiments are conducted using Python 3.8, and the 

platform software configuration is Pytorch 2.4.1, CUDA 11.7, 

and CUDNN 8.5. To eliminate the accidental errors, all 

experiments are repeated independently for 10 times and the 

average of the results is calculated. The hyperparameters are 
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shown as Table 2. 

Table 2. Hyperparameters of the proposed model. 

Hyperparameter Value 

Input size 

n_conv_layers 

Dilation Rate 

kernel_size 

n_BiLSTM_layers 

n_GRU_layers 

Batch_size 

Learning Rate 

Dropout_rate 

(1,21) 

5 

1,2,4,8,16 

3 

2 

1 

64 

0.001 

0.1 

4.4. RUL labelling results 

To conduct the experimental study, the adaptive RUL labelling 

method based on HI and FPT is adopted to label the original 

data, and selects engine No.5 and engine No.73 in FD001 and 

FD003 training sets respectively as case studies. 

(1) The dimensionality reduction of complex original data is 

processed by PCA algorithm, and a one-dimensional HI curve 

containing comprehensive degradation trend is obtained. From 

the Fig. 9, with the engine cycle period increases, the HI value 

exhibits a gradual upward trend, accompanied by obvious 

irregular fluctuations. This is mainly caused by sensor noise, 

changes in operating conditions and the self-repair phenomenon 

of the system.

           

(a) Engine 5 (b) Engine 73 

Fig. 9. Initial HI curve of different engines.

(2) The filtering method based on wavelet transform is used 

to process the HI curve to remove noise interference from the 

data. Compared with the Fig. 9, the irregular fluctuations of the 

filtered HI curve in the Fig. 10 are significantly reduced and the 

trend is more obvious. This indicates that the method can 

significantly remove high-frequency noise and better retain 

local degradation characteristics, so that the HI curve reflects  

a more realistic degradation situation, which is helpful to the 

accurate identification of FPT points.

           

(a) Engine 5 (b) Engine 73 

Fig. 10. Filtered HI curve of different engines.

(3) Calculate the volatility of the HI curve in the range of 

35%-55% of the whole cycle period, and take the cycle period 

corresponding to maximum value as FPT point position. 

According to the Fig. 11, the volatility of the HI curve changes 

drastically with the increase of the cycle period. This indicates 

that the engine will have different degrees of degradation 

phenomena in different operation periods, and the degradation 

patterns of different engines vary greatly. Therefore, it is 

necessary to determine the degradation starting point according 

to the individual differences among different engines in order to 
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obtain a more accurate RUL value.

           

(a) Engine 5 (b) Engine 73 

Fig. 11. Volatility curve of different engines. 

(4) Determine the RUL value for each engine throughout the 

entire operation period According to Eq. (7), where the 

maximum cycle period is the sum of the last cycle period 

number of each engine and the corresponding RUL value. 

According to the Fig. 12, RUL remains unchanged in the normal 

stage and there is no degradation. As the cycle period increases, 

the engine enters the degradation stage from the normal stage at 

the FPT point. The RUL value decreases linearly until the 

engine fails. 

Normal stage

Degradation stage

          

Normal stage

Degradation stage

 

(a) Engine 5 (b) Engine 73 

Fig. 12. RUL change curve of different engines. 

According to the above process, all the engines in the FD001 

and FD003 datasets are labelled to obtain the RUL values and 

FPT point locations, and the mean and variance are calculated 

respectively. As can be seen from the Table 3, the mean of the 

RUL and FPT of each dataset are relatively close to each other, 

but the variances are quite different, which indicates that the 

RUL values and degradation start point locations of different 

engines in the same dataset vary significantly. Moreover, this 

fully proves that the proposed method can well adapt to the 

individual differences of different engines, and adapt an 

exclusive and accurate degradation process for each engine, 

which has good generalization. 

Table 3. RUL labelling results for different datasets. 

Dataset 
RUL FPT 

Mean Variance Mean Variance 

FD001 Training set 

FD001 Test set 

FD003 Training set 

FD003 Test set 

125.32 75.97 92.59 342.63 

117.15 102.60 85.65 403.51 

129.46 121.13 90.29 195.94 

120.51 97.74 93.82 612.07 

4.5. RUL prediction results 

To verify the validity of the proposed method, engines No.17 

and No.61 in the FD001 test set and No.21 and No.76 in the 

FD003 test set are selected as test objects for the study. The 

adaptive RUL labelling method is first adopted to obtain the 

RUL variation curve of each engine, and then the TBiLGF-Net 
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model is used to make predictions. According to the Fig. 13, the 

prediction values of each engine fluctuate relatively stably in 

the normal stage, and the difference with the true value is within 

20 cycles. After entering the degradation stage, the prediction 

values of each engine start to oscillate and decrease, and the 

absolute prediction error increases slightly. But the overall trend 

is basically consistent with the true value, and only a few data 

points have absolute prediction errors greater than 20 cycles, 

maintaining a relatively high level of accuracy. Therefore, the 

proposed method can accurately predict the RUL value and 

shows good generalization for individual differences of engines.

           

(a) Engine 17 (b) Engine 61 

           

(c) Engine21 (d) Engine 76 

Fig. 13. RUL prediction results for individual differences of engines.

4.6. Comparison analysis 

To assess the performance, the proposed method is compared 

with the models of LSTM, CNN-BiLSTM [30], GCN [31], 

BiGRU-TSAM [32], BNN-HMC [33], DA-LSTM [34], HS-TS 

[35] and CBHRL [36]. According to the Table 4, the assessment 

indexes of the proposed method are the lowest values, and the 

RMSE and MAE can be respectively as low as 12.65 and 10.73. 

Compared with the other methods, the reduction rates of the 

RMSE and MAE of the proposed method reaches up to 38.18% 

and 40.10%, respectively. Even compared with the most 

accurate of these methods, the reduction rates are up to 5.74% 

and 6.70%. In addition, in terms of computation time, the 

proposed method obtains a significant increase in accuracy with 

a small increase in time consumption compared with the other 

four most accurate models, achieving a balance between model 

performance and computational efficiency. Therefore, the 

model can achieve accurate RUL prediction, and the accuracy 

is higher than that of other methods, which has a significant 

advantage.

Table 4. Assessment indexes of different models. 

Method 
RMSE MAE Time(s) 

FD001 FD003 FD001 FD003 FD001 FD003 

LSTM 19.97 20.56 17.85 18.23 39.75 38.63 

CNN-BiLSTM 17.12 18.67 16.03 16.45 45.21 49.58 

GCN 16.29 16.94 15.59 15.70 41.67 43.05 

BiGRU-TSAM 14.21 14.73 12.89 13.06 59.93 62.35 

BNN-HMC 13.72 13.96 11.74 11.89 67.70 66.72 
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Method 
RMSE MAE Time(s) 

FD001 FD003 FD001 FD003 FD001 FD003 

DA-LSTM 13.70 13.82 11.51 11.63 65.89 67.51 

HS-TS 13.59 13.65 11.68 11.77 76.23 75.56 

CBHRL 13.42 13.47 11.50 11.59 69.39 70.92 

Proposed method 12.65 12.71 10.73 10.92 70.25 71.67 

4.7. Ablation experiment 

To verify the influence of each component on the overall 

performance, under the condition of the same hyperparameters, 

the TBiLGF-Net model is compared with the models of TCN, 

BiLSTM, BiGRU, TCN-BiLSTM, TCN- BiGRU, BiLSTM-

BiGRU.

Table 5. Comparison results of ablation experiment.  

Method 
RMSE MAE Time(s) 

FD001 FD003 FD001 FD003 FD001 FD003 

TCN 18.74 19.36 16.46 17.25 41.35 41.79 

BiLSTM 19.62 19.87 17.01 17.29 43.63 45.52 

BiGRU 19.87 19.93 17.75 17.82 42.15 43.30 

TCN-BiLSTM 14.36 14.72 12.58 12.61 67.07 65.76 

TCN-BiGRU 15.46 15.93 13.11 13.38 60.92 61.83 

BiLSTM-BiGRU 14.57 14.65 12.27 12.53 66.75 66.41 

Proposed method 12.65 12.71 10.73 10.92 70.25 71.67 

According to the Table 5, RMSE and MAE of the proposed 

method are reduced to different degrees compared to the six 

component models, reaching at least 11.91% and 12.56%. 

Furthermore, from the perspective of computation time, the 

increase in the time consumption of the proposed method is 

relatively small, demonstrating a better cost-performance ratio 

in terms of performance and efficiency. Therefore, the TCN, 

BiLSTM and BiGRU models can all significantly improve the 

prediction accuracy, highlighting the key role of each 

component of the TBiLGF-Net model in enhancing the 

prediction performance. 

4.8. RUL prediction experiment in noisy environment 

In the aero-engine RUL prediction experiments, the 

experimental results are often affected by noise such as sensor 

errors and changes in the experimental environment. To verify 

the performance of different methods under different noise 

intensities, Gaussian white noise with different signal-to-noise 

ratios (SNRs) is added to the original data for comparative 

experiments.

           

(a) RMSE of FD001 (b) RMSE of FD003 
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(c) MAE of FD001 (d) MAE of FD003 

           

(e) Computation time of FD001 (f) Computation time of FD003 

Fig. 14. Assessment indexes of different datasets under different SNRs.

According to the Fig. 14, RMSE and MAE of each method 

show different degrees of growth as the noise intensity increases, 

which indicates that the noise will have a certain effect on the 

accuracy of all models. In the two datasets, RMSE and MAE of 

the proposed method are the lowest among all the models. 

Under the extreme noise intensity of SNR0, RMSE and MAE 

of the proposed method are respectively reduced by at least 7.75% 

and 9.13% compared with the other methods, and the increase 

of each assessment index is smallest under different SNRs, 

which indicates that the proposed model has good robustness. 

Furthermore, the computing time of each model under different 

noise intensities is not significantly different, which all fall 

within the allowable error range. The proposed method achieves 

a significant improvement in accuracy with only a small 

increase in computing time, achieving an optimal performance. 

5. Conclusion 

The existing methods adopt a uniform initial value and change 

rule the RUL labelling for aero-engines, which do not fully take 

into account the influence of the individual differences among 

different engines on the degradation process. And the original 

degradation curve is often over-smoothed, losing some intrinsic 

degradation information, which makes the RUL labels of the 

original data inaccurate and seriously affects the prediction. 

Meanwhile, the flight parameters are highly coupled time-series 

data, and it is difficult for the existing method to extract the 

temporal features and long-term dependencies, which leads to 

the low prediction accuracy. To realize accurate RUL prediction, 

an adaptive prediction method for individual differences of 

engines is proposed. The conclusions are summarized as 

follows: 

(1) The adaptive RUL labelling method based on HI and 

FPT is adopted to obtain accurate labels for the original dataset, 

which fully takes into account the influence of the individual 

differences among different engines on the degradation process. 

Under the condition of retaining the degradation information 

well, this method can remove the redundant information and 

noise interference in the original data, and accurately identify 

the position of the FPT point in the HI curve, so as to obtain 

accurate RUL labels.  

(2) The prediction model based on TBiLGF-Net is proposed 

to accurately predict the RUL value of aero-engines. Under 

different test sets, RMSE and MAE can respectively reach as 

low as 12.65 and 10.73, demonstrating high prediction accuracy 

and good generalization across different engines. 

(3) Compared with other methods, RMSE and MAE of the 
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proposed method have decreased by at least 5.74% and 6.70% 

respectively with only a small increase in computing time, 

showing higher performance. Under the extreme noise intensity 

of SNR0, RMSE and MAE of the proposed method are 

respectively reduced by at least 7.75% and 9.13% than other 

methods, and the increase of each assessment index is smallest 

under different SNRs, showing good robustness. 

The proposed method has achieved better results for the 

RUL prediction, but there are still some areas that need to be 

improved: (1) The structure of the model is relatively complex, 

which leads to longer calculation time. While ensuring the 

prediction accuracy, it is necessary to optimize the structure and 

parameters for improving the operational efficiency and 

practicality of the model; (2) The proposed method mainly 

focuses on RUL prediction for aero-engines, and needs to be 

extended to other more complex application scenarios in the 

future, so as to satisfy diversified industrial needs.
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