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Abstract: To solve the problem of low accuracy of remaining useful life (RUL) prediction caused
by insufficient sample data of equipment under complex operating conditions, an RUL prediction
method of small sample equipment based on a deep convolutional neural network—bidirectional
long short-term memory network (DCNN-BiLSTM) and domain adaptation is proposed. Firstly, in
order to extract the common features of the equipment under the condition of sufficient samples, a
network model that combines the deep convolutional neural network (DCNN) and the bidirectional
long short-term memory network (BiLSTM) was used to train the source domain and target domain
data simultaneously. The Maximum Mean Discrepancy (MMD) was used to constrain the distribution
difference and achieve adaptive matching and feature alignment between the target domain samples
and the source domain samples. After obtaining the pre-trained model, fine-tuning was used to
transfer the network structure and parameters of the pre-trained model to the target domain for
training, perform network optimization and finally obtain an RUL prediction model that was more
suitable for the target domain data. The method was validated on a simulation dataset of commercial
modular aero-propulsion provided by NASA, and the experimental results show that the method
improves the prediction accuracy and generalization ability of equipment RUL under cross-working
conditions and small sample conditions.

Keywords: DCNN-BiLSTM; domain adaptation; MMD; fine-tuning; C-MAPSS; cross-working;
small sample

1. Introduction

As one of the key technologies of Prognosis and Health Management (PHM), RUL
prediction has become an important research content. RUL refers to the length of continuous
working time of equipment components or systems from the current moment to the moment
when a specific function cannot be performed [1]. Accurate RUL prediction plays a crucial
role in guaranteeing system reliability and preventing system failures [2].

At present, the widely studied equipment RUL prediction methods can be divided into
physical model-based methods and data-driven methods [3]. Due to the complex structure
of some systems, the diverse failure modes, and the uncertainty of operating conditions,
it is difficult to establish a physical failure model [4]. Data-driven methods without prior
knowledge and complex physical modeling process [5] have become a research hotspot in
recent years. Among them, deep learning has attracted much attention due to its powerful
nonlinear mapping ability and high-dimensional feature extraction ability [6]. Babu et al. [7]
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first tried to use the Convolutional Neural Network (CNN) to apply it to the RUL prediction
of aero-engines. This model can automatically extract multi-dimensional sensor features
and obtain better results than the shallow regression model. Zheng et al. [8] proposed a
prediction model based on a Long Short-Term Memory (LSTM) network, which can extract
the features of time series, is suitable for RUL prediction of most equipment.

The premise of data-driven methods is that the training and test data come from the
same operating conditions. As a new machine learning method, transfer learning relaxes
the premise that training samples and test samples must obey the same data distribution.
The knowledge learned from the source domain is applied to different but related target
domains to solve the problem of only a small number of labeled sample data in the target
domain. Transfer learning improves the generalization ability of the machine learning
model to a certain extent [9]. When the feature space and data distribution between the
source domain and target domain samples are quite different, how to use the transfer
learning strategy to solve the small sample problem becomes the focus of research.

Domain adaptation is an important research direction in transfer learning, which is
used to solve the problem of transfer learning when the feature space and category space of
two domains are consistent but the feature distribution is inconsistent. Domain adaptation
methods have been used in the field of RUL prediction of equipment. Fu et al. [10]
proposed a domain adaptation SAE-LSTM model, which adopted MMD to reduce the data
distribution difference in RUL prediction. Li et al. [11] first proposed a multi-core MMD-
based convolutional neural network model. Ragab [12] proposed a Contrastive Adversarial
Domain Adaptation (CADA) method to learn similar features between different domains
and improve the RUL prediction accuracy and noise immunity. Miao [13] proposed a
Deep Domain Adaptative Network (DDAN) to solve the problem of cross-domain feature
distribution shift under different operating conditions and failure modes. Costa et al. [14]
proposed a domain adaptation method for RUL prediction under cross-working conditions
based on LSTM and Domain Adversarial Neural Network (DANN). In order to solve the
problem of low RUL prediction accuracy caused by small sample data sets, Lv et al. [15]
proposed a Sequence Adaptation Adversarial Network (SAAN) to expand the dataset.

Traditional deep learning relies heavily on labeled data. Therefore, in view of the
problem that small-sample equipment status data under different working conditions
affect the RUL prediction accuracy, this paper proposes a small-sample equipment RUL
prediction method based on DCNN-BiLSTM and domain adaptation. The model includes
a pre-training stage, a parameter-transfer stage, and an RUL predicting stage. The pre-
training and MMD constraints are used to reduce the distribution differences of sample
data under different working conditions and learn the common characteristics of the source
domain samples and the target domain samples after domain adaptation. Then transfer the
trained model to the target domain for training fine-tune the pre-trained model to obtain
an RUL prediction model more suitable for the target domain task. Finally, the Commercial
Modular Aero-Propulsion System Simulation (C-MAPSS) dataset provided by NASA was
used to verify the effectiveness of the method proposed in this paper.

2. Related Work
2.1. CNN Convolution Model

The CNN has powerful parameter learning and feature extraction capabilities and can
be used to process multi-dimensional matrix data. In practical engineering applications,
each device has multiple sensors to detect the operating status of the device, and the
collected data also contains a lot of information. In order to extract deeper features, this
paper used a DCNN, which consists of multiple layers of CNN.

Since the degradation data of the equipment is the time series data collected by the
sensor, in this study, the input data is a two-dimensional vector, the length represents the
number of features collected by the sensor, and the width represents the time series of each
feature. After the two-dimensional data is processed by time window, the size of each
sample obtained is represented as (Ny,, ), where Ny, represents the size of the time window
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and m represents the number of features. Each convolutional layer performs convolution
operations on the input data along the time series direction through convolution kernels of
different sizes, which can extract different features between the data, and finally combine
the generated local feature maps as the input of the BILSTM.

2.2. BiLSTM Network Model

The LSTM model is used to process sequence data. Compared with the Recurrent Neu-
ral Network (RNN), LSTM is mainly used to solve the problems of gradient disappearance
and gradient explosion in the training process of long sequence data. The LSTM model
consists of an input layer, a hidden layer, and an output layer, with three gating units and
memory units, and the historical information is affected by the input gate, forgetting gate,
and output gate, respectively [16]. The dependencies between long and short periods of
time series can be better learned.

As shown in Figure 1, i, o, f; represent the input gate, output gate, and forget gate,
respectively. The forget gate decides whether to retain the previous cell state information
C;_1; the input gate updates the long-term memory of the cell state; the output gate is the
output of the current LSTM; Ct represents the current temporary memory unit; x; represents
the time series of moments t; h1;_1 represents the output value of the previous moment; /;
represents the output value of the current moment. Then the calculation formula of each
threshold state in the forward propagation process of LSTM is as follows:

Ct = tanh(Wyexs + Wichi_q + b) (1)

Ct = fiC_1 +i:Cy ()

ip = 0(Wyixt + Wiihi—1 + Weici—1 + by) ®3)
fe= U(foxt + Whght—1 + Weper1 + bf) (4)
0t = 0(WxoXt + Wiohi—1 + Weocs—1 + by) ®)
ht = os-tanh(cy) (6)

where o represents the sigmoid activation function, tanh is the hyperbolic tangent activation
function, Wy, Wy,., Wy, Wy;, Wi, W, fr Wi, fr W, s Wxor Who, Weo, be, bi, b s and b, represent
the weights and bias terms of each respective gate. LSTM contains many neurons, and
the neurons exchange information with each other to extract time-dependent features of
the data.

Output
"
utput
hz -1 ht
b

Forget
gate

Figure 1. LSTM structure diagram.
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Bi-directional LSTM (BiLSTM) contains two LSTM network layers in opposite direc-
tions, namely the forward propagation layer and the backward propagation layer, which
connect the input layer and the output layer at the same time, perform time-sequence and
reverse-order calculations, respectively, and obtain the output of the forward and backward
hidden layer at each moment in turn. Finally, the final output is obtained by combining the
corresponding output results of the forward layer and the backward layer at each moment.
The BiLSTM structure diagram is shown in Figure 2. The specific calculation formula is
as follows:

hy = f(wrxe + wahy_q) )
h' = f(wsx; +wshy_1") (8)
ot = g (waxy + wehy') ©)

where h; and h} are the outputs of the forward propagation layer and the backward
propagation layer at time t, respectively. w; and w3 are the weight matrices from the input
layer to the forward and backward propagation layers, respectively. wy and ws are the
weight matrices from the forward and backward propagation layers to the self-propagation
layer, respectively. w4 and wg are the weight matrices from the forward and backward
propagation layers to the output layer, respectively. o; is the output values of the final
output gate. g are the functions for splicing the forward and backward propagation results.

Figure 2. BiLSTM structure diagram.

3. Proposed Method
3.1. RUL Prediction Model Based on DCNN-BILSTM

The multi-dimensional sensor data obtained through time window processing is used
as the input of the DCNN-BiLSTM fusion model, and the structure of the fusion model
is shown in Figure 3. DCNN and BiLSTM process the input data, where DCNN consists
of four layers of CNN and activation functions. Each layer of CNN performs low-level
feature extraction by setting convolution kernels of different sizes, and then input to two
layers of BILSTM to extract time-series features, and finally two layers of fully connected
layers. The BiLSTM network can comprehensively consider the historical information and
future information at each moment and make full use of the information of the previous
and subsequent moments to make the feature extraction process more comprehensive,
improve the prediction accuracy of the time series model, and reduce the risk of overfitting.
The output of the first fully connected layer is used as the measurement value of MMD.
The second layer is the final prediction layer, and the output represents the RUL value of
the device.
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Figure 3. DCNN-BiLSTM structure diagram.

3.2. Domain Adaptation Method Based on MMD

Domain adaptation is a method of transfer learning. Domain adaptation is a machine
learning algorithm that targets the distribution difference between source and target do-
mains. A wide variety of domain adaptation methods aim to apply knowledge learned
from the source domain to the target domain in the absence or few labels of the target
domain by learning domain-invariant features of the source and target domains.

The MMD is the most widely used loss function in transfer learning, especially domain
adaptation, and is mainly used to measure the distance between two different but similar
distributions. Compared to other metrics, MMD can estimate nonparametric distances
between various distributions and avoid the computation of intermediate process quantities.
MMD maps the source and target domains to a Reproducing kernel Hilbert space (RKHS)
and then calculates the distribution distance between the two domains. MMD is defined as:

2
¢

Y oy

s i=1 =

1

— fjrp(xi) S

n

MMD(X, Y) = ‘ (10)

H

where H represents the RHKS space, n; and 1y represents the number of samples in the
source domain and the target domain, respectively, ¢(x) : X — H represents the mapping
function from the original feature space to the RKHS, and then uses the kernel method to
calculate the inner product to avoid high-dimensional complex operations, usually using a
Gaussian kernel function, which represents for:

—[lu—v|?

K(pv) = e s a1

where u and v represent different samples and o is the width parameter of the function,
which controls the radial range of the function.

In the case where there is a difference in the distribution between the source domain
data and the target domain data, the MMD is added to the loss function to optimize the
target. Therefore, the loss function of the pre-trained network model is defined as:

Loss = MSE_loss + AMMD_loss (12)

where MSE_loss is the mean square loss function and A represents the balance function,
A > 0.

The transfer learning in this paper is based on the method of domain adaptation.
During the pre-training process, the source domain and target domain datasets are trained
at the same time. The output value of the first fully connected layer of the DCNN-BiLSTM
network model is used as the sample space for calculating the distribution distance between
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the two domainsm, and finally, the pre-training model after domain adaptation is obtained.
The training process is shown in Figure 4.

/Sal]r\ce
domain
data

FC+ —l—» Pre-trained

DCNN BiLSTM
ReLU model

—_—— ——_— —_——_—— _——— —— —

Figure 4. The pre-training framework based on domain adaptation.

3.3. Fine-Tune the Target Model

In order to shorten the training time of the target model, make the target model
more adaptable to different operating conditions and environments, and improve the
generalization ability. In this section, the Adam optimizer is used to fine-tune the pre-
trained model. The flowchart of fine-tuning is shown in Figure 5. First, initialize the
target model with the weights and parameters of the pre-trained model, then freeze the
parameters of the feature extraction layers, including 4-layer CNN and 2-layer BiLSTM,
and only update the parameters of the task-specific layer, i.e., the two-layer fully connected
layer. Furthermore, to prevent overfitting, different learning rates are set for the two fully
connected layers. Finally, a prediction model that is more suitable for the target domain
task and has strong generalization ability is obtained by training.

Pre-trained
model

Parameter
migration

Target RUL prediction

domain data

DCNN-BiLSTM

Figure 5. The flowchart of fine-tuning.

4. Experimental Results and Analysis
4.1. Dataset Description

The method in this paper was evaluated using the turbofan engine degradation
data of the Commercial Modular Aero-Propulsion System Simulation (C-MAPSS) dataset
provided by NASA. The detailed information of the dataset is presented in Table 1.This
dataset consists of four different sub-datasets with different operational conditions and
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fault modes. Each sub-dataset contains time-series information collected by 21 sensors and
3 measurements of operational conditions. The training set and the test set have different
numbers of degraded engines, each with a different degree of initial wear, and after the
number of cycles increases, the engine slowly ages until it fails to work. The training set
records the degradation process of the entire life cycle of the engine, while the test set only
includes a certain moment before failure. The task is to predict the remaining useful life
(RUL) of the engine units in the test set.

Table 1. Information of the C-MAPSS dataset.

Subdataset FDO001 FD002 FD003 FD004
Training set engine unit 100 260 100 249
Test set engine unit 100 259 100 248
Training set sample size 17,731 48,558 21,220 56,815
Test set sample size 100 259 100 248
Maximum life cycle 362 378 512 128
Operational conditions 1 6 1 6
Fault modes 1 1 2 2

Seven sensor values were observed to remain unchanged within the FD001 subset. In
order to save computing resources, meaningless data is eliminated, and 14 sensors were
obtained as 2,3,4,7,8,9,11, 12, 13, 14, 15, 17, 20, and 21.

4.2. Data Processing

The original data is composed of data detected by multiple sensors. Different data
sets have different sequence lengths, and the data dimensions are high and have different
dimensions. Therefore, the min-max normalization method is used to unify the data into
the range [—1,1]. Each measurement X;j is min-max normalized and can be expressed
as [17]: ‘

co )
2Xi) = Xiin) (jx"f x’]f“'" ) _ 1 (13)
(xmax — Xoin )

xi,]- =

where J?i,j represents the normalized data, x{n i, and Xy represents the minimum and max-
imum values of the data monitored by the jth sensor in one operating cycle, respectively.

In order to obtain more useful temporal information from the input data, the nor-
malized data is subjected to time windowing. For continuous time-series data, a sliding
time window is used to define data labels, and the size of the input model sequence is
determined by the size of the time window.

The window of size Ny, slides along the time series, and each time step slides / will
feedback the data to the slider, which is used as the input of the prediction model, so the
input size of the network is Ny, x m. To get more samples and reduce the risk of overfitting,
the sliding time step is set to 1.

When the engine is running under normal conditions, taking the remaining operat-
ing cycle period as RUL, then we assume that RUL decreases linearly, using a piecewise
linear function, choose 125 as the initial life period [18], and apply it to the training set
and test set.
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4.3. Selection of Evaluation Indicators

To verify the effectiveness of the method in this paper, two functions were used as
evaluation metrics, namely the Root Mean Square Error (RMSE) function and the Score
function [19]. The RMSE function formula is:

1l <N .
RMSE = \/ 5 i1 B = ¥i) (14)
The formula for the Score function is:
N _ Uiy . a
Score = { Ei? (e Lljl 1)'?1 yi <0 (15)
Yicg(e ™ —1),0i—y; >0

where 7J; and y; represent the predicted value and the actual value of RUL, respectively.

RMSE reflects the degree of fit between the predicted life and the actual life, and the
size of the Score measures the rationality of life prediction. The lower the values of RMSE
and Score, the better the predictive ability of the model.

4.4. Experimental Configuration and Parameters

All experiments in this paper are performed on a processor configured with 16 GB
memory (RAM), NVIDIA GeForce TITAN XP graphics card, and Intel(R) Xeon(R) CPU
E5-2620 v4 @ 2.10GHz processor. The network model proposed in this paper is based
on Python3.6 and the PyTorch deep learning framework. In the experiments in this
paper, considering the influence of the sample size on the prediction accuracy and the
influence of different operational conditions and fault modes, in order to improve the
generalization ability of the RUL prediction model, according to the size of the data,
we use FD002 and FD004 with the sufficient sample size in C-MAPPS as source domain
datasets, and FD001 and FD003 datasets in C-MAPPS with insufficient sample size as
target domains. We evaluate the performance of transfer learning in RUL prediction of
the target domain and investigate how different working conditions and the number
of samples of the source and target domain datasets affect the performance of the final
prediction model. Therefore, set the experimental tasks as shown in Table 2.

Table 2. Transfer learning experiment tasks.

Source Domain Target Domain Operational Conditions Fault Mode
FD001 6—1 1-=1
FD002
FD003 6—1 1-2
FDO001 6—1 2—1
FD004
FD003 6—1 22

4.5. Model Prediction Results and Analysis

In order to compare the effectiveness of the transfer learning method proposed
in this paper, the results of the method were compared with the experiments without
transfer, as shown in Table 3. Source-Only refers to directly testing the target domain
with the pre-trained model, Target-Only refers to training and testing only on the
target domain.
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Table 3. Compare transfer learning with no transfer.

FD002—FD001 FD002—FD003 FD004—FD001 FD004—FD003
Methods
RMSE Score RMSE Score RMSE Score RMSE Score
Source-Only 84.63 5,355,207.6 51.39 362,392.1 41.45 18,345.5 42.65 14,591.2
Target-Only 15.84 534.13 14.66 281.12 17.28 473.87 16.32 349.55
TL 14.36 371.86 13.66 243.22 16.35 432.37 14.79 296.34

As can be seen from Table 3, the transfer learning algorithm proposed in this paper
greatly improves the accuracy of the prediction model. Due to the influence of the difference
in the distribution of the data set, the pre-training model of Source-Only was directly
used for testing, and the effect was very bad. On the basis of the traditional Target-Only
prediction method, the pre-training model after domain adaptation was loaded, and then
the model was optimized in the target domain, and the prediction accuracy was improved.
Take FD002—FDO003 as an example, the RMSE increased by at least 6.82%, and the score
function value increased by at least 13.48%.

In the pre-training stage, the MMD item of the tuning process not only affected the
prediction accuracy of the data set but also affected the matching degree of the conditional
distribution. Therefore, the coefficient A of MMD_loss of the loss function had a greater
impact on the adaptive effect. Taking FD002—FDO001 as an example, when —1 was used
as the median value, a large number of comparative experiments were carried out by
increasing or decreasing order of magnitude. As shown in Figure 6, the horizontal axis is
the value size, and the vertical axis is the two evaluation indicators values of RMSE and
Score. It can be seen that when A = 0.001, both RMSE and Score achieve the minimum
value, so the coefficient value A of MMD_loss in this experiment was 0.001.

18 T T T T T T 600
17+ . ]
w . )
(%] put
S 161 / 1 8
o v n
{400
15+ .
14 L 1 L 1 L 1 L 1 L 1 L 1 L 300
54 3 2 0 1 2

A(10")
Figure 6. The impact of different A values on the prediction results.

In order to compare the prediction effect of the DCNN-BiLSTM model based on
transfer learning on the small sample data set, Figure 7 shows the prediction results of all
the engine units on the test set sorted from small to large according to the RUL value of
the four tasks of experiments. The horizontal axis represents the test engine unit, and the
vertical axis represents the RUL. It can be seen from Figure 7 that the DCNN model could
effectively extract the detailed features and similar features of the engine degradation, even
if it is difficult to predict at the beginning of the operation. The value was also closer to
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the set value of 125. As the running period increases, BILSTM could effectively obtain the
relationship between the time series before and after. Combining the functions of fusion
model and domain adaptation, it can be seen from Figure 7 that its prediction trend was
stable and could better fit the real degradation curve. Therefore, the transfer learning model
proposed in this paper shows a good prediction effect.
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Figure 7. RUL prediction results of four tasks of experiments. (a) FD001 Engine Prediction Results
(FD002—FD001). (b) FD001 Engine Prediction Results (FD004—FDO001). (c) FD003 Engine Prediction
Results (FD002—FD003). (d) FD003 Engine Prediction Results (FD004—FD003).

Taking FD002—FDO001 as an example, the error and relative error of all engines in
FDOO1 are used to intuitively show the accuracy of RUL prediction with the method in
this paper. The results are shown in Figure 8. It can be seen from Figure 8a that when the
engine starts to run, the RUL value is relatively large, and the prediction error is relatively
large. When the engine runs for a long time or is about to fail, the degradation information
is more obvious, and the prediction performance is significantly enhanced. Under a limited
sample, it is difficult to accurately predict the equipment life of one set of different working
conditions with the sensor data of another set of working conditions. The method in this
paper improves this problem to a certain level so that the relative error generally remains
at [—25%, 25%] as the Figure 8b.
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Figure 8. Error curve of RUL prediction results in task FD002—FDO001. (a) Absolute error. (b)Relative error.

In order to verify the effectiveness of the DCNN-BiLSTM, the five state-of-the-art net-
work models are used to compare the hybrid network DCNN-BIiLSTM; the RUL prediction
results are shown in Table 4. It can be observed that the DCNN-BiLSTM model performed
significantly better than SVM, MLP, CNN, LSTM, and CNN-LSTM in datasets FD001 and
FD003. The DCNN-BiLSTM adopts a multi-layer convolutional network structure and a
bidirectional long and short-term memory network, which can extract spatial and temporal
features in detail, strengthen the feature extraction ability, and effectively improve the

prediction accuracy.

Table 4. The results of the hybrid network model in this paper are compared with other network
models on the C-MAPSS dataset.

FDO001 FDO003

Methods
Score RMSE Score RMSE
SVM [20] 7730.33 40.72 22,541.58 46.32
MLP [20] 560.59 16.78 479.85 18.47
CNN [7] 1290 18.45 1600 19.82
LSTM [8] 338 16.14 852 16.18
CNN-LSTM [21] 303 16.13 1420 17.12
DCNN-BILSTM 532.16 15.98 365.41 15.63
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To further verify the effectiveness and superiority of the proposed method in this paper,
this method is compared with the advanced methods in recent years, and the comparison
results with CORAL, WDGRL, DDC, ADDA, and RULDDA methods are shown in Table 5.

Table 5. The results of the methods in this paper are compared with other methods on the
C-MAPSS dataset.

FD002—FD001 FD002—FD003 FD004—FD001 FD004—FD003
Methods
Score RMSE Score RMSE Score RMSE Score RMSE

CORAL [22] 3590 24.43 23,071 42.66 154,842 51.44 6919 30.44
WDGRL [23] 157,672 15.24 19,053 41.45 45,394 42.01 77,977 18.18
DDC [24] 640 46.96 62,823 39.87 162,100 41.55 1623 44.47
ADDA [25] 689 19.73 11,029 37.22 43,794 37.81 1117 23.59
RULDDA [14] 2430 23.91 12,756 47.26 13,377 32.37 1679 23.31
DCNN-BIiLSTM (TL) 371.86 14.36 243.22 13.66 432.37 16.35 296.34 14.79

From Table 5, we can see the proposed DCNN-BiLSTM (TL) method obtained sub-
stantially improved RMSE and Score prediction accuracy on all tasks. More specifically,
RMSE and Score indicators on four tasks had reduced 5.77%, 63.26%, 49.49%, 18.65%, and
41.89%, 97.79%, 96.76%, and 73.47%, respectively, compared with the best result in the
state-of-the-art methods. In addition, it can be observed that knowledge transfer between
simple and complex datasets is challenging due to the large domain shift. For example,
FD002—FDO003 and FD004—FDO001 are the transfer learning tasks of simple and complex
datasets, and our proposed method obtained the greatest improvement and successfully
aligned the two distant domains. The results show that the proposed transfer learning
method could reduce the impact of operational conditions and fault modes on the RUL pre-
diction accuracy of the target domain and effectively transfer the knowledge of the source
domain with a large sample size, which is equivalent to data augmentation effectively
for the target domain with small sample sizes. It improves the performance of the RUL
prediction model. This is of great significance for equipment RUL prediction with small
sample sizes in complex environments. Therefore, the proposed method is very promising
in solving the small sample problem in the field of RUL prediction.

5. Conclusions

In the traditional data-driven RUL prediction method, the state detection data of
the training set and the test set are required to have the same or similar distribution.
However, due to different operational conditions, fault modes, and some force majeure
factors in the actual working environment, it is generally difficult to obtain data sets that
satisfy the same data distribution. In order to solve the problem that it is difficult to
collect equipment operational data in some specific environments and the RUL prediction
accuracy of equipment is not high, and the generalization ability is weak under different
working conditions, this paper proposes a transfer learning-based RUL prediction method
for small-sample equipment.

The method in this paper uses the DCNN-BiLSTM model to simultaneously train
the source and target domain data and uses MMD to constrain the distribution difference
between the two domains so as to realize the adaptation matching and feature alignment
of the target domain samples and the source domain samples. The deep features are
extracted to obtain a pre-trained model. Then, the network structure and parameters of the
pre-trained model are transferred to the target domain for training by a fine-tuned transfer
learning strategy, and the network is optimized. Finally, an RUL prediction model that is
more suitable for the target domain data is obtained. When used on the C-MAPSS dataset,
compared with other state-of-the-art methods, it verifies the effectiveness of the method
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proposed in this paper for predicting the RUL of aero-engines. For the subsets FD002 and
FD004 with complex operating conditions and sufficient sample data, the transfer learning
method is used to solve the subsets FD001 and FD003 with single operating conditions and
small data samples, and the effect is significantly improved.

In future research, more experiments will be conducted on different degradation
datasets to demonstrate the reliability and generality of the proposed model. Furthermore,
domain adaptation methods are applied to make unsupervised predictions on incomplete
data of target domains with missing labels. Although the experiments in this paper have
obtained good experimental results, it is still necessary to further optimize the network
structure and parameters to improve the performance of the RUL model.
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