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Abstract—Aero-engine is the heart of the aircraft. If a failure of
aero-engine occurs during the flight, it will be a direct threat to
flight safety of the aircraft, so the aero-engine health management
came into being, and the prediction is a very important part of it.
This paper was focused on the prediction methods of health
management. Firstly, we introduced the research status of the aero-
engine prediction methods, and then proposed a prediction method
of nonlinear time series analysis using C-C method and BP-
Adaboost algorithm, at last, a simulation example was given to
illustrate the validity of the method. Experimental results indicated
that the method has the advantage of high prediction precision, and
to some extent, it can provide a reference for the maintenance plan.
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1. INTRODUCTION

At present, the aviation field is facing severe cost
pressures. The United States government report shows that the
costs of aircraft operation and support may be more than ten
times the initial price. In this context, we need a new aircraft
platform to reduce the aircraft operating costs and improve the
accuracy of the aircraft maintenance. Therefore, Prognosis and
Health Management (PHM) came into being.

PHM is to ensure continuous monitoring and assessing the
functional health of the aircraft, to predict failure or the
components close to the service life, and to use this
information to improve operational decision-making, increase
the safety and reliability of the system, reduce the maintenance
costs of the system, enhance the accuracy of maintenance and
make the condition based maintenance come true.

Aero-engine is the core power system of the aircraft, so its
security and reliability are related to the flight safety.
Especially for the civil aviation aircraft carrying numerous
passengers, it is significant to discover potential safety hazards
and predict the impending failure for ensuring the life safety of
the passengers and avoiding great economic losses.

There are a lot of prediction methods of aero-engine, but
they can be divided into three categories: data-driven
modeling, physics-based modeling and knowledge-based
reasoning. In data-driven modeling, the prediction system can
directly obtain measurement data from the sensors embedded
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in each system, process the data, and predict the future data
with the underlying principles mined by data analysis methods
from the extracted feature data. BP (Back Propagation) neural
network [1], RBF (Radial Basis Function) neural network [2],
relevance vector machine [3], support vector machine [4], time
series analysis belong to data-based methods. In physics-based
modeling, the predictive function of the system depends on
model analysis and reasoning. The physics-based modeling
can describe the nature of the object, but it is difficult to
establish accurate mathematical/physical model, which limits
the application of these methods to some extent. The
knowledge-based reasoning does not need to establish
accurate mathematical/physical model. They combine the
experience and knowledge of experts in multiple disciplines to
build the prediction system. At present, the mainly application
forms of knowledge-based reasoning are expert system and
fuzzy logic. As the expert system can’t break through the
bottlenecks of knowledge acquisition and knowledge
representation, the method is limited in practical applications.

Since the applications of physics-based modeling and
knowledge-based reasoning have some limitations, data-driven
modeling is used more and more widely in the prediction field.
In view of this, this paper adopts the method of nonlinear time
series analysis (data-driven modeling) to predict the wear
condition of aero-engine and analyzes the results to verify the
validity of the method.

II.  MAIN CONTENTS AND RESEARCH STATUS OF AERO-
ENGINE PREDICTION

The research contents of aero-engine prediction can be
summarized as performance prediction, failure prediction and
residual life prediction [5,6]. Performance prediction is the
process of "no objective" to predict the performance of the
engine performance deterioration, which runs through the
whole life of the engine, and it is the basis for realization of
failure prediction and remaining life prediction. Failure
prediction works when performance degradation of engine
occurs, which can predict the time point and mode of the
failure occurrence by judging engine’s property tendency.
Residual life prediction, which is based on the performance
prediction, assesses how much time the engine will appear
functional failure at current state by analyzing the results of
failure prediction. Fault prediction and residual life prediction



are two specific and objective extensions of the performance
prediction, and they analyze the possible failure or the
remaining useful life based on the performance prediction.
Accordingly, performance prediction, fault prediction and
residual life prediction are both independent and mutually
influenced in some aspects.

A. Research Status of Aero-engine Performance Prediction

For aero-engine overall performance prediction,
performance parameters directly reflect its performance, so it
is important to build a good model for evaluating the
performance degradation degree of aero-engine. Rolls-Royce
used Kalman filter and least squares method to achieve the
analysis and prediction of gas path performance parameter.
Wang Z X [7] studied turbofan engine rotating components
and overall performance degradation based on physical failure
model. Song Y X [8] established the prediction model of
engine performance parameters by using multiple linear
regression.

In order to obtain useful information from historical data
and realize the meaningful performance prediction, a lot of
scholars have carried out the research of time series analysis
[9]. In this paper, the prediction method is the method of time
series analysis. Firstly, the C-C method is used to reconstruct
the phase space, and then the BP-Adaboost algorithm is used
to predict the wear condition of aero engine. Detailed
algorithm is introduced later.

B.  Research Status of Aero-engine Failure Prediction

According to the history and current status, failure
prediction predicts the future state of aero-engine, sounds the
alarm when the engine is in abnormal state. Brotherton [10]
combined the neural network and genetic algorithm to
establish the failure prediction system of the aero-engine gas
path. Zhao H L [11] evaluated the fault possibility of each part
of the engine in the future by Monte Carlo simulation
technology.

C. Research Status of Aero-engine Residual Life Prediction

As the increase of service time, the aero-engine will go
through the process of performance degradation until disabler.
The process from the current state of the engine to the
functional failure state is called the remaining life. At present,
the main prediction methods are based on the failure physical
model/performance degradation model and the method based
on machine learning. P.J. Garcia Nieto [12] realized the
residual life prediction of aero-engine by hybrid PSO-SVM-
based method. Jones [13] proposed that the prediction of
residual life of engine under the Bayesian framework.

III.  PREDICTION MODEL OF NONLINEAR TIME SERIES
BASED ON C-C METHOD AND BP-ADABOOST ALGORITHM

A. C-C Method

In order to obtain more useful information from the time
series, the phase space reconstruction of the time series data is
needed. The time delay 7 and embedding dimension m are two
important parameters for phase space reconstruction [14, 15].

For small data sets, it is very effective to use the C-C method
with the correlation integral to estimate the time delay 7 and

the time window length 7., (7, = (m—1)7,) [15, 16, 17].

According to the theorem of Takens [17], the phase space
is reconstructed as:

X={X, =[x, %o o Xy =12, 3, -, Mp (D)

where 7 is the time delay, m is the embedding dimension, N is
the length of time series, and M = N —(m—1)7 is the number
of points in the phase space.

The C-C method uses the correlation integral to obtain the
time delay 7 and embedding dimension m, and the correlation
integral is described as follows. [16, 17]
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The correlation integral is a cumulative distribution
function, and its specific meaning is the probability that the
distance between any two points in the phase space is less than
r. Define statistical detection:

S(m,N,r,t)=C(m,N,r,t)—C'"(l,N,r,t) %)

The time sequence is divided into ¢ equal dimension sub
sequences, and the ¢ is the reconstruction time delay, as:

x(1)= {'xl 1 X4l ’”"x\_N/tjftJrl}
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To calculate the statistics of each time sub sequence
with N — oo

sl(m,r,t)%i[q(m,r,r)—c:f(l,r,r)] (7)

According to the corresponding maximum and minimum
values of the radius r, the difference is obtained as:
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The first zero crossing of AS, (m,t) is the optimal time
delay 7, . According to the principle of asymptotic distribution,
letm=2,3,45, r 2%0 (o is the standard deviation of the

sequence), i =1,2,3,4 | then we can obtain:



()= S (mr) ©)

16 m=2 j=1
A5, (1) =1 38, (m.1) (10)
S (£) = AS, (1) 4[5, (1) (1)

The first local minimum of S, (¢) is the time delay
window 7,. We can obtain the embedding dimension m by

Tw :(m_l)rd .

B.  BP-Adaboost

Adaboost algorithm takes a weighted method, increases the
weights of weak predictors with smaller training error and
reduces the weights of weak predictors with larger training
error, so several weak predictors are combined effectually.
BP-Adaboost algorithm uses some BP networks as weak
predictors and groups the weak predictors to form a strong
predictor to improve the predicting precision [18]. The
algorithm flow chart is shown in Fig. 1.
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Figure 1. Flow chart of BP-Adaboost algorithm

C. Prediction Model of Nonlinear Time Series Based on C-C

Method and BP-Adaboost Algorithm

As a result, the model combined with C-C method and BP-
Adaboost algorithm is proposed in this paper for the nonlinear
time series prediction of small data. Firstly, the C-C method is
used to reconstruct phase space. Secondly, BP-Adaboost
algorithm is applied to train the reconstructed samples. After
the two steps, the strong predictor is formed. Prediction model
is shown in Fig. 2.
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End

Figure 2. Prediction model of nonlinear time series based on C-C method
and BP-Adaboost algorithm

IV. PREDICTION OF AERO-ENGINE WEAR CONDITION BASED
ON C-C METHOD AND BP-ADABOOST ALGORITHM

Data comes from oil spectral analysis of a certain type of
aero-engine from one to another oil change, and sorted by time
(68). At present, the aero-engine wear condition’s analysis is
mainly by monitoring the Fe content, so only the Fe content
time series is analyzed in this paper. The experiment process
was shown in Fig. 3.
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Figure 3. diagram of experiment process

A. Data Preprocessing

The time series data of Fe content is shown in Fig. 4. The
data is normalized to improve the modeling accuracy and the
method of normalization is shown as follows:

x(i)=s+(l—s)(x(i)—xmin )/ (xmax _xmin) (12)

The x(i) on the left side of the equal sign is the
normalized data. The x,, and X, are the maximum and

minimum values of the original data; the x(i) on the right

side of the equal sign is the original data; the s and / are the
maximum and minimum values of the normalized data. The Fe

content time series {X,} is obtained after normalization, and

the data can be restored to the original range by anti-
normalization.
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Figure 4. original data curve

B.  Phase Space Reconstruction

The time delay 7 and embedding dimension m are two
important parameters for phase space reconstruction. The
results shown in Fig.5 are obtained by C-C method.
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Figure 5. the results from C-C method

In Fig. 5, the first tiny point of AS(¢) appears at ¢ = 3, and
the global minimum of S, appears at t = 7, so the optimal
time delay ¢, = 3 and the time window length ¢, = 7 are gained
by C-C method. It is easy to get that t= 3 and m = 3 by
formulat, =(m—-1)7,.

After getting the optimal time delay 7 and embedding
dimension m, the original data can be reconstructed as:
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From embedding theorem, there is a smooth mapping
f:R"™ — R" in the reconstructed phase space, so

X :f(Xi) (14)

where the X, is the A-step evolution state of the X, .

In this paper, /& = 1, so the inputs of the weak predictors are
X, = [ XX X )T} and the outputs are the m dimension

of  the
i=1,2,3,--,N—(m—1)r—1. According to the above method,

the 61 input and output samples are obtained, and the training
samples are from 1 to 55, and the test samples are the left 56
to 61.

next state point, ie Y =x

i i+(m=1)7+1 >

C. Parameter Selection of The Prediction Model

In this paper, BP neural networks are used as weak
predictors. It is necessary to determine the number of input
layer nodes, the number of hidden layers and nodes, and the
number of output layer nodes, etc. According to the
input/output samples’ dimension, the number of input layer
nodes and output layer nodes of every BP neural network are
selected respectively as 3 and 1. The number of hidden layers
is selected as 1 and the number of hidden layer nodes are

chosen as 10 by formula m =~n+/+oa (n is the number of
input layer nodes, / is the number of output layer nodes, a is a
constant between 1 and 10). The transfer function between the
input layer and the hidden layer is logsig function, and the
transfer function of the hidden layer to the output layer is
chosen as the purelin transfer function, and the training
function is trainlm function.

The Adaboost algorithm is adopted in this paper to
combine BP weak predictors into a strong predictor, and the
number of weak predictors is 10.

D. Results

The above algorithm is achieved by MATLAB, and the
results are presented in Fig. 6.

As the results presented in Fig. 6, both for training samples
and test samples, BP-Adaboost algorithm shows strong fitting
and generalization ability, and high prediction precision. It can
not only predict the change trend of Fe content in the oil, but
also can predict the value of Fe content in the oil with high
accuracy.

—— predicted data of Strong Predictor
—©— initial data

the content of Fe

Figure 6. the results from the prediction model

In order to illustrate the superiority of the BP-Adaboost
algorithm, this article compares the output of stronger
predictor with the output of weak predictor, and the compare
results are shown in Fig. 7 to Fig. 17.
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Figure 7. the comparison chart of strong predictor’s output and weak
predictor 1’s output
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Figure 8. the comparison chart of strong predictor’s output and weak

predictor 2’s output
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Figure 13. the comparison chart of strong predictor’s output and weak

Figure 10. the comparison chart of strong predictor’s output and weak

predictor 7’s output

predictor 4’s output

T T T T T T T T
0! I I I I I
! ! I I I
I I I
S
I
I I
F ” |
52 L | B —
S
£ ” ”
X
53 [ R
[ | < o—©_ |
5 %5 [
s o !
88 !
33§ ,
= 4= O [ 1= T 7 7T Tl T 1T T
o O
553 I
Qo Q= |
g a & |
+++\ | T
I | |
I I I
i I I I
I I I I
i Sttt ettt Bt Bty s+ i Bt
I I I I I | I
I I I I I I I
I I I I I I I
1 1 1 1 1 1 1
) ~ © 0 <~ ™ - o -
94 JO JUBJUOD B}
o
=
I
I
! o
r—-71- 138
25
£
[
) 49
52 ?
=)
88
n =
6 |- @ 4
S s T T T T ¥
53 I I I I
sz gl I I I
228 I I I
LG+ — 4 -8
L Q= | | | |
o= I I I
I I I I
[ R B ) S
| | | | o «
[ I I I I T
I I I I I I
I I I I I | °
F~—T-——T-——T-—7-—7--7 42
I I I I I I I
I I I I I I I
I I I I I I I
1 1 1 1 1 1 1 o
~ © 0 < @ o — o
94 J0 JUBJUOD BY}

70

40

times

times

Figure 14. the comparison chart of strong predictor’s output and weak

Figure 11. the comparison chart of strong predictor’s output and weak

predictor 8’s output

predictor 5’s output
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Figure 15. the comparison chart of strong predictor’s output and weak
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Figure 17. the comparison chart of the prediction error of strong predictor and

the average prediction error of weak predictors

From Fig. 7-Fig. 16, it is easy to see that the prediction
error of every BP weak predictor is relatively larger, which is
related to the characteristic of BP neural network’s limited
fitting ability. But BP-Adaboost algorithm effectively
combines each weak predictor, and greatly improves the
prediction accuracy, which is obviously reflected in the Fig.
17. Therefore, BP-Adaboost is efficacious for aero-engine
wear condition prediction. From Fig. 17, it can be seen that the
prediction error of BP-Adaboost algorithm is increased with
the increase of the prediction time. This is related to that small
scale time series can only be medium or short-term prediction.
From what has been analyzed above, it is concluded that BP-
Adaboost algorithm can effectively improve the prediction
accuracy of BP neural network, so it is suitable for the
medium and short-term prediction of aero-engine wear
condition.

V. CONCLUSION

In this paper we have successively reviewed the research
status of aero-engine health management prediction methods,
introduced the C-C method and BP-Adaboost algorithm, and
used the data comes from oil spectral analysis of a certain type
of aero-engine from one to another oil change to verify
whether the algorithm is effect or not. From the results, we
could draw the conclusion that the time series prediction
method combined with the C-C method and BP-Adaboost
algorithm is very good for aero-engine wear condition
prediction. In the future, we need to use the method to predict
other performance parameters, and to find and improve the
shortcomings of the method. Finally, we hope to see that the
method will be applied to the aircraft health management
system to achieve fault prediction of the whole machine and
condition based maintenance.
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