4th International Conference on Mechatronics, Materials, Chemistry and Computer Engineering (ICMMCCE 2015)

Two Kinds of Neural Network Fusion of Aero-engine Rotor Vibration
Signal Fault Diagnosis

Feng Ding"®,Zhaoyang Wang*®, Fengwei Qin®°
"Xi'an Technological University, NO.2 Xuefu Middle Road, Xi'an, Shaanxi, P.R. China

2Xi’an Technological University, NO.2 Xuefu Middle Road, Xi'an, Shaanxi, P.R. China
®Xi’an Technological University, NO.2 Xuefu Middle Road, Xian, Shaanxi, PR. China

%email: 136790921@qq.com, "email: 254743705@qq.com, ‘email:13572022495@163.com
Keywords: Aero-engine rotor; Vibration signal; BP neural network; Probabilistic neural network.

Abstract. In order to improve the accuracy of fault diagnosis, this paper puts forward a method of
wavelet packet combining neural network fusion. By wavelet packet decomposition and
reconstruction of normal and fault vibration signals of aero-engine rotor, the feature vector from the
vibration signal can be extracted. Then put the feature vectors which are the input vector of neural
network into the BP (Back Propagation) neural network and PNN(Probabilistic Neural
Network),and the paper puts forward an algorithm to fuse the results of BP and PNN. It turns out
that the method can recognize the fault patterns well and improve the accuracy of diagnosis.

Introduction

Aero engine is the heart of the modern aircraft, it works in the high pressure, high temperature
and high load of the harsh environment'"). Its performance has a direct impact on the safety and
reliability of aircraft. The rotor is one of the most important part of the whole engine, which is
responsible for the compressed air and power output. The reliability of the engine affects the normal
operation of the engine directly. The rotor fault diagnosis can find the faults from the rotor vibration
signal, and it can ensure the engine operation reliability, safety and maintenance economy'™.

Aero engine is a very complex nonlinear system, and its fault diagnosis is very difficult. With the
development of computer technology, the application of artificial intelligence technology such as
neural network, expert system and fuzzy logic in fault diagnosis is promoted”™ Neural network
technology has been widely used in fault diagnosis because of its self-learning, nonlinear pattern
recognition, associative memory and strong functional approximation ability!®”.Wavelet packet
analysis has good high frequency and low frequency analysis characteristics, which play an
important role in the process of vibration signal processing, especially the signal de-noising is the
key problem to be solved. The main basis of wavelet analysis for noise reduction is the tight support
of wavelet basis. It can focus on the energy of the signal in a few large wavelet coefficients, and the
wavelet coefficients are generally very small. Compared with the traditional method, the wavelet
de-noising only needs to know which type of signal is, and then it can be applied to the standard
method of de-noising, which is due to the advantages of wavelet analysis, and it is widely used in
signal processing™®'?.

In this paper, wavelet packet analysis is used to extract the fault feature of the rotor system of the
aero engine, two kinds of network-BP and probabilistic neural networks are used for pattern
identification. At the end, the fusion algorithm is used to fuse the results of two kinds of neural
networks. It turns out that, two kinds of neural networks can realize the identification and
classification of the rotor fault pattern. And the fusion result is better than both of the two neural
networks independently.
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Fusion fault diagnosis system

The system is divided into three parts, as shown in Figure 1.

(1)Signal processing: First reduce noise of signals. And then use wavelet packet to decompose
the signals into four layers. Then reconstruct the 16 decomposition coefficients who is a 16 sub
signal, and calculate the ratio of the energy value of the 16 sub signals and the energy value of the
original signals. Finally it will generate a 16D vectors, which are the input vectors of the neural
network.

(2)Neural network fault diagnosis: PNN only needs to adjust the spread value. Its training and

Signal processing

Neural network fault diagnosis

Fusion output data of neural network

Fig. 1 The fusion fault diagnosis system

testing speed is very fast. Its training time is only slightly larger than the time of data reading, so it
meets the requirements of real-time monitoring. BP neural network is one of the most commonly
used neural network. Now commonly used neural network is basically BP neural network
deformation form. And this network structure is the most suitable for pattern recognition. So fault
diagnosis using PNN and BP neural network. The same learning sample is used to train and test the
network. The test results of the two kinds of network are used as the input of data fusion.

(3)Fusion output data of neural network: This paper presents an algorithm to fuse the result of
the output data of neural network what can make the diagnosis to be more accurate.

Wavelet packet data processing

According to the maintypesof aero engine rotor fault(Rotor = misalignment, rotor
imbalance, rotor and stator friction, bearing loose)!'*), 24 sets of vibration signal(Including the
vibration data under normal conditions)were measured for each aero engine fault patterns ,then
there are 120 sets of vibration data.

The wavelet packet denoising
[14]

2

This article uses the default threshold and adjusted threshold of the original signal in denoising
the results are shown in figure 2.The difference between the default threshold de-noising signal and
the original signal is not very obvious. However, the adjusted threshold denoising signal can get the
ideal de-noising effect.

T T T T T T T T T

4 5 6
Node number/n w10t
The original signal

Amplitude/mV

4 5 6
Node number/n w10t
The default threshold de-noising signal

Amplitude/mV

Amplitude/mV

I I I L I 1 I I I
0 1 2 3 7 8 [ 10

4 5 6
Node number/n w10t
The adjusted threshold de-noising signal

Fig. 2 The result of two kinds of de-noising
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Wavelet packet decomposition and reconstruction of signal

Using sym6 function according to Shannon entropy principle to decompose de-noised signal into
4 layers in Matlab, extract the 16 sub signals of 4th layer. And then use the wprcoef command to
reconstruct these 16 node signals, calculated ratio of the total energy of the original signal value and
each sub-band signal energy reconstruction, which are the feature vectors. Figure 3 is the
reconstruction of each node in the 16 frequency bands.
The extraction of feature vector

The signal energy of each frequency band is
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Fig. 3 Reconstruction of each node in the 16 frequency bands

Amplitude/my
S on
Amplitude/my
Amplitude/mV

Amplitude/mV

Among them: Sy; is the reconstructed signal; x; is the discrete point amplitude of signal
Sy; > N is the number of nodes Sy; in signal reconstruction. Total energy is

1
E=Q%) =12, 2)
X; 1s the original signal amplitude of each node. The feature vectors of the elements are as follows.
T =[Ey.,Eyyo Byl j=12,---2" 3)

T =[Ey,,Ey,, -, Eyj]is usually large numerical, so it needs to do the normalized processing on
it,and then get special vector
Eys ENJ
e 4
= ) 4
Type (4) is the final feature vector. The vector is the sample data of neural network fault
diagnosis.

E
Tv= N1 ,
( E

Neural network fault diagnosis

In this paper, The layer number of the BP neural network is 3.And in BP neural network, the node
number of the input layer is 16,the node number of the hidden layer is 12,the node number of the output
layer is 4.The spread value of the PNN is 0.2 .The failure mode expectation outputs are as in table 1.
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Table 1 The failure mode expectation output

Fault mode Expected output
Rotor misalignment (1000)
Rotor unbalance (0100)
Rotor and stator friction (0010)
Bearing loose (000T)
Normal state (0000)

120 sets of vibration signal data in all were collected in this paper,100 sets of data were used for
network training, the remaining 20 sets test were used for test samples. Creating a BP neural network on the
basis of'the above mentioned methods with newff function, and a PNN function with newgmn,The
results are shown in table 2.

Fusion diagnosis results

In reality, we always hope the output to be closer to the expected value. For example, we hope that the
output of the fault data of rotor misalignment is (1,0,0,0). It is easy to find that the elements of this 4

dimension vector are 0 except for the first one. On the other hand we always hope that the element
Table 2 Two neural network diagnosis results

Number BP neural network diagnosis results PNN diagnostic results Expected
1 0.0364 0.0073  0.015 0.0087 0.0333 0.0000 0.0000 0.0000 0000

2 0.0264 0.0109 0.0185 0.0052 0.0371 0.0000 0.0000 0.0000 0000
3 0.0559 0.0117 0.0143 0.0051 0.0349 0.0000 0.0000 0.0000 0000
4 0.0289 0.0043 0.0178 0.0054 0.0410 0.0000 0.0000 0.0000 0000
5 0.976  0.0145 0.0028 0.0268 0.9455 0.0234 0.0029 0.0000 1000
6 0.9679 0.0056 0.0014 0.0133 0.9363 0.0163 0.0013 0.0000 1000
7 0.9571 0.0043 0.0015 0.0176 0.9431 0.0153 0.0015 0.0000 1000
8 0.4155 0.9798 0.0038 0.0097 0.8326 0.0143 0.0018 0.0000 1000
9 0.0057 09793 0.0088 0.0000 0.0114 0.7511 02013 0.0362 0100
10 0.0064 09905 0.017 0.0000 0.0117 0.716 02326 0.0396 0100
11 0.0102 0.9934 0.0102 0.0000 0.0204 0.7576 0.1956 0.0265 0100
12 0.0073 0.0018 0.0206 0.0000 0.0147 0.7676 0.1905 0.0272 0100
13 0.0017 0.0029 0.9783 0.0179 0.0013 0.1894 0.6913 0.1179 0010
14 0.0011 0.0042 0.9873 0.0141 0.0008 0.1706 0.6878 0.1409 0010
15 0.0000 0.0063 0.978 0.0111 0.0015 0.2038 0.6782 0.1165 0010
16 0.0000 0.0191 0.9465 0.009 0.0011 0.1906 0.6912 0.1172 0010
17 0.017 0.0147 0.0233  0.973  0.0000 0.0322 0.1274 0.8404 0001
18 0.0171 0.0104 0.0243 0.9848 0.0000 0.0381 0.1567 0.8052 0001
19 0.0335 0.0144 0.0254 0.983 0.0000 0.0415 0.1524 08061 0001
20 0.0206 0.0144 0.0235 0.9828 0.0000 0.0335 0.1416 08249 0001

the fault mode accounted for the entire vector element ratio is closer to 1. But in practice we find that
although the proportion of elements that represent the failure mode is the largest, the proportion of other
elements may also be very large. We call these elements interference terms. The thirteenth output
(0.0013,0.1894,0.6913,0.1179) and fifteenth output (0.0015,0.2038,0.6782,0.1165) of the PNN diagnosis
can be seen in Table 3 are interference terms. In addition, we compared the eighth set of output
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(0.4115,0.9789,0.0038,0.0097) with its desired output (1,0,0,0) and the twelfth set of output
(0.0073,0.0018,0.0206,0.0000) with its expected output (0,1,0,0) of the BP neural network, it’s easily found
that these two groups of results are obvious diagnostic errors. Using this result as a diagnostic output may
reduce the reliability of the diagnosis.

Therefore, this paper puts forward an algorithm to fuse the output of the two kinds of neural networks. It
can not only increase the ratio of the element represents the fault mode, but also reduce the ratio of the
interference terms. What’s more, it combined with the output of two kinds of neural networks, so the
accuracy of diagnosis can be improved. The algorithm expression is as follows:

Ip | bp! |
XN gt/ > tbpj
Ip| N Ibp; " lbp; . Ip|

> > lbp; > topl D> Ip]

)

Il = Ibp! -

j=12,---,n
In this algorithm, I; isthe jthelementof ith vector of final output. Ibpij is j th element of ith vector of
BP neural network diagnostic output. Ipij isisthe jthelement of ith vector of PNN diagnostic output.

By fusing the two results of diagnosis of two diagnostic system ,because the real fault component values will
dominate in the original vector, it can still keep the larger advantage after fusion; However by inverse
proportion complementary, the size and the proportion of disturbance fault component values will be greatly
reduced. So this algorithm can make the two complementary advantages. In another hand, it is easy to judge
the failure categories more clearly. Table 3 shows the two neural network diagnosis results output after fusion.

Table3  The fusion results
No. The fusion results Expect No. The fusion results Expect
1 0.0348 0.0000 0.0000 0.0000 0000 11 0.0153 0.8220 0.0277 0.0000 0100
2 0.0317 0.0000 0.0000 0.0000 0000 12 0.0110 0.8302 0.0509 0.0000 0100
3 0.0454 0.0000 0.0000 0.0000 0000 13 0.0015 0.0031 0.8291 0.0283 0010
4 0.0349 0.0000 0.0000 0.0000 0000 14 0.0000 0.0049 0.8343 0.0227 0010
5 0.9607 0.0071 0.0028 0.0000 1000 15 0.0000 0.0062 0.8878 0.0156 0010
6
7
8
9

0.9521 0.0153 0.0013 0.0000 1000 16 0.0000 0.0092 0.8637 0.0128 0010
0.9501 0.0081 0.0015 0.0000 1000 17 0.0000 0.0216 0.0314 09451 0001
0.7145 0.0023 0.0064 0.0052 1000 18 0.0000 0.0183 0.0332 0.9454 0001
0.624 0.008 0.0021 0.0000 0100 19 0.0000 0.0135 0.0346 0.9468 0001
10 0.009 0.7912 0.0000 0.0000 0100 20 0.0000 0.0173 0.032 0.9497 0001

Figure 4 shows the percentage of the largest element of the each line of PNN output and the result of
the fusion. Because the main elements of the first four elements of the fusion results are 0, so eliminating
the first four lines. It can be seen from figure 4, that fusion results improve the PNN diagnostic output of
each line of data in the proportion of the largest element. Comparison of table 2 and table 3 can be found
the fusion results are also corrected eighth and twelfth output errors of BP neural network .Namely, the
results of fusion improve the accuracy of fault diagnosis. Although the BP neural network has diagnostic
error terms, the largest element in the output results of the BP neural network is originally very large. So the
contrast of the BP neural network is omitted in figure 3.
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Conclusion

In this paper, the combination of fault diagnosis and diagnostic output information fusion algorithm
based on wavelet packet neural network is proposed firstly. Secondly BP neural network and probabilistic
neural network are used to identify the fault pattern. Finally fuse the diagnostic output information of BP
neural network and PNN, and using the chart and table compares the results as a diagnostic output different
before and after fusion. Through calculation of 20 sets of data contrast, the result is visible that the BP
neural network diagnosis accuracy rate reached 90% , and PNN diagnosis results are roughly correct, but
for each set of diagnosis of PNN output, proportion of maximal element is low. By comparing, it’s can be
found that the fusion result not only correct the error of BP neural network diagnosis, but also improve the
PNN diagnosis in the proportion of maximal element of each group. On the other hand, the fusion result is
better than one of these two neural networks independently to make diagnosis of the output.
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