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Abstract:In view of difficulties in extracting effective vibration characteristics from complex vibration
phenomena that are occurred when coupled with high pressure and low pressure rotors of a dual-rotor
runs high-speed operation,and there aren’t corresponding researches. So, this paper proposes a method
that combines multilinear principal component analysis of tensor objects (MPCA) and K-nearest neigh-
bor (KNN) classification and applies it to fault diagnoses of nonlinear dual-rotor systems. Firstly,a non-
linear cracked dual-rotor model and its dynamic equations are created using the concentrated mass meth-
od,and the vibration characteristics of high pressure and low pressure rotors are analyzed based on the
changes of crack angles. Then, the vibration energy signal and the vibration signal are normalized into
color image samples,and the MPCA algorithm is used to compress and extract the fault features. Lastly,
the KNN classification algorithm is used to classify the features of different crack angles, and the corre-
sponding classification rates are calculated. The experimental results show that,in the high-speed region
of the rotor, MPCA can effectively distinguish different degrees of cracked characteristic signals in the

case of low noise,and provides a new detection method for fault diagnoses of nonlinear cracked dual-rotor
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systems.
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Fig.1 Schematic diagram of the cracked dual-rotor model
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F2 MPCA xR
Tab.2 MPCA algorithm pseudocode

Multilinear principal component analysis of tensor objects(MPCA)

Input:tensor samples M; (i=1,2,3,*,5)

Initialization: Centralized tensor samples { M; = M; — M, .i = 1,2,3,++,5 } ysolved Q¥ * =

EMi(k)M;I;k) for

=1 . . oAl
feature decomposition,and obtained feature matrix Q“’ that composed of the feature vectors correspond-

ing to P, largest eigenvalues.

1:Calculated{ F, = M, X Q"' X 0®" X Q®" X e x Q®" },

2:Calculated @5, = 2 [
=1

3:For b=1:B
For k=1: K

Solved Q* for feature decomposition, and obtained feature matrix @ that composed of the

feature vectors corresponding to P, largest eigenvalues.
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Calculated { F; = M, X 00" X Q@' < Q9" % e x QO y M &, = D) F |15
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Dr
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If <y, break.

End
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Fig. 8 Establishment process of dual-rotor crack fault database
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Tab.3 The effect of NPC and the number of samples

on classification rate in fault database-A

Number of samples( X 4)

NPE 250 500 750 1000 1500
1 81.4% 86.0% 86.4%  87.8%  86.4%
2 88.1%  88.7% 87.1%  89.7%  88.2%
3 86.9%  87.6%  86.9% 88.4%  89.1%
4 85.1%  86.3%  84.5% 87.0%  88.1%
5 81.8%  84.9%  84.8% 87.0%  86.5%

F 4 NPCHBEAREIT X RHH I (LIFE B)
Tab.4 The effect of NPC and the number of samples

on classification rate in fault database-B

Number of samples( X 4)

NPE 250 500 750 1000 1500
3 25.7% 25.8%  25.6%  26.1%  25.6%
4 26.3% 26.4% 26.7%  25.3%  24.1%
5 62.4% 69.6% 70.6% 74.7%  75.3%
6 59.5%  63.8%  65.7% 70.8% 73.0%
7 58.2%  62.2%  65.0%  69.8%  69.7%
PR 75 1 O N BUR 45 A VR i B 48 C o

A0 0 HE RS e SR BH NPC R B8l 4 4 A 2
AL RN 5 PR .

£ 5 NPC BRI LMW (HIEE C)
Tab.5 The effect of NPC and the number of samples

on classification rate in fault database-C

Number of samples( X 4)

NPC

250 500 750 1000 1500
1 98.9%  99.2%  98.9%  99.3%  98.4%
2 98.6% 99.1% 98.8%  98.9%  98.9%
3 98.5%  98.7%  98.6%  98.5%  99.1%
4 98.5%  99.2% 98.9%  98.3%  97.8%
5 98.9% 99.5% 99.5% 99.0%  99.1%
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Fig. 9 Visualization of t-SNE with different crack opening and closing degrees in a low noise environment (Dataset C)
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