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Fig.1 Rotor’svibration signal and its spectrum
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Fig.3 Flow chart of fault diagnose based on fused features
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Table1 Fault recognition rate based on the spectrum features

%
R ATHAEE WS E AR T
AFREAFAIE 100 96.30 81.25 92.86
B REIE+B&B 100 96.30 81.25 92.86
AR RFE+LDA 100 81.48 87.50 87.50
AT AFE+GDA 100 96.30 93.75 96.43
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Table2 Fault recognition rate based on the texture features

%
R ATHAEE S E AR T
AFREAFAIE 100 85.19 87.50 89.29
ASFIE+B&B 100 85.19 87.50 89.29
AR ERFAE+LDA 76.92 96.30 81.25 87.50
AR RFAE+GDA 100 88.89 87.50 91.07
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Table3 Fault recognition rate based on the fused features

%
RHAER A AT AR eE  REES SR T
A HFE 100 100 87.25 96.43
B&B+4 & 100 100 87.50 96.43
HERHE+GDA 100 96.30 93.75 96.43
Rl A AE 100 100 93.75 98.21
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Table4 Fault recognition rate corresponding to the training

samples of different numbers %
WAL BARAE HARHE W AR AIE LUEIRFAE
10 96.92 96.92 93.85 83.08
u 96.77 96.77 9355 88.71
12 9831 96.61 93.22 89.83
13 98.21 96.43 92.86 89.29
14 98.11 96.23 92.45 88.68
15 98.00 96.00 92.00 88.00
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Table5 Recognition results corresponding to the different values

of kernel parameter %
%25 RS R AE AN EHFAE & AURFAIL SUEURFAIL
0.01 98.21 92.86 92.86 83.93
0.25 98.21 94.64 92.86 83.93
2 98.21 96.43 92.86 89.29
5 98.21 92.86 92.86 89.29
10 98.21 87.50 94.64 87.50
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Fault diagnosis for engine based on feature fusion

Xu Lijia!, Kang Zhiliang®, Huang Chengti?
(2. School of Information and Engineering Technology, Sichuan Agricultural University, Ya'an 625014, China;
2. School of Automation Engineering, University of Electronic Science and Technology of China, Chengdu 611731, China)

Abstract: In order to achieve higher fault recognition rate of engine, the paper proposed a multi-class feature fusion method
which combined B&B algorithm with generalized discriminant analysis (GDA). Firstly, the spectrum feature set and texture
feature set were extracted from the vibration signal of engine rotor. Subsequently, B&B algorithm was used to remove the
information-lacked features from these feature sets. Finally, the GDA and SVM classifier were used to implement feature
fusion and fault recognition. The experiment results indicated that this method can make the fused features contain more
category information, and it can reach 98.21% of fault recognition rate for engine rotor fault diagnosis, moreover, it was almost
free from the kernel parameter of support vector machine (SVM). While the spectrum features and texture features were
directly inputted to SVM classifier, the fault recognition rate can be reached to only 92.86% and 89.29%, respectively. This
study provides an effective and useful feature extraction method for engine fault diagnosis.

Key words: engines, fault diagnosis, feature extraction, generalized discriminant analysis (GDA), feature fusion



