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Fig. 1 Structure of fault diagnosis system based on hierarchical fuzzy neural network
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Fig. 2 Fault diagnosis model based on hierarchical fuzzy neural network
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Table 1 Corresponding relationship between fault symptoms and fault causes for hierarchical fuzzy neural network
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Table 2 Simulated results of single-fault test samples

10000007 100" 0.90.10.20.80.90.70.10.80.10.10.20.1000000000000000000 10000000000000000 F,
1000000 " 1oo" 0.80.20.10.70.80.90.70.80.20.20.10.100000000000000000 01000000000000000 F,
1000000" 100" 0.90.70.10.10.80.900.80.10.20.20.100000000000000000 00100000000000000 F;
1000000" 100" 0.70.80.70.10.80.90.20.80.80.70.10.900000000000000000 00010000000000000 E,
1110100" 100" 0.90.70.70.10.80.90.20.90.70.90.10.900000000000000000 00001000000000000 Fs
01000007 010" 0000000000000.80.10.10.20.10.90.80.20.2000000000 00000100000000000 Ky
00010007 010" 0000000000000.20.90.10.20.10.10.20.80.2000000000 00000010000000000 F;
00010007 oro" 0000000000000.20.80.10.10.10.10.20.80.2000000000 00000001000000000 Fg
0001000" 010" 0000000000000.20.10.10.90.20.10.20.90.1000000000 00000000100000000 K
0100000" oro" 0000000000000.20.10.80.20.10.10.80.20.2000000000 00000000010000000 Fyo
01000007 010" 0000000000000.10.10.90.20.20.90.80.10.2000000000 00000000001000000 Fy;
00010007 010" 0000000000000.10.20.20.20.90.10.10.80.2000000000 00000000000100000 Fy,
0000010" 001" 000000000000000000000.90.10.20.20.10.80.10.10.2 00000000000010000 Fy5
0010010" 001" 000000000000000000000.20.10.20.80.10.90.10.10.9 00000000000001000 Fyy
1000001 " 001" 000000000000000000000.80.10.10.20.90.10.90.80.1 00000000000000100 Fy5
0000010 oo1" 000000000000000000000.90.20.10.10.10.80.20.20.1 00000000000000010 Fye
0101000" 001" 000000000000000000000.80.90.90.10.10.10.20.20.1 00000000000000001 Fy;
3

Table 3 Simulated results of multi-fault test samples

10010007 110" 0.90.10.20.80.90.70.10.80.10.10.20.10.80.10.10.20.10.90.80.20.2000000000 Fy Fs
2 1000010°" 1017 0.80.20.10.70.80.90.70.80.20.20.10.1000000000.90.20.10.10.10.80.20.20.1 F, Fig
0001010" 011" 0000000000000.10.20.20.20.90.10.10.80.20.80.90.90.10.10.10.20.20.1 Fi, Fie
4 10010107 1117 0.70.80.70.10.80.90.20.80.80.70.10.90.20.90.10.20.10.10.20.80.20.90.10.20.20.10.8 Fy B Fis
0.10.10.2
O O O O O
30 11111007 B 0.90.70.70.10.80.90.20.90.70.90.10.90.10.20.20.20.90.10.10.80.20.80.90.90.10.10.1 Fy Fpy Fry

0.20.20.1
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Table 4 Analysis of fault test samples

25 24

2008 41 2 80-82.
2005 4 1 69-71.
2005 3 2 300-333.

2005 1 1 69-72.
NIAKI S ABBASI B. Fault diagnosis in multivariate control charts using artificial neural networks J . Quality and Reliability Engineering
International 2005 21 1

6 CIAMPI A ZHANG Fu-lin. A new approach to training back-propagation artificial neural networks empirical evaluation on ten data sets

from clinical studies J . Statistics in Medicine 2002 21 2

10

MATLAB/ Simulink

1309-1330.

2005 174-189.

2005 136-199.

2005 328-402.

Fault diagnosis of hydroelectric sets based on hierarchical fuzzy neural network

ZHANG Yun MENG Xiang-ping WANG Jin LIANG Chun-hui

School of Electrical & Information Engineering Changchun Institute of Technology =~ Changchun 130012  China

Abstract With regard to the complicated relationship between the fault symptoms and fault causes in the presence of

fault of hydroelectric sets

a new fault diagnosis model and relative learning algorithm based on the hierarchical fuzzy

neural network are put forward. The hierarchical fuzzy neural network were trained using the above learning method. The

simulated results show that the present fault diagnosis method can effectively classify single-fault and multi-fault samples

of hydroelectric sets and can raise the diagnosis accuracy.

Key words hierarchical fuzzy neural network fault diagnosis hydroelectric set
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