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(1) W(x,p) = [(x- Cn)’+ P (4)
WV(x,P) = exp[- (x- Cn)?’1/P @) RBF

(2 Ch w,
Y(x,p) = (x- Cn)?/igx - o) (3

(3)

1 RBF
Fig 1 RBF network model

12 RBF 50Hz 100Hz
RBF Chn 2
W, 2 (D) 1 2
; (2)
RBF
k 22
[6]
Ch,
LM S) (n
2
Xe(p=1,2, ,p), X max=
21 M ax{Xp}, Xmn=M in{X}, p
RBF
xxmax-- Xxm:m =X )
(5)
0 1

(f o)



7 153
[8]
1
Table 1 Characteristicsof rotor bearing faults samples
Faults characteristics
Fault reaon
1 2 3 4 5 6 7 8 9 10 1 12 13 14 15
Rotor unbalancing 0 0 1 0 0 0 0 0 0 1 0 0
Rotor eccentric 0 0 08 1 08 0 0 0 0 1 1 05
Rotor bow looped 0 0 1 a8 o0 0 0 0 0 1 0 0
Ovew ide gaps
of bearing 0 0 0 0 0 0 0 1 1 0 0 0 1 0 0
Dynanical and
still unbalancing of rotor 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0
mpact and rub 0 0 1 a5 05 0 0 0 0 0 1 1 0 0 0
11 15 018 02 03 05 1 3 50 Hz

Note 1- 15meansQ 18- Q 2multiple frequency, @ 3- Q Smultiple frequency, 1multiple frequency, 2multiple frequency, 3multiple frequency, 50 Hz frequen-

¢y, high frequency, upper guide bearing v ing, low er guide bearing sv ing, w ater guide bearing sv ing, upper bracket sving, vibration and rotate eed, vibration and

load, vibration and exciting current and vibration and flow s The follow ing table is the same
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2

Table 2 Faults input signal of rotor bearing of hydropow er unit

Faults characteristics 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Input signal Q01 002 038 065 Q45 Q05 0 a3 Q03 02 018 083 1 024 Qo1

3 RBF
Table 3 Diagnosis result of RBF network output

Rotor unba- Rotor Rotor bow Ovew ide gaps Dynamical and still mpact
lancing eccentric looped of bearing unbalancing of rotor and rub

Q1021 Q 9015 Q 096 Q 102 Q12 Q 108 2

) ,RBF
RBF p
,RBF p , '

,RBF . RBF
BP ., RBF

RBF )

[1] , . 91 ,2001(2): 86-88

[2] , , .BP [l : ,2002(1): 24-25
[3] , , - 91 , 2004(6): 120-121

[4] : [31 , 2004 (4): 87-88

[5] ) ™M1 : , 2002

[6] , . [31 ,1997(2): 151-152

[71 ) ™M1 : , 2003

[8] ) D1 : , 2003

Research on fault diagnosis based on RBFNN for hydropow er units

BAIL iang, JIA Rong,L UO Xing-qi
(School o W ater Resource and Hydrapaw er, X i'an U niversity  Technology, X i‘'an, Shaanxi 710048, China)

Abstract: For the system of faults diagnosisof hydropow er sets, the deficiency of faults diagnosis using
BP NeuralNetwork isanalyzed and aRBF N eural N etwork algorithm ispresented,w hich has advantage of
high precision, avoiding local minima and fast convergence rate In real diagnosis systen convergence rate of
RBFNN is nearly 40 times faster than BPNN , and it can diagnose the faults of hydropow er sets exactly.
Key words hydropow er unit; fault diagnosis N eural N etwork; RBF



