=R 25 x A
Control Theory & Applications

Vol. 24 No. 4
Aug. 2007

24 B 4 W
2007 £ 8 A

XEHS: 1000—8152(2007)04—0601—06

BT ASUR 1o 22 P 8% 1K) 00T A K A FLBIL A e s A

P oot BRI

(1. BB B E B S A TR, 28 00 230022; 2. 40 K5 A TS5, 1195 7 AT 210096)

FHEE: XM AR K R F L) LR . R S M S P T R 2R, R I e P M e P T e D M S X1 AR A R F
BLR S B P, 52 M X e B A P AL ) 3 ThDRS 58 0 A 1k . A b, AN SO SR 1 30 IASORA 1 28 T 4 4 S 00
TN F LIRS (38 7V, 1 e e R T T N AROR o 22 0 4% 5 4 i, SR P St (s i I /s IR B MU B S 8, )
ISR FH S A By 0ot Jot T DR 1 R 2 ) R AT T ARAK, 0 B E SR S 45 TR W, A 7R A AR DR (R Se S5 P RAR v TR R
B, B oy T R P AR AR ST A i Rl LR A 423 31 ) 7 .

RRIR): ARG F L AE L PEAR Y 1 VAR A 25 X 45 VR A BV IR B

HPESZES: TP341 XRKPRIRED: A

Nonlinear modeling for doubly salient permanent magnetic motor

based on fuzzy neural network
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(1. Department of Electrical and Electronic Engineering, Hefei University, Hefei Anhui 230022, China;
2. School of Electrical Engineering, Southeast University, Nanjing Jiangsu 210096, China)

Abstract: The doubly salient permanent magnet (DSPM) machine has high nonlinear characteristics of inductance and
flux linkage, etc. The normal linear or quasi-linear modeling can not reflect the real nonlinear charactersitics of the DSPM
machine, degrading control precision and operational performance. In this paper, a new modeling method is proposed for
the DSPM machine to take into account its nonlinearity more accurately by using adaptive-network-based fuzzy inference
system. After the structure of adaptive-network-based fuzzy inference system is introduced, the recursive least squares
method is improved and applied to modify the parameters of the network. Moreover, the forgetting factor and learning rate
are optimized by using genetic algorithm. Both simulation and experiment have shown that the developed modeling offers
the advantages of fast convergence and high precision. Finally, the optimal controller based on the modeling for the DSPM
motor is developed.

Key words: doubly salient permanent magnet motor; nonlinear modeling; adaptive-network-based fuzzy inference
system; hybrid algorithm; genetic algorithm
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machine)
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