CORIET I I i 5 AR AR Vol.31 No. 1
118 - JOURNAL OF ELECTRONIC MEASUREMENT AND INSTRUMENTATION 2017 4E1 A

DOI: 10. 13382/j. jemi. 2017.01.017

EEHAEANEETERUEIZHPRINA"

7z k7 £330 gk &' HER Rk #B BERE
(1. F¥ KRS WTPHEETREYR G 201804; 2. M A%k AL THRS%E L 200090;
3. LT R A TR ARBISOPG BIE 200090)

B AR AR RS WA R AR A () B 1 TR - A L S -2 ) 5 &k (PSO-SOM-LVQ) IR S i 4 M 248 Bk, A
TARBUE IR SOM #2825 HiFNah 4G, 27 2R I PSO Bk Xt SOM 48 28 X 4% B4 AN [ ot Jin LA ek, 76 e 26k B Al A LVQ
PR BRAN T TR 3] SOM M LR HAJE . 3Rl PSO SOM il LVQ 45 A (TR -& 40 2 N4 Sy 45 55 T 48 6 e il s 1
WA BE 080 T RS Wi iR 22 . i {5 L, X SOM  PSO-SOM il PSO-SOM-LVQ 3% 3 R kil 47 T 4F tho X e R E W,
PSO-SOM-LVQ Y& & 11 45 X 28 5830 v B 0 8, SO i W 2R 100% o U] L, SR A PSO-SOM-LVQ 1R 45 1 28 N 45 301k
AT RO = A R AR S S W P RE

KHER: RS H; PSO 53k ; SOM MM 48 5k ; LVQ #4246 53

RES S TM41;TNO SRR A ERREFRSERE: 470.40

Application of mixed neural network in transformer fault diagnosis
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Abstract ; Aiming at the shortcoming of the low accuracy of transformer fault diagnosis, the PSO-SOM-LVQ ( particle swarm optimization ,
self organizing maps, learning vector quantization) mixed neural network algorithm is presented in this paper. Firstly, the weight of SOM
neural network is optimized by the method of PSO algorithm to obtain the more effective topology. Based on that, LVQ neural network is
combined to cover the shortage of unsupervised learning SOM neural network. The mixed neural network algorithm combined with PSO,
SOM and LVQ can improve the accuracy and reduce the error of transformer fault diagnosis. Through simulation, the three algorithms of
SOM, PSO-SOM and PSO-SOM-LVQ are compared. The comparison result show that the PSO-SOM-LV(Q mixed neural network algorithm
has the highest accuracy, and the fault diagnosis accuracy rate is 100% . Thus it can be seen, the PSO-SOM-LVQ mixed neural network
algorithm can enhance the performance of transformer fault diagnosis effectively.
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Fig. 1  Structure of SOM neural network
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Fig.2  Structure of LVQ neural network
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