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Application of diagonal recurrent neural network in power transformer fault diagnosis

DUAN Hui-da, LIU Xue-jun, BAI Jing

(School of Electric and Information Engineering , Beihua University, Jilin 132021, China)

Abstract: A simple recurrent neural network named diagonal recurrent neural network is studied in this paper. To overcome the
slow convergence of the BP algorithm, recursive prediction error algorithm is proposed, which can train both the weight and the bias.
This algorithm can improve the astringency and increment learning ability of the neural network effectively.In addition, the recurrent
neural network trained with RPE algorithm is used in fault diagnosis of power transformer based on improved three-ratio method. A
model of fault diagnosis based on DRNN is established. Some data are used to simulate, the simulation diagnosis demonstrates the

effectiveness of the proposed algorithm.
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Tab.1 Fault character and fauit diagnosis table of improved

three-ratio method
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Fig.2 Simulation curve of BP algorithm
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Fig.3 Simulation curve of RPE algorithm
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Tab.2 Fault diagnosis results of arithmetic BP algorithm and RPE algorithm

Fg H.  CH, CH  CHe CH co C0. BP 2 M4 R RPE 2 W45 R

1 73 520 1230 140 7 410 5 500 iR Ay I #

2 259 863 994 393 6 974 7 038 TRR T #Hx iR

3 80 20 20 6 62 190 240 RAEHH Pt

4 260 130 84 26 92 260 7 400 Ha Al EL LB

5 66 86 7 100 8 310 1800 HLL R e L6 G duk ]
6 2781 1293 23 248 84 750 - fEfemE fEEER

7 170 24 17 7 54 1100 10 000 KIEB KIETH HL

8 58 55 110 10 70 71 9 990 L P A AT LI L SR Her
9 610 1200 1800 300 6 180 2 000 eh i it Hve At

10 78 28 29 13 110 120 400 fRAER A KRR A
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