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On Estimation Algorithm for Low Speed Maglev Train Based on BP Neural Network

Liu Shaoke', Zhang Wenya?
( 1. National University of Defense Technology> Changsha 410073, China; 2. Army 63999, Peking 100094, China )

Abstract: Maglev train is a new vehicle without support wheel and its movement speed is gained by means of a special

measure equipment. By using BP neural network arithmetic , the maglev train speed can be estimated by means of combining

characteristics of'its traction linear induction motor. Based on a dynamic simulation experiment , real speed measure result is

near to theory calculation. This shows the method is feasible. In view of the method , it can economize expensive cost for

speed measurement of maglev train , reduce system equipment complexity, and also advance work reliability of entire train

system.
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Fig.1 Speed estimate principle based on

neural network theory
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Fig.2 BP neural network structure
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with BP network grads drop arithmetic

20

LIM KEFAHEE / (rad+s™)
W

0
— T
. o i
20 4‘0 6b 8(I) 100

/s

5 RAL-MEEMGITEXMNEELLER
Fig.5 Estimation and measure speed comparing
with BP network L-M arithmetic
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Table 1

with two BP network arithmetic

Training parameter comparing
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BRI T Rl 081 500 156.18 2.139 43
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