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The RBF neural network based on the Kalman filter algorithm and
biradial transfer function

SONG Shao Yun
(College of Information Technology Engineering , Yuxi Normal University, Yuxi 653100, China)

Abstract: RBF neural network, with simple training, high efficiency of study, and be not easy to lost in local minimum,
etc., is widely used in signal processing and pattern recognition . Although the commonly used RBF network is easier to built, their
fixed structural or high complexity, usually causes too long learning time or a waste of network resources. For the above reasons,
the extended Kalman filter is proposed as RBF learning algorithm, and the biradial function is used in hidden layer. By approaching
the results of the benchmark analysis, we make it clear that this alorithm is more generalized nature than any other network model .
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R APE TRS APE TES
GMDS model Kongo 4.7 5.7
Fuzzy model 1 Sugeno 1.5 2.1
Fuzzy model 2 Sugeno 0.59 3.4
FNN Type 1 Horikawa 0.84 1.22
FNN Type 2 Horikawa 0.73 1.28
FNN Type 3 Horikawa 0.63 1.25
M-Delta model 0.72 0.74
Fuzzy INET 0.18 0.24
Fuzzy VINET 0.076 0.18
IncNet 0.119 0.122
IncNet Rot 0.053 0.061
S 3k
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