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Optimization of RBF Neural Network
Based on Combination of PSO Clustering and Gradient Algorithms
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Abstract: Aiming at the bottleneck problem that restricts the development and application of radial basis function ( RBF) neural network, the
improved K-means clustering concept based on particle swarm optimization ( PSO) has been proposed to determine the number of hidden nodes.
In addition,by combining the gradient algorithm,via minimizing the objective function to adjust the data center and width of the hidden nodes
and weights of output,the optimization of RBF neural network is achieved. The optimized network is applied to the failure pattern recognition of
rolling bearings. The result of test indicates that the method can adaptively determine the number of hidden nodes of RBF neural network and
adjust the structural parameters to make the network featuring faster convergence speed and higher convergence precision,thus it can accurately
identify the failure pattern of rolling bearings.
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Fig.1 Basic structure of RBF network based

on Gaussian function
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Tab.1 Training sample data

F o5 WA m R’ H #x 1 & LB S TN

1 0.6925 0.6277 0.0559 0.3506 0.0001 0.0017 0.0048 0.0170 1000 EHTHR

2 0.0771 0.2097 0.5292 0.1406 0.0010 0.0058 0.7956 0.1313 0100 PR B i

3 0.0071 0.0141 0.8850 0.0225 0.0004 0.0005 0.4647 0.0024 0010 N

4 0.0474 0.0468 0.4957 0.0170 0.0013 0.0032 0.8656 0.0164 0001 R BN
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Tab.2 Testing sample data
F 5 WA moooR WA RE
1 0.7402 0.5912 0.0459 0.3166 0.0001 0.0015 0.0042 0.0150 EH TN
2 0.0796 0.2293 0.5804 0.1444 0.0008 0.0067 0.7499 0.1449 PR P s
3 0.0063 0.0118 0.9035 0.0190 0.0004 0.0006 0.4279 0.0025 AP i
4 0.0401 0.0502 0.4611 0.0193 0.0005 0.0021 0.8847 0.0163 b L N
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Fig.2 Approximation curves of RBF neural network error
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Tab.3 Output of RBF neural network

P 5 L kB W W H 5 R R E
1 1.0000 -0.0233 -0.0035 0.0038 1000 E#THR
2 0.0940 0.9833 -0.0383 0.0256 0100 P P s
3 -0.0180 -0.0490 1.0364 0.0063 0010 A1 B K
4 0.0764  0.0819 -0.0434 0.9921 0001 R B
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