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A Study on Pattern Recognition Using Polynomial-based Radial Basis Function
Neural Networks
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<& 2> Iris dataset 2343
Number of Rules | Training dataset | Testing dataset
AVGESTD AVGHSTD
Constant 72.7189+4.28 72.381+6.39
2 Linear 99.3874+0.232 99.841 +0.419
Quadratic 99.59+0.328 99.681+0.542
Constant 99.115+0.179 98.36£1.02
3 Linear 99.1831+0.232 99.21+2.12
Quadratic 99.5910.197 100+0.00
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4 9.3% @) | 993% (1) | 99.3% (1) Constant 92.39+0.55 94.9+1.29
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4 ' 99.67%(144) - Constant 91.82%0.37 93.65+1.44
967% 13) 3 Linear 97.02£0.46 982406
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