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Parameter Value
No. of inputs 50
Polynomial Type Linear
Fuzzification coefficients 2
No. of rules [4 6810 14]
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Pattern Classifier Rate(%)
No. of Rules R TR
4 96.50+0.43 94.41+0.76
6 98.61+0.18 96.12+1.09
8 99.46+0.05 97.03+0.64
10 99.91+0.03 97.21+0.99
14 100+0.00 97.910.81
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