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(b) Equivalent ANFIS (type-3 ANFIS)
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Tong(8] 2 19 0.469
Pedrycz[9) 2 20 0.776
Xuf10] 2 25 0.328
Sugeno[11] 3 6 0.190
Jool12] 2 6 0.166
RBFN(EM) 2 6 0.171
ANFIS(EM) 2 6 0.118
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