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Design variables LB UB
X1 Switching amplitude (Initial: 0.2) 0.12 | 0.5
X2 Shifting frequency (Initial: 0.0) 09 20
X3 Scaling amplitude (Initial: 1.0) 0.8 1.2
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Objective function FA
fi Idle vibration performance (Minimize) <03
f2 Ride comfort performance (Minimize) <03
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