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Abstract The precision motion platform is a fundamental component of semiconductor equipment, with
its motion performance serving as the foundation for the entire system. In engineering applications, the
nonlinear characteristics of the moving platform., such as the nonlinear forces introduced by flexible
steering, cable forces, and maglev compensation, significantly impact precision motion control. Tradi-
tional feedforward control methods, such as the inverse model feedforward approach, require substantial
energy to accurately construct the inverse model of the object plant. Meanwhile, the iterative learning
feedforward method demands high repeatability of motion conditions. Additionally. adaptive feedforward
control can lead to instability in the system’s transient response during parameter adjustments. To ad-
dress these challenges, this paper proposes an inverse model feedforward controller based on a physically
guided radial basis function (RBF) neural network. This approach leverages the RBF neural network’s
superior nonlinear function approximation capabilities and employs the gradient descent method for auto-

matic model optimization, thereby significantly reducing the modeling workload. Furthermore, by incor-
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porating prior experience of acceleration feedforward into the RBF neural network inverse model, the

proposed method effectively reduces tracking error and enhances the system’s response speed.

Key words RBF neural networks,

control
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Table 2 Trajectory tracking error data for three different
controller types

PR 2 (AR E2E / mm)

FE 22

W 1 Wi 2
PID 0.0506 0.0253
PID+RBFNN 0.0230 0.0115
PID+PG-RBFNN 0.0018 0.0009
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