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Abstract: Piezoelectric actuators (PEA) are widely used for micro-nano-positioning and precision manu-
facturing due to their high resolution and rapid response. Inherent hysteresis nonlinearity affects control
performance and restricts high-accuracy applications. To overcome the limitations of the classical Prandtl-
Ishlinskii (P-I) model in representing complex nonlinear hysteresis phenomena, a multilayer neural net-
work-enhanced P-I modeling approach was proposed. The method used a neural network to dynamically
map the weights of Play operators while ensuring that the model remained invertible and physically inter-
pretable. Bayesian regularization was adopted during training to improve the ability to fit nonlinear systems
and enhance generalization. Based on the improved model, an inverse-model-based feedforward controller
was designed and validated in real-time experiments. Experimental results show that the proposed feedfor-
ward compensation reduces the normalized RMSE to 0. 65%, 0.76%, and 1.82% under triangular, sinu-
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soidal, and hybrid inputs, significantly outperforming the classical and its polynomial variants. The meth-

od exhibits strong robustness across diverse input conditions and demonstrates good engineering applicabili-

ty in complex hysteresis modeling and high-precision control.
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Tab.1 Structural parameters of the neural network

Parameter name Parameter value

Input layer nodes 10
Hidden layer nodes 10,8
Output layer nodes 1

Activation function RelLU, Linear

Training algorithm Bayesian regularization
Number of iterations 600

Target error 0.1
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Tab. 2 Comparison of hysteresis loop errors of the inverse model

Model ME/V RMSE/V NRMSE/ %
Classical P-I inverse model error 7.45 5.30 3.54%
Polynomial-modified P-I inverse model error 3.07 0.89 0.59%
Neural network modified P-I inverse model error (proposed method ) 1.29 0.27 0.18%
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Fig. 11 Sinusoidal wave trajectory tracking
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Tab.3 Comparison of feedforward compensation effects

Triangle wave

Sine wave Mixed wave

Control strategy ME/ RMSE NRMSE ME/ RMSE NRMSE ME/ RMSE NRMSE
pm /pm /% pm  /pm /% pm  /pm /%
Uncompensated 12.89 6.88 5.73 13.34 7.64 6.36 10.33 4.88 4.06
Classical P-I feedforward compensation ~ 8.99  3.09 2.58 9.96 3.68 3.07  8.82 4.12 3.44
Polynomial-modified P-I feedforward
. 4.96 1.89 1.58 5.19  2.30 1.92 7.13 3.70 3.09
compensation
Multi-layer neural network modified P-I
feedforward compensation 2.63  0.98 0.65 3.28 0.92 0.76 6.4 2.18 1.82

(proposed method)
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