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Forgetting factor based data-driven optimal iterative learning control

LI Jiawei' LIN Na' CHI Ronghu'
1 School of Automation & Electronics Engineering, Qingdao University of Science & Technology, Qingdao 266061

Abstract A forgetting factor based data-driven optimal iterative learning control method is proposed for a class of
nonlinear nonaffine discrete-time systems running repeatedly in finite time.First, an iterative dynamic linearization
method is introduced to transform the nonlinear system into a linear input and output incremental form.Second , the
main problems of the optimal iterative learning method are analyzed.To solve the problem that the control input can-
not respond in time due to the accumulation effect of historical information,an adaptive forgetting factor is designed
to make the method more controllable and flexible.The proposed control method is a data-driven control approach,
and the design and analysis process only depends on the input and output data of the system and does not contain
any explicit model information.Finally,the effectiveness of the proposed method is verified by simulation results.

Key words data driven control ; forgetting factor ;dynamic linearization ;iterative learning control



