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INTRODUCTION

When should | consider using ILC?
e thetask is repetitive
e same initial conditions
e compensate repetitive errors
o model-plant mismatch

o exogenous disturbances
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Optimization-based ILC
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e Model correction Arimoto |
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e Model inversion 1
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o other type of tasks can be considered, e.g. time-optimal
motion

o Constraints can be easily added, e.g input saturations
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Task flexibility in ILC
« Model

e Explicit corrections terms

o non-parametric corrections: 3 represents a disturbance
o parametric corrections: 8 adapts physical parameters

How to combine this correction to trade-off performance vs flexibility?
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Stability and convergence analisys
e Model correction: Disturbance/parameter Estimation (NLP)

e Model inversion: Optimal Control Problem (NLP)

e Nonlinear system dynamics
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