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ABSTRACT

This paper presents a comparative study between the parameter—optimized Pacejka model and artificial
neural network model for the tire force estimation. The two different approaches are investigated and compared
in this study. First, offline optimization is conducted based on Pacejka Magic Formula model to determine
the proper parameter set for the minimization of tire force error between the model and test data set. Second,
deep neural network model is used to fit the model to the tire test data set. The actual tire forces are
measured using MTS Flat—Track test platform and the measurements are used as the reference tire data
set. The focus of this study is on the applicability of machine learning technique to tire force estimation. It
is shown via the regression results that the deep neural network model is more effective in describing the
tire force than the parameter—optimized Pacejka model.
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. 2 Estimation results at pure sideslip angle using
parameter—optimized Magic Formula model
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Fig. 3 Estimation results at pure sideslip angle using artificial
neural network
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Fig. 4 Estimation results at pure longitudinal slip using
parameter—optimized Magic Formula model
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Fig. 5 Estimation results at pure longitudinal slip using
artificial neural network
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Fig. 6 Estimation results at combined slip using parameter—optimized Pacejka Magic Formula model
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