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Abstract : As the development of control systems used to improve vehicle driving stability becomes more advanced,
determining the intervention time of the control logic has become increasingly important. Oversteer is one of the critical
factors in determining the lateral stability of a vehicle. Therefore, not only autonomous vehicles, but all vehicles require
accurate predictions and judgments for oversteer to ensure driving safety. In this paper, a neural network-based artificial
intelligence methodology was used to predict the presence or absence of oversteer. While previous research has been
painstakingly conducted with complex judgment conditions and lookup tables, the oversteer decision model based on
artificial neural networks of this paper can save time and cost because it can determine whether oversteer occurs without
having to consider different individual variables. This model has been validated by using real vehicle experimental data
under different driving scenarios.
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Table 1 ANN model structure

Layer name Output shape Parameters
Input (1 x 11)
Dense (1 x256) 3072
Dropout (1 x256) 0
Output (1x1) 257
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Fig. 2 Output of ANN model for low-mu 70 kph slalom
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