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Fig. 1. The proposed RKMPC framework uses two linear MPC to calculate control inputs: a linear MPC computes
the baseline control U,y based on the vehicle kinematics model, and a neural network-based residual Koopman
MPC computes the compensation AU. The final control command is obtained by adding these two components.
Compared to traditional Koopman-MPC, this approach reduces training data requirements and enhances control

performance.
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TABLE II
TR LR o R PORTEREE A . BRITIRZE . MR ZERITT SRR .
Method ‘ Lateral Error (m) ‘ Heading Error (rad) ‘ Front Wheel Angle Rate (rad/s) ‘ Computation Time (ms)
(baseline) 0.1115 0.0475 0.1570 tmean = 2.38 , tmax = 13.30
0.0808 0.0443 0.2414 tmean = 13.68 , timax = 66.38
0.1650 0.0436 0.1794 tmean = 3.78 , tmax = 17.58
0.0990 (| 11.21 % ) | 0.0434 ( | 8.63 % ) 0.1175 ( | 27.58 % ) tmean = 6.73 , tmax = 16.14
TABLE III
RSP BRI . BERE . AR IRZERIVT SN ] .
Method ‘ Lateral Error (m) Heading Error (rad)  Front Wheel Angle Rate (rad/s) Computation Time (ms)
(baseline) 0.284 0.1441 0.213 2.23
) - - - 6.54
0.2213 (1 22.08% ) 0.1213 ( | 15.82 % ) 0.2113 ( 1 0.80 % ) 8.55

* The symbol ‘-* indicates that could not complete a full lap.
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