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An application of Bayesian Active Learning to Vehicle dynamics performance design

O Wi w8 (k3% 5E)H)
1E A 22 (b3 2 AE)E)

1E Bra W (ha sy a@E) IE Bl Sig (b 3 2 3BiE)
B (haAEE) B OLKER(h 3 2 HEhE)

Hisashi TAJIMA, Toyota Motor Corporation, hisashi_tajima_aa@mail.toyota.co.jp
Kohei SHINTANI, Toyota Motor Corporation, kohei_shintani@mail.toyota.co.jp

Azuki OGOSHI, Toyota Motor Corporation, azuki_ogoshi@mail.toyota.co.jp

Mikoto YAMAMOTO, Toyota Motor Corporation, mikoto_yamamoto@mail.toyota.co.jp
Motofumi IWATA, Toyota Motor Corporation, motofumi_iwata@mail.toyota.co.jp
Kotaro HOSHIHARA, Toyota Motor Corporation, kotaro_hoshihara@mail.toyota.co.jp

Drivability is a key aspect of vehicle dynamic performance and comprehensive evaluation is necessary for ensuring
drivability quality as such complicated driver operation and vehicle behavior. Furthermore, vehicle control program
would be complex for safe and secure vehicle dynamic performance. This paper proposes a novel automated

drivability screening system. The proposed system is composed of automated evaluation sub-system and automated
exploring sub-system. The automated evaluation sub-system is drivability evaluation by using driver model and PT-

VRS equipment to mimic expert driver. The automated exploring sub-system is used to explore feasible region of
design space described by control parameters and simulation conditions. To show effectiveness of the proposed
system, an example is demonstrated by comparison to expert driver.
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Fig.1 Drivability Automatic Screening System (DASS)
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