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Abstract : Since various systems are becoming automated, ensuring the safety and robustness of their software is crucial.
Automated systems in robots and/or vehicles often rely on various virtual simulation pipelines, as failures observed on
hardware platforms can lead to critical safety issues. The introduced simulation system can support virtual testing of the
automated system, and digital twin technology is combined to replace the hardware testing procedure. However, the dynamic
characteristics of the platform must be modeled using numerous parameters, many of which are difficult to obtain in real-
world settings. Therefore, in this study, we introduce an automated pipeline for setting up a virtual hardware platform that
takes dynamic characteristics into account, using vehicle maneuvering datasets from both real-world and virtual
environments. This deep learning-based automated virtual dynamics setup pipeline ensures sufficient modeling scalability
and accuracy to serve as an effective substitute for hardware platform testing.
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Nomenclature s?°Y: body status at time ¢
s : chassis hidden status at time t nzzz : r<.)ll angle of the body at tin.le t
sPh - vehicle status at time ¢ Ifgody : pltch. angle of the body at. time t
X¢ : control input from the driver at time t St : predicted body status at time ¢
fot : time propagation network module for chassis
vxPe" : x-directional velocity of the vehicle at time t LME
vyPeh : y-directional velocity of the vehicle at time ¢ Ruked 23 AEFe AEaks x3ete] HZoll=
w?®"  : angular velocity of the vehicle at time t Aol vk Al o] k3t =AM of| F2l3br) Al A
acc, :pedal input from the driver (0~1) at time ¢ O = 1853 itk o] ¢} o] thFaf ] ERNFES &
brk, :pedal input from the driver (0~1) at time ¢ RE ge¥ole} o 2= o] &gkl x| o A = n| A
str,  :steering angle of the vehicle at time ¢ S FYAd F Y= 22 do] Sy 1 Qi) 7]E 9
fsus  :network module which describes the suspension AE&FY A28 FAS LA W =0 2 0l5lo]
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Fig. 1 Overall architecture of the physics-informed neural network for automated vehicle dynamic parameters setting pipeline using

the dynamic bicycle model
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Fig. 2 Flow diagram of the co-pretraining phase for suspension
network module and its inverse module
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Fig. 3 The proposed training scheme for post training phase which incorporate pseudo label and pseudo loss concept for enabling

the backpropagation considering the simulation tool
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fundamental of the vehicle dynamics
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