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In this poster, we propose a recursive system identification approach for Uncrewed
Ground Vehicles (UGVs) driving on unseen challenging terrains with prior from a
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e Our approach, BLR-RFF (Bayesian-Linear-Regression-updated Random Fourier DUI”O® with
Features), applies Bayesian linear regression to learn RFF weights for residual GPS Receiver outdoor
dynamics in a recursive manner, leveraging a baseline terrain prior to generalize to | i :
unseen terrains. with RTK OcCalization

e Our approach also enables uncertainty estimation through posterior covariance,
which has not been considered in existing RFF-driven residual dynamics literature
(e.g., Zhou and Tzoumas, 2025).

e BLR-RFF provides a vehicle motion model and constraints within a robust model
predictive controller (RMPC) framework capable of updating such a model online
while performing field tasks. The details and experimental results of our RMPC
iIntegrated with BLR-RFF will be reported in a full-length paper.

 \We demonstrate BLR-RFF on data collected from unstructured outdoor
environments, marking the first outdoor validation of an RFF-driven residual
dynamics approach.
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Each curve shows how prediction error accumulates as the horizon grows. Our approach achieves the lowest among others: exper
Nominal only, gres by Gaussian process (GP) and gres by multi-layer perceptrons (MLP).
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