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in the terrain model could cause the robot to slip and fall. 500 . 9

ERM increases mean contact distance as uncertainty increases
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Objectives

1. in the friction coefficient and contact
point location and develop a corresponding contact-sensitive objective.
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Standard Complementarity Problem for Contact We investigated the use of the ERM method [4] to model uncertainty
Normal Distance Constraint Increasing uncertainty leads to increasing mean uncertain variables N In the terrain parameters and generate robust trajectories.
o(q) >0, Anv=>0, ¢(q) Av=0 ) 1. in the friction coefficient and in the contact location.
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T e — )\ = x x x x Future work could combine ERM with Bayesian inference to estimate
v (BAN=AT) = terrain parameters in ERM from locomotion data.
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