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Abstract :

The estimation of the position and the orientation for the mobile robot constitutes an important

problem in mobile robot navigation. Although the odometry can be used to describe the motions of the mobile
robots, there inherently exist the gaps between the real robots and the mathematical model, which may be
caused by a number of error sources contaminating the encoder outputs. Hence, applying the standard extended
Kalman filter for the nominal model is not supposed to give the satisfactory performance. As a solution to this
problem, a new robust extended Kalman filter is proposed based on the Krein space approach. We consider the
uncertain discrete time nonlinear model of the mobile robot that contains the uncertainties represented as sum
quadratic constraints. The proposed robust filter has the merit of being constructed by the same recursive
structure as the standard extended Kalman filter and can, therefore, be easily designed to effectively account
for the uncertainties. The simulations will be given to verify the robustness against the parameter variation as
well as the reliable performance of the proposed robust filter.
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Fig. 1. A mobile robot with a dual
drive and encoder system
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Fig. 2. The representation of the state
vector for the mobile robot in a
global coordinate frame
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