Modified Kalman Filter Method for the Position Estimation of an Autonomous Mobile
Robot
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ABSTRACT

In order to improve on the divergence by noise convariance in the Kalman filter position estimation, we propose a method of position
estimating through compensating the autonomous mobile robot’s noise. Proposed method is the modified Kalman filter using neural network.
It is prevented the divergence by the estimation of measurement noise covariance and system noise covariance. In order to verify the

effectiveness of the proposed method, we performed simulations and experiments for position estimation. The results show that convergence
and position error is reduced than the Kalman filter method.
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Fig 3. The real position of the robot.
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Table 1. System specification
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