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Algorithm of SLAM Based on Robust EKF
LIU Petrfeng WANG Jian

(School of Environment Science and Spatial Informatics,China University of Mining and Technology,Xuzhou 221116, China)

Abstract The key problem of robot autonomous work is self-positioning. Kalman filter can be used to estimate the ro-
bot’s location. The model and key technology of SLAM was introduced at first in this paper. Then the theory of extended
Kalman filter was given. By analyzing the effect of error to the standard EKF model’s result,the model of robust EKF
was presented. This model implements an equivalent Kalman gain matrix built by introducing redundancy and predicates
residuals. An iterative scheme was suggested for solving the SLAM robust EKF solution. At last, the standard EKF-
SLAM model and the robust EKF-SLAM model were both actualized in programs. Autonomous robot’s moving trajec-
tory was simulated in the program. Simulation results show that the suggested algorithm can give correct location re-
sults.
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