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Landmark SLLAM using planar features in artificial environments
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This paper presents online SLAM for self-localization of mobile robots in artificial
environments. This proposed method exploits global planar features as landmarks in extended
Kalman filter (EKF). Planar features are extracted from point-cloud of 3D LiDAR by clustering
normals which are computed by principal component analysis (PCA). These observed features
are associated with registered landmarks. Some geometric constraints are used in this
association in order to avoid false matching. Observed features which are not associated with
any landmarks become new landmarks. The state vector of EKF has states of both a robot
and landmarks. Prediction steps compute integration of angular velocity from gyroscope and
linear velocity from wheel encoders, respectively. Observation steps update states by using
association between observed features and landmarks. The state vector is augmented when the
new landmarks are registered. Similar landmarks are merged as necessary. To evaluate the
proposed method, an experiment with an actual robot was performed. It showed the method
suppresses accumulative error of localization by using the landmarks.
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Fig. 1 System architecture.
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Fig. 2 Depth-Gaussian sphere
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Table 1 Average in 5 sets of the driving.
error in... H Proposed method  Gyrodometry LOAM

x[m] 0.058 1.165 0.192
y[m] 0.024 0.370 0.094
z[m] 0.054 6.373 0.200
dpye[m] 0.094 6.504 0.314
¢ |deg] 0.24 1.10 1.30
0[deg] 0.11 1.73 2.16
y(deg] 0.95 7.12 1.34
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