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PERFORMANCE EVALUATION OF OUTDOOR NAVIGATION ALGORITHMS
FOR THE WHEELCHAIR ROBOT

JERE1h
Keisuke Atsuzawa
fREHE Fyv Frva #HfE

TRBOR R FBEE T oA JERHEAR T e 3R

This paper proposes navigation algorithms for mobile robot through the odometry approach. The
proposed algorithms include the odometry-based algorithm which uses only odometry calculated from
robot motions, and the visual-assisted algorithm that applies visual data to assist in the navigation. The
visual-assisted algorithm takes the convolutional neural network with regression setups in addition to the
odometry. Goal of the visual-assisted algorithm help localize the robot in navigation by recognizing the
scene using camera images. Navigation algorithms are tested for outdoor navigation tasks in the specified
route. The experiments consist of two situations for navigation on the same route: with obstacles and
without obstacles. Experimental results state that the navigation using only odometry is sufficient for

navigation in the experimental environments. The visual-assisted algorithm is proved to be an interesting
alternative way of improvement for odometry, in which a large number of improvements and
optimizations for visual techniques of outdoor robot navigation are still available to be studied and

implemented further.
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Fig. 2 Wheelchair robot and components.
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Fig. 3 Odometry-based navigation flowchart.
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Fig4 Visual-assisted navigation flowchart.
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Fig6 Obstacles in experimental environment.
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Fig.8 Wheelchair robot avoids obstacles while being

navigated along the specified path.

Tab.1. Average errors of thenavigation in meters.
No Obstacles OIYZ ::.}clles
Odometry (Real) 0.97 m. 1.02 m.
Odometry (Data) 0.51 m. 0.56 m.
Visual (Real) 2.51 m. 2.05 m.
Visual (Data) 12.21 m. 8.23 m.
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