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Flexible Navigation System for Unmanned Ground Vehicle
Based on Multi-modal Sensing and Fusion

ZHONG Xun-yu, WU Dong-jie, CHEN Deng-long, ZHUANG Ming-xi,» WU Wen-hong. PENG Xia-fu

(School of Aerospace Engineering, Xiamen University, Xiamen 361005, China)

Abstract: An intelligent navigation system based on multi-source fusion positioning, semantic
mapping and motion planning is established to meet the needs of autonomous navigation of un-
manned ground vehicles in complex field environments. Firstly, the measurement subsystems,
such as IMU, wheeled odometer, visual SLAM and lidar SLAM, are fused for localization by error
state extended Kalman filter. Secondly, the semantic image of the environment is generated based
on the improved CNN semantic segmentation network, which is fused with the 3D lidar point
cloud, and the semantic 3D map is constructed using the maximum probability update algorithm.
Then, based on the passage cost computed by the projection of semantic and geometric informa-
tion, a local path planning method based on semantic dynamic window is proposed. Finally, the a-
bove sensing, positioning and planning methods are integrated into a complete intelligent
navigation system. In the tests of typical urban and wild scenes, the relative positioning error is
less than 0. 4% D, and it has a certain ability of tough navigation positioning and intelligent percep-
tion planning.

Key words: Multi-modal sensing; Semantic 3D map; Fusion localization; Motion planning; Error
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Fig. 1 Overall scheme of multi-modal information fusion based on ESEKF
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Fig. 2 Multi-modal fusion positioning architecture based on ESEKF
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Fig. 11 Positioning results in forest scene (night)
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Fig. 12 Positioning results in wild scene (mountainous area)
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Fig. 13 Real environment semantic segmentation results
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Fig. 14 Local semantic 3D map of urban environment I
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Fig. 15 Local semantic 3D map of urban environment II
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Fig. 16 Local semantic 3D map of wasteland
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Fig. 17 Local semantic 3D map of forest
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Fig. 18 Roadside avoidance test results (track)
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Fig. 19 Rock avoidance path planning results
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Fig. 21 Path planning results after high plant

semantic cost modification
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Fig. 22 A comparative experiment of path planning

with or without semantic information
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