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Abstract
unstructured environment, and a new negative obstacle percep-

Negative obstacle perception is a difficult problem in

tion algorithm in unstructured environment with double multi-
beam light detection and ranging (LiDAR) is proposed. Firstly,
a distributed embedded architecture for LIDAR data acquisition
and processing is designed. Secondly, LiDAR points are pro-
jected to multi-scale gird maps and points density as well as
relative height of each cell is computed, with each cell marked
according to the feature. Then the geometric feature of negative
obstacles is extracted from point cloud, the key points in pair
are searched with both statistical characteristics and geometric
features. Finally, clustering algorithm is used to recognize nega-
tive obstacles. The algorithm does not depend on the flatness of
the ground and has been successfully applied to an unmanned
ground vehicle. The application shows that the algorithm is
real-time, reliable and has good detection ability.
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Table 1 Adjacent scanning point interval
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Table 3 Parameters of experiments and detection results
FREEA e~ & JRF W BB EE 2 FasE bR BE g
W5t 1 ElEaT i frg—5 3.5m X 3m 0.3m 20 m 17m
i 2 AR&ERAL rE—5 1.5m X 4m 0.5m 16 m 15m
P 3 |85 akA rigE—% 2.3m x 1.7 0.6 m 22m 21m
Wt 4 b3 IRt frg—5 0.5m X 1m 0.5m 15m 13m
it 4 Th EIEaE i T i—%5 0.5m X 1m 0.5m 16 m 16 m
Wt 5 B3 Ae4itafe frig—5 1lm X 1m 0.5m 15m 13m
W5t 5 T |2y N irig—% lm x 1m 0.5m 17m 15m
5t 6 pehithfy FIRRZE HiE 1m 1m 14 m 13m
4 FEENER L
Table 4 Algorithm time contrast
flitds FH THE (ms)
ES'S 3D HotEHLk Cortex-A81GHz CPU, 256MB RAM 15
SCHR (8] 3D Hotiik / 500
ik [9] 3D Btk 3GHzCPU, 2GB RAM 800
ik [10] 3D Btk Intel-17 CPU, 4GB RAM 15
SCHik [11] SEARLE Intel core i7-2620M CPU, 4 GB RRAM > 100
ik [14] 3D ¥tk Intel core i7-2620M CPU, 4 GB RRAM <10
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