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Abstract; To achieve LiDAR-based precise pose estimation and mapping in dynamic environments
is a big challenge in the field of simultaneous localization and mapping( SLAM ). Dynamic objects
can significantly interfere with a robot’s environmental perception and autonomous navigation. To
address the decline in SLAM accuracy caused by moving objects in dynamic environments, this
study proposes a low-cost yet effective LIDAR SLAM algorithm to eliminate dynamic interference.
The algorithm introduces depth map projection to identify and remove dynamic point clouds by de-
tecting pixel value fluctuations between consecutive depth maps. Ground point cloud segmentation
is then performed, leveraging non-ground point cloud features for pose estimation and mapping.
Ground point cloud features are utilized to impose ground constraints , mitigating height drift. Addi-
tionally, loop closure detection is incorporated to correct global pose drift. Experimental results
demonstrate that,compared to LOAM, LeGO-LOAM, and SuMa, the proposed algorithm more ef-
fectively filters out dynamic objects, delivering superior localization and mapping performance with
enhanced robustness.
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Fig.2 Dynamic removal principle diagram
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Fig.3 Dynamic-static segmentation visualization diagram
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Fig.5 Point cloud feature extraction algorithm flowchart
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Fig.7 Adjacent frame depth map

HIPE 7 R R I o 2 BT A A A TS
PIITESE H A A R F I A, BV R H S B B
B SR IR R A X s g, SRR A R R
B AR SO T S ARSI B BRI T sh S i OF
W H A TG T, b0 5 2 AR TR B2 A
LBl

TE Ours BH5 5 I 24745 L XA SCR L
3 2 H bs 5 BRI AT R, 45 R 3% 1 R,
AL AR AN R PR B 3 25 BRI SE 8L T
AR, TwAEEEN 0% ARG bR T sh & B
PRI

®1 HTERHBRER

Table 1 Dynamic object removal results
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