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A robust cascaded method for point cloud motion state determination

Gao Jiaxin,Sui Xin, Wang Changgiang, Xu Aigong

(College of Geomatics, Liaoning Technical University, Fuxin 123000, China)

Abstract ;: Dynamic targets directly affect the localization accuracy and mapping quality of light detection and ranging-based simultaneous
localization and mapping ( LIDAR SLAM) , thereby posing potential safety risks to practical applications such as autonomous navigation
and spatial planning. However, existing studies generally have limitations such as reliance on heuristic thresholds, requirement for
abundant features, complex model structures, and inadequate real-time performance. Therefore, this paper proposes a robust cascaded
method for point cloud motion state determination. First, a sliding window containing six frames of point cloud data is constructed. Based
on the clustering results of each frame within the window, a dual centroid registration strategy is adopted to establish continuous matching
relationships for point cloud clusters belonging to the same target. On this basis, five unit-length relative position change vectors and
point cloud density change vectors are constructed respectively. Second, the local outlier factor (LOF) is used to mark as stable static
those point cloud clusters whose relative position change vectors cluster near the zero vector. Among the remaining clusters, those whose
point cloud density change vectors cluster near the zero vector are marked as stable dynamic. Finally, this study adaptively optimizes the
kernel density estimation (KDE) algorithm to acquire the peak distribution of coordinates inside point cloud clusters, and evaluates peak
stability within the window to distinguish unstable static or dynamic point cloud clusters caused by occlusion or field of view changes.
Furthermore, after each window update, the point cloud clusters already marked as dynamic are no longer subjected to the
aforementioned motion state judgment process, thereby greatly reducing the processing time. Experiments show that the correct detection

rate of dynamic point clouds in this study reaches 0. 928 2, the false detection rate of static point clouds is only 0. 043 6, and the single-
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frame point cloud processing time is 28. 15 ms. In actual measurement scenes, its performance is generally superior to that of

comparative methods, and it exhibits stronger robustness and applicability.
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Table 2 Quantitative indicators of detection performance for four methods
FRbRAE Y YiSms XL 1 XTL i 2 XL 3 AR
1 0.783 17 0.850 0 0.895 6 0.919 9
BHSERS 2 0.840 3 0.904 8 0.923 7 0.933 8
IE A ’ ' ' '
ZA 0.817 5 0.882 8 0.912 4 0.928 2
1 0.001 5 0. 000 6 0.000 5 0. 000 2
BIESEES
2 0.000 9 0. 000 4 0. 000 2 0.000 1
AE ARG I 2%
Zh 0.001 9 0.001 2 0.000 5 0. 000 2
1 [0.7824,0.7850] [0.849 2,0.850 8] [0.894 8,0.896 3] [0.919 4,0.920 4]
BRI R B IEH
N NN 2 [0.8394,0.841 1] [0.904 3,0.905 4] [0.9234,0.924 1] [0.9335,0.934 1]
R 3R 8 A (X [A]
s [0.816 6,0.818 4] [0.8820,0.883 5] [0.9119,0.912 9] [0.927 9,0.928 5]
1 0.2357 0.201 4 0.1100 0.055 1
BhBER=S 2 0.094 9 0.040 3 0.036 3 0.0359
IR I ’ ' ' '
Ze 0.1515 0.1051 0.066 0 0.043 6
1 0.000 9 0.001 4 0. 000 4 0.000 1
BHBER =R 2 0. 000 4 0. 000 2 0.000 1 0.000 1
R 5y 2 ’ ' ' '
=24 0.005 4 0.007 0 0.001 5 0. 000 2
1 [0.234 7,0.236 8] [0.200 1,0.202 7] [0.109 3,0.110 6] [0.054 7,0.055 4]
BARERS B R
N NN 2 [0.094 4,0.095 5] [0.0399,0.040 7] [0.036 1,0.036 6] [0.0357,0.036 2]
6 0 2 {55 X )
Ze [0.150 0,0. 153 1] [0.103 3,0.106 9] [0.0651,0.066 8] [0.043 4,0.043 9]
1 20.03 67.63 36. 46 24.23
PRI 2 b3
) 2 27.95 59. 82 47.89 32.07
FET/ms
T 23.99 63.73 42.18 28.15
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Table 3 Target classification rules

G RARA $1 RS 553 %
RA/m’ (0,2] (2,15) [15,+e)
MR/ (mes™) (0,5] (5,10) [10,+)
{7 E/m (0,15] (15,30) [30,+ )

R4 TREIZEH BARERNIZER

Table 4 Detection effects of targets in different categories

B3] M B IERIE  FES A SRR %

ERES 0.9306 0.0413

R 2k 0.9315 0.039 2
ERE S 0.922 3 0.044 7
ERES 0.892 1 -

HE 2k 0.936 0 -
H3k 0.977 5 -
EBES 0.942 7 0.028 6

(A S 0.923 5 0.042 3
ERES 0.910 6 0.065 9
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5 P LA SN  URRAE TR A2 A AT AR T 4%
Gy H AT B AR, (0 R SR (e AR M o A AL o]
AR LR T v /N R E b AR R AR A D) B BE A o R
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Table 5 Performance comparison of point cloud motion state

determination between cascaded and parallel architectures

PSR IENE BEEE #ESAE BhEs
SR ERNK EMRRI R AR Ab3EE

HIEEM 0.9282  0.0002  0.0436  0.0002  28.15

A% 0.8927

FILARR Y, Z AT B — 22 FH B R, A
I B35 R O e AR AF A (14 T B0 S R m R AR O
WD 5 RN R4 T AW B I 5 = R 5 B AL P
AR PRI (R RS P I R RRALE | T Wfe S8 35 A 18 B3 TU A
[ A L T, R AR A e B i B A i £33 5 P fE L T

0.0002 0.0371 0.0001  41.68
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Table 6 Performance comparison of point cloud motion
state determination for cascaded architecture under

different missing detection ratios

Y z‘dj?&gimﬁ #{e?&}ﬁz} VR
ERIIES BRI AR IRAE/ms
0 0.928 2 0.043 6 28.15
5 0.926 9 0.044 1 28.81
10 0.926 4 0.044 7 29.68
20 0.9250 0.047 2 31.53

225 R H BN S 2 IE AR I L T 3. 98% , i b 34
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