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An Explicit Geometric Feature Matching LIDAR SLAM Method
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Abstract: Currently, most LIDAR-SLAM systems utilized front-end odometry to estimate the initial
pose and back-end optimization to refine the pose, but they lacked batch back-end optimization ap-
proaches. To address these issues, a comprehensive LIDAR-SILAM system was proposed based on ex-
This system employed agglomerative hierarchical clustering for plane feature

LI Nianxuan'

plicit geometric features.
point cloud segmentation and employed local curvature computation to filter linear feature points. Further-
more, the initial pose estimation of LiDAR motion was achieved through registering point cloud features
and submap features. A local state optimization method was utilized based on linear and planar primitives,
where linear and planar factors were merged within a factor graph model. By minimizing residuals between
linear-to-linear and plane-to-plane associations, joint batch optimization of pose, linear, and planar param-
eters was achieved. Experimental results demonstrate that the proposed SLAM system achieves high preci-
sion localization and map construction in various scenarios, meeting real-time SLAM requirements.

Key words: simultaneous localization and mapping (SLAM) ; LiIDAR odometry; feature extraction;
nonlinear optimization
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Fig.1 Depth image of an ordered point cloud
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Fig.3 Schematic diagram of the rough segmentation

effect of the AHC plane
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Fig.5 A 3D point cloud of the result of plane

segmentation
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Fig.6 The 2D projection of the results extracted from a

straight line

7 BEERBERNZ%ER
Fig.7 The 3D point cloud extracted from the linear

results
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Tab.1 Newer college dataset sequence information

JF#91 44 Bk Vg Wik | eS| OBPC/s | KE/m
J751 1 J5 I BE b 1991 | fajep 198 246.7
741 2 J5 I BE B 1910 | 4 190 260.4
JF5 3 I 3 JHE 2788 | faj i 190 428.8
JPH4 | BUERESEE | 2160 | (R 216 263.6
JPHIS | BOERESEE | 1770 | T 176 176.9
J¥ 51 6 H R A 1412 | faj 141 162.5
73 7 H R 1487 | W4 148 174.1

K FH DL 4 6 00 1R 25 A SLAM R 48
A T B30 R SE BT 22 R] A R 25 il R4 7 AR
% 2% (root mean squared errors RMSE) 4t 11 ATE
KA R GE MRS B . AR SO VR R B RN - T R
TE RO B 38 SLAML T LAFE N SCh iR RGN
LPL-SLAM, 5 5 Wl i T A-LOAM. LeGO-
LOAM DL K A 3 ) LPL-SLAM, i& % LPL-
SLAM # ¢ i 728 44 55 0 1 A7 1 fil 55 36 LA 36k )
Uity v L 2 PR LS 1T PR DA R TR B R A A Ak sk
B TR RSB BRAUEE H E N F R RS HR
LL-LO, FRALE 7 H 19 & 48 LP-LO, FR
it FH B2 DR R0 1T R AN 2R AT SRR AR Y R B
3 LPL-LO. A-LOAM, LeGO-LOAM, LPL-
SLAM Ko HCAR (A% i K 25 51 0L 3 2 3k 3.

e 2 FIN 7N O 2 0 LI S RS R 22 L TR AR A
X U3 B 1% 25 5 1 LPL-SLAM 7 6 4~ ¥ 41 I
KB s O iR 2 Wi /N . 3R 3 TR Sl 4 X
BT AR AR 22 L TG M R o I A R R 22 T I
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Tab.2 Absolute trajectory translation error m
RS J741 1 J7 51 2 J7 51 3 751 4 J7 51 5 7516 P57 B2

A-LOAM 0.0856 0.4034 0.2639 0.0863 0.8257 0.1451 0.1935 0.2862
LeGO-LOAM 0.0929 0.5453 0.1865 0.1303 0.4315 0.1081 0.1311 0.2322
LL-LO 0.1139 0.3569 0.2942 0.1522 0.3162 0.1255 0.1629 0.2174
LP-LO 0.1068 0.3847 0.1742 0.1182 0.2835 0.1138 0.1497 0.1901
LPL-LO 0.0888 0.2912 0.1224 0.0804 0.2617 0.0919 0.1244 0.1515
LPL-SLAM 0.0865 0.2891 0.1027 0.0685 0.2388 0.0683 0.0935 0.1353
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Tab.3 Absolute trajectory angular error )
Ik J751 1 J7 51 2 751 3 751 4 J7 51 5 751 6 7517 T H iR 2
A-LOAM 1.3262 2.1683 1.8402 0.6375 3.9587 2.1558 2.6240 2.1015
LeGO-LOAM 1.3705 2.3082 1.9917 0.8802 3.3395 2.3710 2.3344 2.0851
LL-LO 2.1462 2.3851 2.3518 0.9573 3.6842 2.3568 2.5713 2.3504
LP-LO 1.7438 2.4692 2.1566 0.8359 3.1183 2.1366 2.1724 2.0904
LPL-LO 1.3405 2.2011 1.6433 0.5451 2.9053 1.9088 2.1230 1.8096
LPL-SLAM 1.2309 2.1816 1.5943 0.5553 2.8719 1.9140 2.0116 1.7656
LPL-SLAM 7 54~ 81 1 H6 J4 i i, HLoF 4% 2% 7 A-LOAM
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R Y 5 A KRR
wHr.
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Tab.4 Scene diagram of a custom dataset

I3 4 Bk 75 S %5 /s K& /m
Jr 5 1 B A 3422 343 386.4
J¥ 5 2 LIk 2904 291 321.7
J7 51 3 EN=X 4284 429 606.4
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Pt S B B R R TR N [ — LG
ity 3] 3ty 14) AH X637 #2815 2% (relative pose error, RPE)
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Fig.8 Experimental results of self-made

TR

data set sequence 1

A-LOAM
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_5 .
_15 -
el 5 1 1 1 1 ]
=50 <30 -10 10 30 50
Y/m
()BT 53

(D) RGEIB T REE
9 BHBEEFII2IBER

Fig.9 Experimental results of self-made

data set sequence 2
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Fig.10 Experimental results of self-made data set
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Tab.5 Relative translation/rotation error
T 5 44 R A-LOAM LeGO-LOAM LPL-LO LPL-SLAM
51 0.131 m/2.146° 0.245 m/2.436° 0.104 m/1.708° 0.075 m/1.485°
JF32 0.096 m/2.348° 0.075 m/2.341° 0.091 m/1.522° 0.062 m/1.379°
JF31 3 17.43 m/5.269° 0.535m/2.571° 0.205 m/2.675° 0.121 m/1.841°
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Tab.6 Runtime of each module ms
¥ 3 4 Bk FRAE $ H Ak Bk &Rtk
LPL-SLAM/Newer College Dataset J¥%1] 1 24.07 20.67 19.44 88.53
LPL-SLAM/# 5t 4E 1551 1 17.51 14.97 26.02 109.6
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Tab.7 Local optimization runtime ms
J¥ 5 44 Jay B A
LPL-SLAM/Newer CollegeDataset J7 51| 1 19.44
LPL-SLAM /£ e ¥t 4 7751 1 26.02
A-LOAM/Newer College Dataset /541 1 10.27
A-LOAM/ K B di 45 1541 1 11.98
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