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Advances in SIE 3D Lidar SLAM technology

Zhou Zhiguo,Di Shunfan,Feng Xin

(School of Integrated Circuits and Electronics, Beijing Institute of Technology, Beijing 100081, China)

Abstract : Because Lidar can directly obtain ranging information and is more robust than visual sensors to environmental changes such as
illumination, the technology of laser synchronous location and mapping ( SLAM) has been widely developed in recent years. The
traditional laser SLAM has made a lot of research achievements. But, it only uses geometric features, has limited understanding of the
scene, and is difficult to deal with complex tasks. In addition, the current SLAM application scenarios have transited from traditional
static scenes to complex dynamic scenes, and traditional methods are mostly difficult to achieve good performance due to interference of
dynamic elements. Therefore, the 3D laser SLAM technology of semantic information enhancement has attracted more and more attention
of researchers. The point cloud semantic tags are integrated with pure geometric features. On the one hand, the potential moving objects
are filtered out with semantic information to solve the problem of static environmental assumptions. On the other hand, semantic
information is used to assist the laser odometer to obtain high-precision positioning and mapping. This article summarizes the research
progress of 3D laser SLAM technology for semantic information enhancement, puts forward a general framework for this technology,
focuses on the outstanding research achievements and applications in this field in modules, and finally summarizes and prospects the
development direction of this field.
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General framework for the SIE 3D Lidar SLAM system
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Fig.2 Diagram of the Lidar coordinate system and

the vehicle body coordinate system
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Fig.3 SegNet semantic segmentation architecture
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Table 1 Single scan results of each segmented network model on the benchmark test of SemanticKITTI dataset

ik PointNet " SPGraph! SPLATNet' ! PointNet++7)  PointASNLE® PointConv'*" FusionNet! "’
Y52t 1 14.6 17.4 18.4 20. 1 46.8 51.2 61.3
SRR % - - - - - 87.1 91.2
B 61.6 45.0 64.6 72.0 87.4 88.9 91.8
NATIE 35.7 28.5 39. 1 41.8 74.3 68.4 77.1
(G 15.8 0.6 0.4 18.7 24.3 58.9 68.8
HoAth b T 1.4 0.6 0.0 5.6 1.8 19.7 30. 8
Y 41. 4 64.3 58.3 62.3 83. 1 84. 6 9.5
IR 46.3 49.3 58.2 53.7 87.9 93.1 95.3
% 0.1 0.1 0 0.9 39.0 37.8 41.8
SEFES 1.3 0.2 0 1.9 0 20.7 47.5
FEFE 4 0.3 0.2 0 0.2 25. 1 22.9 37.7
HoAl 24 0.8 0.8 0 0.2 29.2 38.1 34.5
iEEia 31.0 48.9 71.1 46.5 84.1 79.9 84.5
B 4.6 27.2 9.9 13.8 52.2 62.3 69. 8
i 17.6 24.6 19.3 30.0 70.6 60.7 68.5
A 0.2 0.3 0 0.9 34.2 46.2 59.5
U SERENEPN 0.2 2.7 0 1.0 57.6 39. 1 56.8
A 12.9 20.8 23.1 16.9 43.9 52.0 69. 4
FFF 2.4 15.9 5.6 6.0 57.8 48. 1 60. 4
SEiARAE 3.7 0.8 0 8.9 36.9 44.7 66.5




214 e M & 2

2.2 HMEEATHIER

AT AR Z SLAM R 48 U {E B3R R, K2
BT RARNGRE BT & T AE B IR BRI A #1922
W& S5t vh iz Zhoet G 3 Y A s WA 3 O T
WA SLAM 5 Z 4 5 SRR E A — g 1R 25 Bl
U DR IR OCIR | (i AHIZ 2 SLAM 5 g uE LA 52 BH e g
FER SRR A A i — S b A

TR AR BAH5R 19 3D Ot SLAM Jr & 24, fi s
T SCAy H B I 26 ] LR T 06 A2 B8 A 3 B i
MRARZE R R8s A B S 0 = B R A A
M EEYERTENS XN R RN, S S, R
TR A X RS R s B B R WO AR . IEBR IR B h iy
18 B GAT L de /N RO SC I I 3 2% ) DL B B S S A
THEOKE BE . Rk AT RO R d A S B 0B BR T K
WSS = AR T A A s T, R UER
B A OG AR T Y A Ak TR BE R SRR A —
EEOE 5 R (S S N B2 e I R O U G R B
ke 5 RGB MMLAE A, Wang %4 O T 0 B
b DX o3 M B S A IS TR, JF O SLAM 23k 11
P AL LA T G5 e T 1 R A AR R S BR A v A 7S )
INFIRRE R S T 6 K28 14 TR EZ M &
et bR, XTI E A 0~ 1, NS BIFA, W 5 FR .,
SuMa++"HERL L 7 T A gl B A KRR R T
PET, I Aol 3ok 263 St U8 i 3 A X4 (A% 3h 42 A
28) 5E M SAE, LLEE R b A LR T 00 v e b D
4 Jry i SC b 1B A R T B R = 1Y T bR
Rl RangeNet++[32] ARIERG P EXT S,
o g RS BE T S 4 SR b A T e b P P R — A T Tk
FR A5 B ) 5= 45 5 [ 0 R 48 A, 76 08 A7 it
SOE TRl S R LS R R s g
J& . T TTAE B — SO ARSI FE T LT 2 (8] A AF B —
et Horb JUAAT 2 (] ) — S0P AR by 5] — 9 R 26 A [a] 00
DR 23 1815 R — B, AL 4G A 5 o Ak ) 2 7 1) 5
S5 T S B — SCH: PR AR Sy [R) — i S X G AE AR [ U
i SR — 2Pk, Az 2%t G BB AE [R]— 7 &, X hif
M PR AT Be2s AR B AL . TR IE Rrh i 3h S
TRBT BB AE B B X G MR A B TR E L R 4,
{EXF T SLAM B35 A4S AE B i #f L 2 T R G0N 5 W
AR, AE SuMa++" FIRAE B BRAL T2 IR Y
X G B — SV AL B 42, R I T SuMa' ™ B
PRI TE 2 P A P15 TR s T T Z BT A T G M 18], SuMa+
+ R A T T R R M A RS A T IR G A — B A
TN B TR AEAG I LA 25 (] A A B A —BobE . Rl
U T L BB XS L A& 6 TR

44
s A s
MR PP &dk
Masm [\ vm Ofty 257 PEE &H%

K5 TR MR R R 2R 2k

Fig.5 Classification of environmental elements based

on prior knowledge
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