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Abstract Traditional light detection and ranging (lidar) loop-closure detection algorithms are greatly interfered with
by dynamic obstacles, and key-frame search and feature matching take a long time. In response, this paper proposed
a less time-consuming SR-Context lidar loop-closure detection algorithm with stronger robustness based on the
multiple-features random sample consensus (MF-RANSAC) algorithm and an improved ScanContext algorithm.
Firstly, the region growing algorithm was used to cluster the point clouds that had undergone fan-shaped
rasterization. Then, an MF-RANSAC algorithm was proposed to eliminate dynamic targets quickly. This algorithm
was based on multi-point selection in a dynamic region and query of corresponding points with multiple attributes
rather than target recognition and tracking. Finally, the ScanContext algorithm was improved by simplifying the
feature matching calculation and deleting the loop-closure historical matching frames. Loop-closure detection of the
point clouds of the current frame after elimination of dynamic targets was thus achieved. Tests were carried out on
a KITTI dataset and a real vehicle dataset. The experimental results show that the proposed method delivers quick
and accurate loop-closure detection in dynamic urban environments and thereby improves lidar mapping accuracy.
The average time it takes is only 40% of that of the ScanContext algorithm.
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Fig. 5 Schematic diagram of corresponding point query
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Fig. 12 Precision-recall curves under real vehicle dataset

2228002-7



%41 3% F 22 /2021 £ 11 B/RZFFR

HH MF-RANSAC BCH#ESA , 83 8 245 X 2 5 1
HRURN 22 g 2 40 6 7 055 118 Oy =X PRl e 3 26 B 1 40 4
FH SR . 5 ScanContext B 47 [ , A SCHE 32 fif
T A B bR TG ] A il 2 AR R SE AR T
SEBR I TTERBE T P PRI A o . AR Y AT
B 3 S AR A A A e A I B I R R 2R A
SURERT  WERG R A BT W (05 53 bR AL A L A
SCAR AR T ity 26 v B S5 P SR A RS 32 SR £

== -SR-Context
s i —ScanContext
Vi M2DP

0.6 @

g 05
50 .
g 4 /
%) /
§0.3 N
5020 i /
(=) J

0.1

7~ '

f ' M2
/ '
/

0 Ve SN N
0 5 10 15 20 25 30 35 40
Path length /km

5.3 WHEEHSTHAREN S

g T B M o3 B S BRI T 3 5 R DA B AR T A%
F AR ICEE A RS X H R IR, 43 54 SR-
Context,ScanContext P4 & M2DP &k, 5 NDT &
B AR ALE AR &5 & 52 B0 A IR 0 AR R O
T HAE . e A, =R L B R iR
2 BB R A B A E 13 s, HAES — Wl
WO )E AR R 2E G A R R 1 s,

1.8 b) - --SR-Context
1.6 o —ScanContext

_ 1.4
C12
-

o

£ 1.0
; 0.8
Z06 )
04r m
0.2 4

0 s ‘~_ e S=ad it
0 5 10 15 20 25 30 35 40
Path length /km

K13 &RRREN LK, (BEB R (b il =2

Fig. 13 Error comparison chart of each algorithm. (a) Distance error; (b) yaw error
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Table 1  Statistical results of errors of each algorithm after the first loop optimization
Distance Yaw
Algorithm Average Maximum Mean standard Average Maximum Mean standard
error /m error /m deviation /m error /(%) error /() deviation /(%)
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Fig. 14 Leaving scene M1. (a) Dynamic target tracking result; (b) ScanContext feature map; (c¢) SR-Context feature map
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Fig. 15 Returned scene M2. (a) Dynamic target tracking result; (b) ScanContext feature map; (c¢) SR-Context feature map
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Table 2 Average running time of different algorithms

KITTI dataset

Real vehicle dataset

Algorithm Getting Searching candidate

descriptor /ms frames /ms

Feature

matching /ms

Getting Searching candidate Feature

descriptor /ms frames /ms matching /ms

SR-Context-10 23.9 13.2 4.8 27.1 15.4 5.7
SR-Context-50 23.9 30. 3 19.5 27.1 37.1 24.2
ScanContext-10 22.5 23.3 35.5 25.2 26. 2 38.1
ScanContext-50 22.5 107. 4 148. 6 25.2 115.7 151.5
M2DP 23.4 2.2 2.6 24.7 2.7 3.1
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