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Fig.4 Experimental robot platform
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Fig.5 Long corridor environment
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rh ok R S 0 45 SR ) ORF R T R AL BT Sl i B X6
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CloudCompare #/M15. WEl 6(d)~(f) FT7R, A-LOAM
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(a) A-LOAM 53 SE a0 25 R A IR AL 141
(a) Top view of experimental results of A-LOAM algorithm

. 461773

11 %04 75. 444611
019241 [iV 041 75. 461769
609228 VA 1.609343

(b) LIO-SAM .3 S50 25 S IR IE]
(b) Top view of experimental results of LIO-SAM algorithm

Distance: 76657387
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(c) Top view of the experimental results of the method in this paper
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(d) A-LOAM F3k S50 24 S i il 4L 1]
(d) Side view of experimental results of A-LOAM algorithm

(e) LIO-SAM ik e B2 4 il e el
(e) Side view of experimental results of LIO-SAM algorithm

() SO ISR A R A AL ]

(f) Side view of the experimental results of the method in this paper

& 6 kst b ar gy

Fig.6 Algorithm comparison experiment

% 1 A-LOAM, LIO-SAM 5 3¢ J5 ik i 52 56

S5 b R A3 (18) 5 Sk g K R

th, OB R R By R A AR R AR B, RS

A R B . SO O AR OE IRIB A e

Yy st IR A 5 99.71%, BT RS FE MR 2 0.12 m,

# A-LOAM, LIO-SAM 43 AlFAIE T 91.04% F197.37%.
® 1 EiRMERERTEE

Tab.1 Algorithm performance comparision

Item Proposed LIO-SAM A-LOAM
Odometry drift/m 0.12 1.34 4.56
Scene restoration degree 99.71% 98.25% 94.06%

2.3 [EIREN KL
23.1 = AR

N3 2 B/, SLAM [ BRAG 4 fl == %2 8 HH v
1% (precision) FIE M1 (recall)'” X IS E0ITAl

R 2 OIS

Tab.2 Evaluation parameters of loop detaction

Algorithm/Fact Loop closure Not loop closure
Loop closure TP FP
Not loop closure FN TN

YA 38 3R BT AT 1 ARG 1 A ) 2 v LS (1] R )
AR, A ] 3R 7R B A LS (] B Hp gl L At A 0 3 4 4

K NV F
TP

precision = TP EP (19)
TP
recall = (20)
TP+TN

232 ©IRKEN LR E S

SC Y [E]EAG I S R ) E AR A, A-LOAM 5
PTG A KA B, SCH k5 LIO-SAM 1Y [l 3k
DS S5 N2 3 o o a4 i g P13 BT Y 3
T o B AR AL RN, 0 ol e B = A AR I A R
P 212X LIO-SAM B33k 5 S Jy v iy [l B4 A 4
fiE, bk o B SR, B (A L 20 /> Eicala AR 1A 7
o DS R R, B m o R TR AL 1 AN W

& 3 EIMEMEERITEE

Tab.3 Comparison of loop detection results

Proposed LIO-SAM
Drift/m
precision recall precision recall
0-5 20/20 20/20 20/20 20/20
5-10 20/20 20/20 14/14 14/20
10-15 19/19 19/20 4/4 4/20
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T, LIO-SAM B3 [nl FRAG T (14 43 Te1 3 FH - 100% 3% 377 [
IR Z 20%.  7E Tl A2 (] 20 00 0 1 55 100% 11 4% 14
T, SCH TR UG 4 A ] A7 BRI RS R M A
JIN, HXF LIO-SAM 23 V- 354 B 35%.
24 RIFHEFELE

B PRHUIE I S i an 7 TR, B 7(a)~
() R 7> H A 8 38 1) e % B 4 4 IR A-

LOAM, LIO-SAM F13C 1 J5 vk S i gt Rl g 45 5 . B
T e B 13 T, A-LOAM 435 (14 iy ot LR e
RO B, 7= AR B R o 4, 2 IR 45 SR b S S
. LIO-SAM FI 3L J5 1 - b v A 1 o i ok o 4
Tt ok 5, 2 R 45 SO0 R, B A R T
Yysc i U5 B o FE P EUiE % 3 5, FIHT IMU FRFR
Sy EERAERAME, ST RGAR

(a) POHTE L ot — IR s R

(a) Experiment results of fast rotating scene I

(b) P 7 5 — Rk SR A5

(b) Experiment results of fast rotating scene 11

(c) TR 737 — S 2 AR

(c) Experiment results of fast rotating scene I11

(d) PR e 7 5 I SR 4G

(d) Experiment results of fast rotating scene IV

(e) PR

(e) Experiment results of fast rotating scene V

TSR AR
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(f) PR et e N LR 2k
(f) Experiment results of fast rotating scene VI
[ 7 el b S A R T
Fig.7 Comparison of experimental results of fast rotating scene
5 BITREILEXE A8 B [ ARSI T 3, 4 g (] ERAGL I 4 [0 3, RIE

ECH B BE4E |, AALOAM, LIO-SAM Al
SCHR T R R BT Y S AT R AN EE 4 R

& 4 BWUETTRE XL

Tab.4 Comparison of single frame run time

Dataset A-LOAM/ms LIO-SAM/ms Proposed/ms

Long corridor 224 12.2 13.4
Fast rotating scene | 139.2 67.6 67.8
Fast rotating scene 11 99.6 58.3 58.7
Fast rotating scene II1 114.7 57.1 57.6
Fast rotating scene IV 92.0 58.1 58.5
Fast rotating scene V 198.2 63.6 64.0
Fast rotating scene VI 294.4 57.8 58.1
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I A0 e A 2 6 [ R, 2 18—l o ) oA S 3 355
(1SRG 0 SLAM Jr ik, SR SR Al & 07 =X, Al
FH LIDAR B & IE IMU Z 4, {8 1 IMU 8 424t
A BT B o BT LiDAR BT e L
W, SR G AR A O, Al e U LR T S MU
B, ST R G Rt . B I KRG B

T HL B AR — Btk . SO TR EEROE IR T
S0 J5RE IR B 99.71%, 7 T 2 8] B4 A6 ) o B %
100% [ 214 °F , 4 ] %54 5] 98.3%, # LIO-SAM &
%%ﬂ%%%%o%ngﬁA§%E£%%F¢
S5 R PRI R 2 1 ) B, 3 T = AR il
iRl FEA GRS IUF:/ 8
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Tightly coupled LiDAR SLAM method for unknown environment

Li Ronghua, Qi Yufeng, Xie Hui, Han Xingyuan
(School of Mechanical Engineering, Dalian Jiaotong University, Dalian 116028, China)

Abstract:
Objective Three-dimensional lidar is widely used in simultaneous localization and mapping (SLAM) research
due to its accurate and reliable measurement performance, and has achieved fruitful results. However, in the scene
where the geometric features such as long corridors and tunnels are not rich enough, the point cloud registration
will have an additional degree of freedom in one direction, and the laser SLAM based on the point cloud
information will degenerate, resulting in the failure of robot positioning and mapping, which will lead to the
failure of subsequent navigation tasks. That is to say, when moving along a long corridor, the laser point cloud
obtained is the same, which makes the matching algorithm unable to accurately estimate the motion in this
direction. And in the conventional environment, the accumulated error of the front-end odometer increases with
the increase of the scene. The loopback detection method based on the Euclidean distance of the traditional laser
SLAM algorithm has the problem of missing detection and cannot eliminate the accumulated error of the front-

end odometer. For this reason, a close-coupled laser SLAM method for an unknown environment is proposed in

this paper.

Methods
IMU bias, and provide high-precision prior information for the LIDAR odometer. Secondly, the LIDAR odometer

First of all, a close-coupled framework (Fig.1) is used to fuse LiDAR and IMU information, correct

Jacobi matrix is calculated, the environmental geometric information dimension is detected in real-time, the wheel
odometer and IMU data is integrated, and the freedom of LiIDAR odometer is compensated. Finally, in view of the
loopback detection method based on Euclidean distance that has missed detection due to the accumulated error of

the odometer (Fig.2), a variable-threshold loopback search model is constructed, and the corresponding threshold
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key frame information is analyzed by different registration methods to improve the loopback detection recall rate
(Fig.3).

Results and Discussions A-LOAM, LIO-SAM and the method in this paper are used to test in a 76.78 m long
and 1.85 m wide corridor respectively. The corridor is flanked by large white walls, with high scene repetition and
fewer geometric features in the direction of motion. In the long corridor degradation scenario, the scene
restoration degree of the method in this paper reaches 99.71%, and the odometer drift is reduced to 0.12 m, which
is 91.04% and 97.37% lower than A-LOAM and LIO-SAM, respectively (Tab.1). In addition, the data sets with
three drift thresholds are selected, and 20 data sets are selected for each threshold to test the loopback detection
performance. Under the condition that the accuracy of loopback detection is 100%, the recall rate of loopback
detection is 98.3%, which is 35% higher than that of the LIO-SAM algorithm on average (Tab.3).

Conclusions In this study, a close-coupled laser SLAM method for an unknown environment is proposed. This
method uses a tight coupling framework to improve the efficiency of sensor information utilization, and can detect
the geometric information dimension of the environment in real-time. In the environment of fast-rotating scenes
and missing geometric information, it can still achieve high-precision positioning and mapping. A variable
threshold loopback search model is builded, which can maintain a high loopback detection recall rate in large
scenes. The position and posture of historical frames are corrected, and the global consistency of the map is

ensured. The proposed method is proved to be robust and accurate by many scene experiments.
Key words: LiDAR SLAM; long corridors;  degraded environment;  tightly coupled;  loop detection
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