Ha45% H12 W &/ L F O M Vol. 45 No. 12
2024 4E 12 H Chinese Journal of Scientific Instrument Dec. 2024

DOLI: 10. 19650/j. cnki. ¢jsi. J2413302

EFpXHmEELRN LIDAR/IMU CEREAME L

5 BER B x| E EME, TR
(R RFALEBA S TRERE Al 210096)

& R EA DG E R 0 B kA T P AT EL A AT 2 b A I R, B T e e 2 R A O R B T B
(LiDAR/IMU) & Ve e Ak . 858, A2 B AL B0 A 1] HE B 340 i 2 et Ak B 8 23 W i B sk b PR 5 L vk 3l it
SNl AR T % LA TR R A B b Gt B A ISR Al T [RIB X B3O TR 4 W e o 5 7 ol LA i
XoFttz g R, 51 IMU R 2307 125 8 e e v B SRS A T 00, DA vl 20 B o A e 1 6 AROVCB B , 3 F B T Rl
B ROCHERRTTEF M IMU WA HF, SEBE B R AR A MG 1T, 78 KITTT $dl4E | 520 2= Py A8 R B 28 AR el IR Y SE &%
TR, TR R B ph 2 b I N TE o P ARG TR 40 0 = b IR o] i 879% , SE B it AL A b T 36 7% s 78 KITTT a3 4
PRI B ik B e BE A 02 E RS FE AT F A48 NDT BE3R3R TS 1 43. 4% ;51 A IMU J& , % RlA 551 1 0K BE AR H NDT-IMU 353412
1T 60% ;£ 5 PR SR SN EICHE i B E TSR AR /N R T DR 9SS e SR ) . RIS AR AR IMU 5 A4S
I e 22 i ] P VA AR S R Rk 2> | S8 S8 4R T 1 R DG P 7 A S e

KA U RAE R R R Je s b 1A 5 D R o7

RE4 S TP242.6 TH76 XEFRREE: A EXREERSEKRD: 510.80

LiDAR/IMU matching localization algorithm based on implicit neural map

Gao Wang,Zhao Heng, Liu Hong,Pan Shuguo,Huang Feixuan

(School of Instrument Science and Engineering , Southeast University, Nanjing 210096, China)

Abstract: Aiming at the problem that existing matching localization algorithms rely on high-memory and dense point cloud map, a light
detection and ranging (LiDAR) /inertial measurement unit (IMU) matching localization algorithm based on an implicit neural map is
proposed. Firstly, a lightweight and high-resolution implicit neural map is constructed using a shallow perceptron to predict the signed
distance field. Secondly, low-frequency state estimation based on the lightweight implicit neural map is realized through a point and
implicit neural model registration method. Meanwhile, to address the challenge of handling aggressive motion during single LiDAR
implicit registration, an IMU pre-integration method is introduced. This provides predictive state estimation for implicit registration,
reducing the number of iterations required during the registration process. Finally, robust high-frequency state estimation is realized by
fusing the LiDAR odometry factor and IMU pre-integration factor based on the factor graph. Experimental results in the KITTI dataset, as
well as in real-world indoor corridor and outdoor campus environments, demonstrate the effectiveness of the proposed algorithm. The
memory usage of the implicit neural map is reduced by 87% compared to traditional point cloud maps, enabling a more lightweight map
representation. In the KITTI dataset, the proposed LiDAR implicit registration algorithm improves the positioning accuracy by 43. 4%
compared to the traditional normal distributions transform (NDT) algorithm. Furthermore, the fusion algorithm, which incorporates IMU
data, achieves a 60% improvement in positioning accuracy compared to the NDT-IMU algorithm. The centimeter-level real-time
positioning capability of the proposed algorithm in small scenes is also verified in both practical indoor and outdoor campus. Meanwhile,
analysis reveals that the integration of IMU significantly reduces the computational time required for implicit neural map registration,
effectively enhancing real-time localization performance.
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General framework of LIDAR/IMU matching localization algorithm based on implicit neural map
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