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Optimization algorithm for LiDAR point cloud registration considering
reliability of geometric features
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Abstract : Point cloud registration is a key technology for light detection and ranging ( LIDAR) positioning. To address the challenges of
the traditional iterative closest point ( ICP) algorithm in point cloud registration in scenarios with sparse geometric features and
degenerated environments, this paper proposes an optimization method for LiDAR point cloud registration considering the reliability of
geometric features. This method consists of two modules: 1) A curvature-based feature extraction module that constructs a local
neighborhood covariance matrix and decomposes its eigenvalues to calculate the maximum and minimum principal curvatures of the point
cloud, while introducing the principal curvature difference and normal vector angle to construct a curvature consistency error function. By
quantifying geometric feature differences, it effectively filters out ambiguous candidate matching points in repetitive structures, resolves
matching ambiguities under noise interference, ensures the geometric consistency of feature registration, and provides high-quality feature
pairs for subsequent registration; 2) A feature reliability-based point cloud registration module that uses three factors—feature fitting
error, local curvature, and spectral entropy—to quantify feature fitting quality, forms a unified reliability weight through a Bayesian
model, and constructs a weighted point cloud registration optimization framework based on this weight. The weight adjustment mechanism
suppresses the interference of low-quality features, thereby reducing the errors introduced into the registration results. Experimental
validation on both self-built and public KITTI datasets shows that the proposed method reduces 3D positioning errors by 47% compared to

conventional point-line (PL)/point-plane (PP) ICP methods in indoor degraded scenes, significantly improving positioning accuracy
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and robustness in challenging environments. Ablation experiments further confirm the importance of multi-feature collaborative

optimization, and the algorithm maintains optimization times within 20 ms for ten thousand-level feature pairs, meeting real-time

requirements.

Keywords: LiDAR ; ICP; robust localization; point cloud registration; geometric feature
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Table 1 Description of the self-built dataset in this paper
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Indoor test platform and equipment installation

of self-built dataset
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Table 2 Comparison of positioning errors RMSE in

horizontal and 3D directions under indoor scenes
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52l
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0.13 0.12 0.07 0.05
01
0.20 0.17 0.12 0. 09
0.19 0. 14 0.09 0.07
02 —
0.31 0.24 0.1 0.14
0.20 0.15 0.1 0.08
03
0.28 0.25 0.1 0.13
0.30 0.28 0.1 0.14
04
0.41 0.37 0.25 0.24
0.22 0.19 0.1 0.11
0.32 0.28 0.1 0.17
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WE S PR, i 2t 42 JR B0 5 JR R A0 B T 5k
ROt EME E 5(a) iR () ((e) . (d) . (e) 5T g5t
FE5101,02 03,04 Xif L[4y HLR [X 38k, #4411 7 PL-PP-ICP
R B E LI 7R B SRS & AR AR A B IR B A5 ] 28 A48
R Z) B B SR B AR 1 GFR-TCP 33036 (4 3 X 31X
R R e o 1 = VA B X T b G £ 7
JER 373 X 4k (% N 35 -01) , GFR-ICP Bk 5 B I &
BB ERT PL-PP-ICP B3k, It KA i HI7E 0.1 m
W, TEFESLE A E AL (E N5t -04) , A SC GFR-ICP
SRR AR T R B A S R4S 1CP SRR AR
eI,

- - - - Ground Truth PL-PP-ICP - - - GFR-W/O-P GFR-ICP

(a) ENEEREPILIT L
(a) Comparison of indoor full-path trajectories
15.002 -19.0 -
14.5 -19.5 -
_7-
£ £-20.0 s
S14.0 & £
- L Taos =8
13.5 i 210 3 9 i
13.0 . i i 2 i 10 /
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(b) EH-01 (c) EH-02 (d) EW-03 (e) ZEW-04
(b) Indoor-01 (c) Indoor-02  (d) Indoor-03 (e) Indoor-04

K5 ENSsE LT

Fig.5 Comparison of positioning trajectories in indoor scenes

2.2 AFHEIBERIE

SR BRI 5 M, AR SO 5T A KITTI A FF 50085 45
TR IR, B S R AR T =AM L LS 3
=, UBENREFEG, B & Velodyne HDL-64E ot
K (10 Hz) il RTK/INS 214 ST (IMU 24 10 Hz) , Af $&4it
K s A S5 BES 5,

W 3 Fras , A SCH A 1) 00,05 ,07 .09 J3 51 1 15
DX SRR s B 2 MR 5, B 2 K IR B 0 K38 Fl i
St IEAEAEZS AL RRAE EAT 1 35 25 S5 i B 4 1 i S
56, AT B A SCB K JLART 4 i ] S A4 A0 Ak D vk G vk i
5iE

FENIRZEGIT N 4 B, Hop i a4 SR DO 3k
N RIRES R UL N R FRR A S A i ) LRI 2
FERYIR T IE B8 37 56 b, GFR-ICP J7 153 5o 3 28 J LA A &
PEVEAS 7R84 N EE S %5 PL-PP-ICP B4 &%,

F3 AXATE KITTI SEiEERA
Table 3 Description of KITTI datasets selected

in this paper

HRAE BB/ m FRELES A/ R
00  3626.60 457.50 BT T 5 5
05  2203.30 287. 40 ZAE MR TE
07 692.90 112. 60 AT 23 B 8 L) 4 T
09 1702. 60 165.00  JFfe X8 55 25 4R A SRR AL I 37 55

F4 KITTI HIFREMNEMIRE RMSE £k E5
=%HE R
Table 4 Comparison of positioning errors RMSE in
horizontal and 3D directions for KITTI datasets

(m)
75 PL-PP-ICP GFR-W/0-P GFR-W/0O-L CFR-ICP
-z -PP- SFR- - SFR- -
o (RS
52|
IR =4 IR =4 IR =4 K- =4k
0.56 0.25 0.15 0.13
00
1.01 0.61 0.33 0.27
0.32 0.29 0.19 0.17
05 -
0. 39 0.35 0.26 0.20
0.25 0.23 0.14 0.14
07
0.33 0.28 0.19 0.16
0.15 0.12 0.09 0.07
09
0.23 0.17 0.1 0.11

WA 6 F7 38 3 i A7 B 0 % Lh B ik 1 AR SCH
eI S e AR F , PL-PP-1CP 33355 (i #L
WA SRR AR AR 5t B 5 R Bk T GFR-ICP B3
POl S B E R, LRk E, BT
FRAE T SEPE IO Ak R 02 5 Ak O 53 R A0E (9 249 3, 410 ) A1 3
SRR T, AT BT+ o R Ge B AR R e Pk
2.3 HRASKIE

R ERGEVAL 2 FRAE P RV DL AR L A A 8ob: , At 5T
Wit T IH RS IR L

il 7 F08 FiR BRRIE T Rlise 22 R i SIB A Rt
LG, AR T AL T AN [R) B X R IR 24 o ) R 2 e
—FEETH A S B DR i i 3052 - 92 L SR AR
534 X ( cumulative distribution function, CDF) | J it H:
Yyt il BB I AFAE L A SE B GFR-ICP 5335 % bRk
HARSP R A0, RS 2 RRAE SRR G 10 3h AP, X
P-4 I8 T PSR AE AU o PEAG A 7 9 8 5 1 L 78
YR TR SAM AR 0T 5 RRAE 20 5, #E FR AR 6 51 1 5o
ACHFIE B, fe 250 I o 1 22 B A e 5
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Fig. 6 Comparison of localization trajectories on various KITTI datasets
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Fig. 9 Comparison of time consumption for various

across sequences in indoor scenes
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