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Adaptive Multi-scale 3D Point Cloud Registration Network for
Autonomous Driving

WANG Lin,HAN Dong,HAN Jinyi, CHEN Shengmei,LIU Cheng
(School of Electronic Information, Northwest University, Xi’an 710127, China)

Abstract: To address the problems of sparse LiDAR point clouds, ambiguous features, and mismatches
of keypoints caused by low overlap in intelligent driving scenarios, this paper proposes an adaptive
multi-scale 3D point cloud registration network for intelligent driving. First, the network employs an
adaptive multi-scale feature extraction module to obtain multi-level features of sampled points,
combined with an adaptive neighborhood stabilizer for precise keypoint localization, thereby resolving
matching difficulties caused by feature ambiguity. Second, by integrating multi-scale feature matching
consistency with geometric consistency verification, the inlier confidence of point pairs to be registered
is improved. Finally, based on this confidence, a coarse-to-fine iterative optimization strategy is adopted

to achieve accurate 3D point cloud registration. Test results on the KITTI dataset demonstrate that the
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network achieves a relative translation error as low as 0.0618 m and a relative rotation error as low as

0.21°, with a registration recall of up to 99.8%. Results on the nuScenes dataset indicate that with inter-

frame distances of 10 m, 20 m, and 30 m, the registration recall reaches 90.1%, 83.3%, and 78.8%,

respectively. These findings validate that the proposed network effectively suppresses mismatches in

complex road scenarios, achieving high-precision and highly robust large-scale 3D point cloud

registration. This research meets the practical application requirements of dynamic and complex traffic

conditions, providing reliable technical support for precise localization and environmental perception in

autonomous driving scenarios.
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Fig. 1

Overall model structure of AMS-Net
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Fig. 2 Structure of multi-scale feature extraction module
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Fig.4 Structure of feature descriptors
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hierarchy on registration performance
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Table 3 Comparative experiments of

the KITTI dataset
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Table 4 Comparative experiments on the nuScenes datase
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Ry /M | Reopi /(°) | Rpp /% | Rpgp /M| R /(°) | Ryg /% | Ry /M| Ry /(°) | R /%

FCGF 0.35 0.51 71.5 0.75 1.85 62.8 0.78 2.04 50.7

CoFiNet 0.49 0.84 57.3 0.64 1.04 53.0 0.60 1.68 66.2

PREDATOR 0.35 0.57 79.5 0.57 1.88 50.4 0.67 2.16 56.4

PointDSC 0.40 0.67 75.7 0.74 1.76 70.2 0.86 1.92 59.4

GeoTransformer 0.35 0.51 89.9 0.49 0.73 76.7 0.50 1.09 69.0

TurboReg 0.46 0.78 89.1 0.84 0.97 83.6 0.79 1.26 68.2

FLAT 0.47 0.94 80.3 0.57 1.69 66.5 0.76 1.88 58.4

AR 0.32 0.48 90.1 0.48 0.75 83.3 0.67 1.03 78.8
K7l 7k nuScenes BdlifE LRUXS L SSHEE . RSO LR ot ] 7 R A

SEERRECMESS R AT, BTN B E K
U7 1 i [A] R B 430 2 10, 20 130
m 5 T I BCHERCR o FEE]FE 10 m
PG N, XF A 2R B AERR
B SRS s 07 [, e o ] 25 g 34
K, XFEEITEE LT I A X S 2
ZLEAMEDR I P45 H4 I B8 ) I 2515 22
A SCREAE A B R Y5 76—
e i 5 bR =i s my XY,
S SUE e Sk S S A RTAL
25, MM UE 7 HBCHERS B 5 Sk .

3 #it

ARSI ) [ B SO I R S
MEAESs, SX sl iE s b =4k

SHOCH T IRICHC A S, B T T
BIREZB B [ 15 N 22 R = 4 o T
P2 T2 43 5k 22 ROBERPAE DE L — 30
PEGIBRAM S, R A 38 N 22 RO RRAIE S
YRS AR RS S AR PR AR AR E ORI 5 T 1Y
BRVCHD, 38 fl SRR S L 208, W
TRV AL, AR P AR o
FURE %A 8 B RS B RCHE . 7F KITTI
BHRE I, BCHEIR2E Ry 9 0.061 8 m,
R 7 0.21°, RN 99.8%. 7FnuScenes
V& OHEyN T ER 7750 N 1R TN
20 F130 m [ Rere 73991 0.32 m, 0.48 m
F0.67 m, R 73914 0.48°, 0.75° 1
1.03°, Ry 73 ilkasE 2 90.1% . 83.3% Fl
78.8%. LHGLEFUEM, PRI =4S



T FR, 55 TR BB BI A 1G22 R =4k 55 A CHER 45 15

PCE R 45 AMS-Net BRI A RIZM N = FEFHE I B 00 i B
Z USRI RIS, RSt SRz,

b7

=

BoJ g § " E 3 . g g
42 {‘-‘.T"" d J@ < ;T,fv!-&;{.i. 'f"x:" iﬁ Ly @” < y!:%g
5/ 2 odt

LR TN TR o "W TR TR TR

B 6 KITTIHHE & Ea) i g2 Rad
Fig. 6 Comparison of registration results on the KITTI dataset
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