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Abstract: Traditional Iterative Closest Point (ICP) algorithms are susceptible to local optima and sensitive to initial
pose when applied to large-scale structured scenes, such as underground tunnels, due to their repetitive geometric
features. To address these challenges, this paper proposes an efficient two-stage point cloud registration framework.
In the coarse registration stage, an improved Sample Consensus Initial Alignment ( SAC-IA) algorithm with an
enhanced keypoint sampling strategy is introduced to rapidly obtain a globally optimal initial pose from the
downsampled point cloud. Subsequently, the fine registration stage employs a novel multi-dimensional weighted ICP
algorithm. This algorithm integrates Euclidean distance, normal vector angles, and curvature information into a
comprehensive geometric objective function, effectively reducing the mismatch rate in the planar regions of tunnels.
The proposed components were individually validated on the Stanford public dataset. Results show that the improved
coarse registration algorithm increases computational efficiency by 44. 1% over the conventional SAC-IA, while the
geometry-based weighted ICP algorithm improves registration accuracy by 23.81% and reduces computation time by
25.9% compared to the traditional ICP. Comprehensive experiments on real-world tunnel point clouds demonstrate
that the proposed framework significantly outperforms traditional methods, improving both overall accuracy and
efficiency by over 20% . Furthermore, compared to mainstream deep learning methods, this framework obviates the
need for high-performance GPUs. It achieves a several-fold increase in processing efficiency on a standard CPU and
delivers more robust registration results in realistic tunnel scenarios. Ultimately, this framework provides a highly
efficient solution for automatic point cloud registration in large-scale structured environments, fully satisfying

industrial demands for real-time processing and lightweight implementation.
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algorithm
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Fig.2 Comparison of downsampling results on the Stanford dataset
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Tab.1 Comparison of results from different downsampling methods
Original Improved Uniform Random
Model
point cloud  voxel filtering sampling  downsampling
Bunny 40 256 7813 8192 8 051
Dragon 41 841 8 121 8 515 8 368
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Fig.3 Registration results of Bunny under different coarse alignment algorithms
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Tab.2  Experimental data of coarse registration on the Bunny dataset

(RS RMSE/ (10 ~° m) t/s
SAC-IA 6.2 0.762
FPFH 6.4 0.512
PCA 16.8 0.572
4PCS 13.9 0.536
Proposed method 5.4 0.426
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Tab. 3 Registration performance under different weight

combinations on the Bunny dataset

WEMNE g mzE #i% RMSE/(10 °m)  Affal/s
A 1 0 0 4.2 0.845

B 1/3 1/3 1/3 4.0 0.736

C 0.5 0.40 0.10 3.8 0.702

D 0.5 0.30 0.20 3.4 0.648

E 0.5 0.20 0.30 3.6 0.649

F 0.4 0.50 0.10 3.9 0.701

G 0.4 0.10 0.50 4.1 0.784
Hi&ERM 0.5  0.25 0.25 3.2 0.626
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Fig.4 RMSE comparison under different weight combinations
on the Bunny dataset
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Fig.5 Comparison of registration time under different weight

combinations on the Bunny dataset
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Fig.6  Registration results of Bunny under traditional fine registration algorithms
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Fig.7 Registration results of Bunny under deep learning-based algorithms
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Tab.4  Experimental data of Bunny using traditional fine
registration algorithms
(=R7S RMSE/(10° m) /s
1cp 4.2 0. 845
PICP 4.1 0.875
GICP 5.2 21.785
VGICP 7.8 1.260
Proposed method 3.2 0. 626
* 5 Bunny REZFIEESEHIE
Tab. 5 Experimental data of Bunny using deep learning
registration methods
/s
7R RMSE/ (10 ~° m)
CPU GPU
PointNetLK 3.4 8.52 0.85
DCP 3.1 10.15 0.58
DGR 3.0 12.61 0.43
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Tab.6 Basic parameters of the LIDAR sensor

HRKIEE/ m OB/ nm DNEEAE L/ em

PR/ (8- s7)

W/ (°)
GIVERED]

RE T

240 905 +2

240 000

70.4 x77.2 70.4 x4.5

4.2 BEHETLIE

BOCTR IR R E ARG 0% TSN =5
it o At ROS il B 2 it 46 U5 0 2 2, B T
12 ~ 15T5A R, AR RCR I S U Sk Aa da | e o
SEas e R B 50 WA PR A S < E T AR EE BT
I A%, 6 B rh A A 22 B AR M A5 R 1R
25 F BN o SGBEH 18 B LI 45 (] 8 ) |, ax gk

(a) fHALE

G e 2 SR WC RS 2, I 8 AR5 2 A 4R A X i
RVEBCRIRRAEYE . O i, BCE AR GE T B A A 1

[%: ( statistical outlier removal, SOR) 77 ¥ Xf 5 = 47
AL, 25 R ANIE 9 Frow , W] LA B, AR 18 N S Y g
KB LR ARERTE Tt vl o e 22 s =i
TS AL B AT 5E A9 500 kAt

(b) IEFLE

E8 #EEER=A
Fig.8 Raw point cloud of the tunnel
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Fig.9 SOR denoising of tunnel point cloud
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Fig. 10 Voxel downsampling of tunnel point cloud
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Tab.7 Number of tunnel point clouds after preprocessing

M JFIASE SOR EME S KR T REE A
= 134 072 130 138 63 264
Hizmi s 133 668 125 873 62 906
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Registration performance under different weight

Tab. 8

combinations on tunnel data

WEAA R kmE fi% RMSE/(10°m)  BffE)/s
A 1 0 0 41.3 21.34
B 1/3 1/3 1/3 37.8 21.12
C 0.5 0.4 0.1 35.5 19.31
D 0.6 0.3 0.1 36.8 20. 18
E 0.4 0.5 0.1 30. 1 18.89
F 0.5 0.2 0.3 39.8 20.16
G 0.4 0.4 0.2 36.6 19.84
Hi&ER; 0.3 0.6 0.1 27.2 18.66
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Fig. 11
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RMSE comparison under different weight combinations
on tunnel data

22.0
21.5} 21.34
21.0¢
20.5¢

20.18
20.01

t/s

19.5¢

19.0¢

18.5¢

18.0
A B CcC D E F

WEAA
B 12 HTEHEFETARNEASHEEFRTEE

Fig. 12 Comparison of registration time under different weight
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Fig. 13 Overall tunnel contour after registration
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Fig. 14 Inner wall of the tunnel after registration
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Tab.9  Performance comparison of different traditional registration

algorithms for measured tunnel point clouds

Bk RMSE/(10 % m) /s
SAC-IA +ICP 18.34 106. 880
NDT + ICP 20.61 42.266
FPFH + ICP 33.64 111.929
ISS + ICP 26.75 275.333
RANSAC +ICP 28.96 93. 862
Proposed method 14.22 33.206
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Tab. 10

Performance comparison of different deep learning

registration algorithms for measured tunnel point

clouds
.. t/s
Hk RMSE/ (10 ¢ m)

CPU GPU
PointNetLK 15.12 205.4 45.8
DCP 14.96 260. 8 35.2
DGR 13.86 291.3 40.6
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